
'- ' 

actual traj ct 1 

- - - ► training traj ctory 

Fig. 5.19 AcLual and Lraining traJ ctories u:ed in a simulation 

along the ame traj c1ory but at t e the ·pc d g nera1 s a sequ 'llC of irmge: ilh h 11 • h 1• h 1. • .•• 

ct the ampling points. inc ach or Lh sc sampling points occupi s a differcn1 location in 

·pace. object moving at diflcrclll ·pccds give ri ·c 10 sequences of image: wi lh considcrahl spatial 

difference bctwc n them. c en though tl1ey mov along Lh same 1raj ctory. As a rcsu ll . it i,; possi -

bl to tun v ral temporal modul . 10 classify th objec1s· movements along the same trajcctor 

according to speed. 
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a, (t o) 

a3 to+2T) 

a5(to+4D 

a 6 to+5T) 

Fig. 5.20 An object moving along lhe ame trajectory but at different speed . 

5.8.2. Slightly Altered Trajectories 

The pcrfom1ancc of a motion detector trained to recognize the movement of an object along 

diff rent trajcctorie · i · evaluated in this section. A motion detector wit11 four temporal module has 

be ·n i111ula1 d and t stcd, witll each module trained to recognize the movement of an object along 

a c nain traj ctory at a ·peed of 8 pixels per unit time. We shall refer to these trajectories as trajec­

torie I. 2. 3. and 4. as shown in Fig. 5.21. The size of the moving object i 8x8 pixels. 

Fig. 5.22 giv : th rcspons or Lhe motion detector with all four modules interconnected 

\ h"n a random-dot pa1tcm itll U1 siic of 8x8 pi els move along trajectory 1. Output I ·how 

the gm lual rise in Lh output of the modul trnined to recogniz that trajectory. The module begins 
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to be activated at about Lhc 3rd ample and its output rises above 0.8 after the 6th sampl , which 

indicate that the module has recognized the trajectory. Outputs 2, and 4 show the hchavior or 
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th' oth ·r 3 niodu1t:s 1raincd to recognize trajectories 2. • and 4. re ·pccti· ely. The output of 

modules 3 and 4 stay below 0.1 most of the time becau e trajectories 3 and 4 arc differ nt from tra­

jectory I . However. th output of module 2 increases gradually until the 6th ample, and then 

d crc,t'> s slowly the rest of the time. Th reason for thi behavior is that the fir t few images of the 

motion s quencc for trajectory 2 arc quite similar to those images for trajectory I. The output of 

modul 2 would hav continu d 10 increase, but it begins to deer ase after the 6th ample due to 

the inhibition from module I. 

The compcti tiv interaction bctw en the module · to become a winner has a sLrong influence 

on th final output of a modul . In order to rea h a better understanding of the ensitivity of the 

cJ 1cctor to position rror w will examine the r ·ponse of one module with no inhibitory input 

from oth r modul : . 

To d t nnin the toleran of a module 10 recognize the movement of an object along a dif­

fer nt traj c1ory from 111 training trajectory. a sl ightly altered trajectory is u ed. as shown in Fig. 

5.23. As before. t11e com rs of a test trajectory represent the sampling points. For each comer on 

th training traj ctory. four points arc defined. each having a po itional error Z. A test trajectory i 

gen rated by nmdornly s lecting on of the four ampling points for each comer of U1e trajectory. 

A training trajecLOry with N training points would re ult in the generation of 4N te ·t trajcc­

tori s. It would be cry expcn ive in computation to perform the tolerance test on all po sible tra­

jc<.: turic:. Inst ad, a limit d 1 ·t was pcrfonned. in which the average output of a module for 10 ran­

dom sampl s of the test trajectories was u ·ed. Th ·olid and dashed line in Fig. 5.24 depict the 

a rage outputs of two t mporal modules at the end of 10 time amplcs for different value of the 

posi tional error Z. T\ o other module w r tested and gave similar results. The imulation result 

shm that the d t tor can r ogniz.c traj ctorie wiUl positional error of up to 7 pixel • without too 

mu ·h dct rioration in pcrfonnancc. Th modul fail · to detect the al tered trajectory once the posi­

tion rror Z is grcat" r than 9 pi els. 
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Fig. 5.22 Respons of motion detector to am vin, object. 
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Fig. 5.23 Training and test trajectories used in a simulation 
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Th reforc. th abo ere ulL clearly show that a trained network can still recognize lhe motion 

of an object moving along a slightly altered trajectory. It is important to note that the result 

prcscn1cd in the Fig. 5.24 wi.ll still be true when the modules are operated in a winner-take-all 

fashion. a. long a-; th traj ctorie. are far aparl and do not interfere wilh each other. Otherwi e the 

re ' Ult is no long r tru . 
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Fig. 5.24 Average outputs f two temporal modul s shov n as solid and dashed lin ·s 
versus position error Z from its training trajectory. 

5.8.3. Objects of Different Physical Sizes 

IJ-t 

A motion detect r is trained to r cognizc th movement or an object of c nain physical siz,· 

along a particular traj ctory. Thu'. it is imponant to know th sensi tivit y or Ut motion d 1 ·ctor to 

the movement of objects with ph ical ·izc different from the training si;,c. 

The motion d tcctor from th previous s ction was train d 10 r cognize th motion or a 8)(8 

pixel object aJong 4 different trajectori s ·hown in Fig. 5.21. o . tn study the eflect ol object 

ize on the pcrfonnancc or the d tcct r. objects or different sizes moving along th s trnJ ctori s 

are pre nt d. 

Fig. 5.25 pre cnts the average output of two of the tcmpoml modules ali a function ol obJcct 

ize. The ·imulation result h w that a module can detect the movement of any object with a s11,c 

between 3x3 and 14x l4 pixel ·. The other t o modules were tested and ga c a simi lar output 
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response to obj ct size. Comparison of Fig. 5.25 with Fig. 5.9 show· that ·imulation results derived 

front a larger n twork fit the result from the pcrfonnance study presented earlier. The e figures 

indicate that U1c detector i not ensitive to Ule motion of an object whose size i slightly differer t 

from th training size due to the blurring action of the summers. 

5.8.4. Partial Sequences 

The simulation results pr sented ·o far assumed that a complete equence is always presented 

to Ule motion dct ctor. Howev r. · quences encountered by a detector are quite often partial 

s qu nee .. A partial sequ nee is regarded as a fraction of a complete correct equence containing 

all the images belonging 10 that part of the sequence. A partial equcnce may be embedded into 

random sequence ·. and it may start at any time. Therefore. the system should remain in the reset 

A vcragc output 

1.0-r------=::-=::~::::::-:=----------, 
0.9 
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0.7 

0.6 

0.5 
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0 .. 
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o.o~--...----.-----.--.----r-----.-----.-----.----.-----1 
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Physi al ize (pixels) 

Fig. .25 Average outputs f two temporal module · hown as solid and dashed lines 
rsus th size of an obj ct 
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Late during a random input equ nee. As ·oon as the beginning or a pnniaJ sequence appears at 

the input. the ·ys1em should exit the r s t • uu and ·tart th recognition process. Th d ·te ·1or 

should be able to recognize sequcnc s and gen rate an output m indicat ~ thai onl a pan of t1ll' 

equence ha been encountered. 

To check U1e ability of a temporal module 10 recognize a pariial scqu n · '. a s ·qu 'ncc is used 

that con ists of a random sequence, followed by a correct partial ·equcm: >f ·tr ing length and 

finally a random sequence. The test is perfonncd u11cter Ole condition that th· object si'lc is k ·pt 

Lhe same as Lhe training size and the object move along the 1rainin , trajcciory. partial scqucn c 

can belong to any part of a correct sequence. H nee. a module was test d with partial scqu ·nccs of 

different lcngU1s taken from a correct sequence at random . Al the nd or the live tests. an av ·rage 

output wa obtained. Fig. 5.26 ·hows Ul average output · or two t mporal mo Jules \! h'll partial 

sequence · of different lengUl , arc presented. The simulation results indk111c that the d tcctor 1s 

able to recognize partial sequences comprising more Ulan 50o/ of th i111ag s i11 :1 compl ·t 

sequence. The detector fails completely when lc 'S than 30?i or a comp! te scqucnc is prcs~ntcd. 

The re ult in Fig. 5.26 can be explain d as follow ·. ach tempontl module has he ·n train ·d 

to exan1ine a minimum of 40 '½ of a corre ·1 s quencc befor an output of I is g n rat ·d at the 

re uJt node. As a result. when Jes · U1an 30'½ of a complete sequ m; is pres 'Il l d. th result node 

will not be activated. 

5.8.5. Input Noise 

Noi e i an inevitable phenomenon in the operation or any system. and ii comes in many 

fonns [Widrow 1985]. Herc, we shaU consider two common fonns or noi · tl1at may be en '(Jun­

tered during Lhe operation fa motion detector. First. noi ·e can be induced by cm>r in sampling th 

input, cau ·ing erroneous input data. Second, noise in Lhc image input c.:an be caused by random 

changes in some of Ole pixel · rcpre ·enting U1e object or the background image. ince the presence 

of noise in the input cannot be avoided, ii i c ·semial to dc1cm1inc the tolerance of a motion detec­

tor to noisy input. The detector should be stable in a noisy environment. and should degrade 
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Fig. 5.26 Average outpul of two temporal modules shown as solid and dashed line 
versus the percentage length of a partial sequence. 

gracefully with increasing noise. 

137 

We shall begin by examining the degradation effect of the intem1i11em loss of correct image 

input in a sequence due to sampling error. The test sequence is derived by taking a correct 

scqu n ·e and replacing some of the images in the ·equencc by some random images. The length of 

the test sequcnc is kept the same as U1e length of a c0rrect sequence. For each percentage .oss, a 

module is tested with five test , equenccs and an average output is obtained. The average outputs of 

1 o I mpornl modules 10 sequences with different percentages of intem1ittenl loss of correct image 

input are ·hown in Fig. 5.27. The ·imulation result show Ulat the module is able to function 

orr· tly when not more than 40 '½ of the image input is lost. The perfom1ance of the detector 

degrades as the int.cm1it1 Ill lo s of images increases beyond 40 '¾. 
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ext, we shall examine the eff ct of random background noise on Lhc r rfonnancc or a I 111 -

poral module to recognize a motion ·cqucnc . To pcrfom1 the test. noise is injected into li10 image 

input by randomly invening the ·talc of a number of pi els in th ba ·k plane whi le a tempora l 

module i · being tested to detect the movement of an object. The trajectory. spc d and physical siz 

of U1e object arc kept th a.inc as those used during training. Fig. 5.28 ·ho s the average output o l 

two temporaJ modules versus t11c percentage of random noise in the back pfon . T he simulaLion 

re ulls indicate that the module can tolerate up to 20 '½ of background noise. 

5.9. Discussion 

The perfom1ancc study of a smal l moti n detector indicates t11a1 the detector is able 10 recog­

nize the movement of an object whose iz.e and speed ak ·imilar to tllc training size and the 
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training ·pc cJ. respectively. Even though the study was perfonned by moving a solid object 

again ·t a while background, the dynamic behavior under lhi condition is imilar to that of lhe 

motion of a random-dot object against a random-dot background in most cases. Different behavior 

ari · · when the siz f the object i larger than than the window size. Therefore, the result 

obtain d from th perfomtanc study can be u ed to interpret the simulation results obtained from 

th t sting f lar 1cr networks when the motion of a random-dot object and background are used as 

input stimulus. 

The imulation re ·ult of larg r n twork ' h w th t the proposed motion detector can be 

train d t recogniz a variety of temporal sequence re ·ulting from the motion of an objecL along 

diff rem trnj ctories and at dirfi rent ·pc ds. A trained d tector can detect the movement of an 

obj ·t as Ion as Lh ·peed of motion 1: clo ·e to the training peed. the obje t has a imilar phy ical 
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ize 10 that of U1e training p· tt m, an I th obj ·1 m s alon, a traj • 'IOI)' that is only slightly 

altered from the training trajectory. Th detector is abl 10 d tcct partial motion scquen ·cs and is 

tolerant to input noise. 

5.10. Conclusion 

Thi chapter ha · pre ·ented an archit ·turc of a motion dct ctor bas ·d on sc ral tcm(}( ml 

modules presented in chapter 3. The application in motion d t ·tion has pm 1d d rcal1s11 · inputs 

for testing the propo ed modul . Simulati n results sho that a module ba:cd on a sequ ·ntial n I ­

work can be u ed to keep track of each image in a t mporal sequ nc • and t mpnral int 1rat1 m of 

lhe result from recognition of each image in a s qu nc can b • us d to 1 ·n rate an uu1pu1 

repre ntlng the :equence. The result · also show that the module i · capabl or rccogni1ing panial 

sequence · and is t J ranL to noise and oth r form or d gradation in the input s qu ·nee. 



Chapter 6 

Architectural Enhancement 

6.1. Introduction 

mo lular n uml n I ork as pmpo ·cd in chapter 3. A Lemporal module can be enlarged to 

r ·co ini1. a long qu nee by puuin mor . qu nee node into a module. However. the limited 

number of transistor and inierconnection: on a chip limit a temporal module to a few node 

IM ad 1980, Mead 19 9 I. · a r suit. a h module ha a finite temporal window of size N. where 

is tl1 • number of :cqu n e node·. uch a module i · not uited for rccogniti n of a long sequence 

\I ith mew than nL 

This hapter pre: nL-; ways to expand the temporal pattern rccogniLion capabilities of the net-

ork • ond that of a singl m dul . A modified module is introduced, which can be u ·ed to con­

stru t a larg r n twork in one of two way . A number f module · may be concatenated to fonn a 

·hain apabl of re ognizing a long equence of events. Alternatively. moduJc may be organized 

in a hi rar ·hical ·rru ·tur to rccogniz a sequence of equenccs of event . Fore ample. if each 

modul is trained to rccogniz av ord . th network may be trained to recognize a cntence. 

The ·haplcr be 1 ins b pre· ming concatenated connection • followed by hierarchical connec­

tion:. Th n. simulation re ·ults arc gi n to illustrate the network · capabilities. 

6.2. Concatenation of Temporal Modules 

n appm:1 h 10 reco 1ni1ion of a I ng · quenc i t cas ade a number of smaller temporal 

modules in :'ri ·. so that ach modul i · only rcspon ible for recognition ...,f a portion of the 

s ·qucn " . R ·:ult fmm rec gniLion of ca h porti n by the re ·pective module i temporally 
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integrated to general an output rcpr : ming the o erall . equ n ·c. To racilita1c th nm ·~11l·n·1tion 

of everal temporaJ m du le: , two ·t mal conn ·ct ions. , hi ·h er\ not p ·s ·nt in rile basic 1un­

poraJ modul d . cribcd in chapter 3. arc pro id d. a · sho, n in ig. 6. 1. They cnabl • s • cral 

module to be concatenat d by connc ·ting th input of the first s ·qucn · • nod · .. 1• ro 1hc ouq ul or 

the la ' l · qu nc nod . S . of the pre iou: modul •. ia an • ·i tatory rnnnc ·tion. lin ·ar sum 

nod (LS) and it: outpu1 Sum ) ha e also been ad led. 1h n ll for , hidt , ill he· ,me app:ir-nt 

·hortly. 

Concatenation or several temporal m dulc · as shm II in Fig. 6.2 fonns a long ·hain or 

sequence node ·. each of , hich trained to rccogniz only one • m. 11 n a com:ct scqucn ·c is 

pr; ented 10 the n twork. th fi ·1 e nt causes nod S I or modul f 1 1 > be paniall a ·11 atcd . 

Subsequent e ents cause do\/ n ·tream nod· · I be acti atecl to higher I els. because ol 1hc c c,1:1 -

tory connection in the foiward direction. When a sufli ·ient number ors qu n nod s within a 

module are activated. the re ult node of that module bccom : acti c. incli ·ating 1ha1 th · sub..;c ­

qucnce for which thi · module i · re: nsibl h'IS been rec >gnizcd. Thus. it oulu he possi hle ll> 

detennine that the entire ·equ nee has been r c ived corr ctl y by I mporall 1111 ·gra1ing 11 • ou t­

puts of the re ult nod . in all the modules (this i · not sho n in th figure). 

Con idcr now the ca c of a partial sequence that o crlaps t o ca..;cadcd modules. ,L'i silo\/ n in 

Fig. 6.3. M dulcs M j and M j+ l arc trained 10 recognize 4ucnc s / 1 = 1. 2• £ ,. : .i I and 

ls2 = {£. £ 6 • £ 7 • E ), r ·pcctivcly. Th t st . 4u nee pre. cntcd is 1 = I £,. /:·<l• 1;,·~. !~,, I. 

The part of the ·cqucnc sc n by each modul may not have a ·uflic1 111 number o l events 10 

a 11vate it int mal r ·ult n de. which ha: a non- l in ar rcspon: . H nc • dir·ct 1e111pornl in1cgrJtion 

of the output of the t o re. ult nc des i not sum i nt to recognize thi s partial scqu ·nee. Th l in ar 

um n de. LS. hie· been introduc d 10 : I c this pr blem. nlike the resu lt node. lh • l111 ar ,;um 

node has a linear output re ·ponse representing the number or correct c nt'i sc n by a moclul . 

Thu . in the above cru e, direct tempornl int gration of the outputs of the two L) nod 'S will •cn­

eralc an output rcprc eming the total length or 1hc partial \equcncc observe h 111' 1 o modul ·s. 

Thi · integration i · pcrfonned b another node call d the .Hema/ Rc.\/111 node (ER) in f-1 ' · 6.2. The 



u Resul 
T 'pP _Ia!.._M_2d~e_ 

I 

fr m I 
~ ·ed ~~~s 

-,--. 

I • 1 
I 

I 

I 

I 
L ____ ___ _ 

oe citatory conn ction 
• inhibitory connection1 2 M 

Input Terminal 

. . . 

ig. 6.1 m dilied temporal modul . 

12 M 
E temaJ lnput 

re ult nodes of other 
temporal modules 

7 

to 
I gfoaute 

' 

I 
_J 

Fig. 6.2 chain of I mporal module · ~ r recognition of a long cquence. 

143 



14-l 

output of th linear sum node from a ·h module i: conn ctcd tu th· input lf · H b a Ii l'tl -wl.'ight 

xcitatory connection. and i I mpomlly imcgra1 d by that no 1, tu gcncrnt' 1111 1utput fl'prcst·nting 

the overall sequence. The c tcmal result node ha · a mm-lin ·ar output response similar 10 1h1.• int1.•r­

nal result node in each modul . ·uch Lhat this node\ ill c nl he acrivatccl if th· o crall scqurnr­

pcrsi ·1 for a sufficient period. The int grator tim con:tant in node ER should I • selc ·t"d basl·d on 

lhe minimum length of lhc partial sc 1u --n · that is 10 be re ·o •ni,.cd b , the 11 ·t, ork . 

The introduction of the linear : um n tic obviates the n'cd for tht: ·mi.'mal r ·suit nock in l':tL'h 

module when lh module · ,H" ·~ adcd in series. Th int mal rc);ult nod ma be used 011I , ll 

detem1ine wheth r lhe ub ·equcn c corresponding to a pani ·ular model has I ·en r • · ·i 1.•d . r 

cour e. it is also need d when a modul i · us d a-; a stand-alone unit. 

M · J 

••• 

Fig. 6.3 A test · quencc that o erlaps I o cascaded modul ·s. 
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6.3. Hierarchical Interconnection 

The idea of using a hi rarchical structure as am ans for reducing an 1work'. c mplexity is 

not new I, imon 1962. Wolfram 19861. ore amp! • a hierarchical neural network wa proposed 

by ukushima tor visual pattern recognition IFuku hima 19 8]. Similarly. a hierarchical frame­

work for vision as propos d by Tsot ·os ITsotso. 1988, T I. os 1989]. A number of temporal 

modul s may be arrang~u ~ hown in Fig. 6.4. which show a 2-level hierarchy. Each module in 

this figur may have th int mal stru ture shown in Fig. 6.1 or ma con i t of a ca caded tructure 

as in ig. 6.2. The outputs of th re ·ult node · of the module on any level constitute the input to 

the modules n the nc t high r lev I. 

Result 1 Resu/12 

Level 2 

Levell 

• • 

I 2 M 

E t rnal Inputs 

ig. 6.4 A hicrarchi al neural net\ ork for temporal pattern r cognition. 
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In a hierarchical network. the number of mouul · at :.m lev I is smallt'r than till' number at 

the next lower le cl. lnfom1a1ion is proce d and abstra ·t d b mod le. in one le cl hcfurc it is 

pre ·ent d to modules in th n xt higher le cl. , her" it is funh r pnKl'Sscd Ill obtain a higher fun11 

of repre entation. For cas or refer nee. e , iU call a s ·4u n · r ·c gni, •d by a mud uk on lcwl I 

a word. A sequence of word will be called a s nten c. Hence. ·a 11 module on kvcl _ ·an be 

trained to rec gnize an input ent nee. 

Module · on higher le el: or a hicrarch must ha c larger time ·or1sta11ts than mo luks at 

lower le I ·. Thi. i n c ·sary be ausc the outputs or lcvd- 1 modul ·s. ror l' ampl . changl' at a 

lower rate than th e temal input . Mo lules on th highest le cl of the hi ·rarch re ·c i • inhibi ­

tory inputs from other modules on the same le I. and operate in a , inn ·r-takc-ull f'ashi 111 . Th· 

module recognizing an input ·ent nc achi ve · the ma imum output .. while <Ju tputs nr all thl' othl'r 

modules on th ame level arc inhibited. 

Becau:c of the non-linearit y of Lh r":ult node ·. a module ma he a ·ti at d h a panial 

·equcncc. provided LIP · qucnce i · surticientJy long to c cc cl th node's a ·ti at ion le ·I. This 

mean · tliat a module on le el I can re ogniz a word vcn hen a pan or tJ1at nrd is missing. 

Similarly. a module on level 2 can recognize a ·cnt nee in hich ·c 111 onJs arc missing The 

extent of thi tolerance can be controlled by proper · le tion of th time ccmstants and hias ·s of th· 

result node·. 

To minimize the number of mo<lul s required. it is possible lO huv the modules on an leve l 

of hierarchy to be ·hared by the module · on tJ1e ne L high r le cl. For ample. ii modules M 11, 

M 12. M 13 . and M 14 are trained 10 rec gnize words/ 1• ls2• /J . • and ls4 respec tively, tJ1en module 

M 21 can be trained to recognize sentence f/s 1• / 2 • Is } and M 22 can be trained Lo rcc.:ogniz • sen• 

tence {/1 1, / 2 • / 4 }. Module M 11 and M 12 arc shared by moclules M 21 and M 22 on th next le I 

of hierarchy. 
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6.4. Simulation Result 

The opcraLion of th enhanced t mporal module -, hich can be connected either in erie or 

in a hierarchical structure, ha · been tested by implementing a motion detccLOr similar to that 

described in chapter 5. This section presents the test results, which have been obtained by simula­

tion. 

6.4.1. Series Connection 

A motion dc1ec10r with thrc concatcnat d modules. each of v hich comprises ten equence 

nod s. has be n simul II d and test d. Module M 1 , M 2 and M 3 were independently trained to 

r ·o niz s qucnc · I 1, f.,2 and /, . respectively. where each scquenc consist: of 10 event 

rcpr senting the movement of an obje t. During training. the weights associated with inter-node 

onn lions and th int mal bia. in each node are adjusted using the LMS algorithm presented in 

diaptcrs • and 4. The e t mal result node in Fig. 6.2 was trained to recognize the concatenated 

· ·qucnc I /.1 1• /5 2, I., J} by presenting the a tual sequence. 

The d tcctor i tested u ing test equence rs, where D Us" ts;) = 0. i = I. 2. 3. The 

r '. pons s (}f th lin ar sum node in ach module and the external result node arc hown in Figs. 6.5 

and 6.6 fort o input • qucnccs. In the case of Fig. 6.5. a rcllldom sequence rx1 wa first presented 

lo th ma hin . followed by Ts 1,,. which i a partial ·equence taken from the later part of ts 1. , 

·quen ·c , 2 a, then prcsem d to the machine. followed by another panial sequence. r p• taken 

fn m t.:1e art pan of , J · Fina II y. another random equence, f.r ~, was presented. The figure shows 

that th output of th linear sum nod of module M I rises partially. followed by the complete 

ac1i alion or M ~ and panial acti ation of M _1. The temporal integration of the activities at the 

lin ·ar sum nod' - causes the external re ult node 10 be activated gradually. 

Fig. 6.6 depicts the cas of a slightly modified input sequence. An early pan of sequence ts 1• 

r'. •r· \ a· pr Sl:nt d 10 the machine, foUo ed by a rcllldom ·equence. t_ 1. In re ponse, the output of 

th~ lin ·ar sum nod of module M I ris s gradually to 0.5 then decay to Oat time (to + 10n. When 



input I 101.______.___~ --L-----J 
M 1 :::J -''-----~~,c:_ ____ ...,.__ ______ ...::::----===-,,,= ==--- --L~ 

I,\ I 

l.O 

M2 0.5 

0.0 _,__ ______________________ .;::,,...__ 

I.OJ 
M3 0.5 

~ 0.0 __________________ ;;__ ___ ""'--------

l.O 

ER 0.5 

to 10 + JOT lo+ 20T l o 307" 
time 

Fig. 6.5 Outputs of th tin ar . um node · of motlul s 1 • M 2 • f 3 • and ER hen 

equence rJ. 1• ts lp• rs2 , t, 31,. and t, 2 arc pre cm ti to th net ork. 



inpltl 

1.0 

M1 0.5 

/ -' Ip lsJp 

0.0 -'----..::::....----~-----------.....::::::::==---...-:::::::....._ 

M2~:1 ~ 
0.0 _._ ________ ___,:::._ ____________ -=-,.._ 

1.0 

M3 0.5 

0.0 -'------------------..-::=:..---~---
1.0 

ER 0.5 
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to to+ 10T to+ 20T to+ 30T 
time 

Fig. 6.6 Outputs of the linear sum nodes of modu.les M 1• M 2, M 3, and ER when 
sequences f.stp• t.r 1• t 2, lsJp • and lx2 are presented to the nelwork. 

s qu nee f.r" is presented. module M2 is aclivated later than in Fig. 6.5. because its first sequence 

node do s 110 1 receive an e citalion ·ignaJ from module M 1• The slower activation of modules M 2 

and th f:.1c11ha1 the response of M I ha. been shifled to the left causes the external result node to be 

weakly ac1iva1 d. demonstrating that di -Joint equence are not sufficient to activate the external 

n: ·ult node. 
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6.4.2. Hierarchical Network 

A two-level hicran:hical n ural n I\ ork of tli-- t pc .·ho\ n in ig. 6.-t has been used to imple­

ment a motion det ctor. Module · M 11 • M 12 • M 13 and 1 14 w r' trained i111Jq ·mkntl to rec, gni1c 

word Is 1• I 2, /l 3 and / 4 • re ·pccti I . Ea ·h , onJ consi:t · of 6 ents depit:ting a mo ing ohjcl't. 

Afl r Lhc module in lcv 1- 1 ha been trained succ ·sfully. module: M _1 and M 22 on le cl _ wcr· 

then trained to recognize the sentences {/l 1• / 2 · /s3 I and l/ 1• /12, 15 -1 }. rcspc' ti ,1 . 

The hierarchi al net-. ork i · tested u. ing a sentenc that consists o f ~ \! or Is. ord 1, is 

elected ·uch that D Us,• ts,) = 0. i = I. .. 4. Fig. 6.7 sho s Lh outputs of arious moduks, h-n 

the test sentenc { ls 1. 1 2. 1 3} i · pres ntcd. Modul s M 11 • M 12 .• ind M 1. arc ,.l'I i ated in onJc r h 

their re pcctive s ·quenc ·. while modul f 14 r mains res ·t. B int ·grnting th · a ·ti i ll ·s of th ·sc 

moduks. module M 21 be ome acti at tim (1 0 + 15D. 111dica1ing tllat it r· ·o •ni, ' ! 11tis in1 ut 

correctly as one compl tc ·equenc . Module M 22 begins to lire v h n ,, 1 an l 11 _ ar· prcs·nt'd. but 

later reset bccau · module M 14 did not fir . In anoth r tc: t (nm shown). when th · s ·qu ·nee { , , 1. 

r • r 4) was pre med. module M 22 was acti atcd while module M _1 remain d quies · ·nt. 

In order t demon. tratc that the m dul · in th· higher le c l of the hi rarch can abstract tit· 

t mporal order of th equ nee: r cognizcd by th modul son a lo r I ·vcl. an input s'qu ·nc thal 

has ls 1• t 2 and ts arranged in r ersc tcmporJl order\! as pr s nt ·tJ. Fig. 6. d piers tltc modules· 

re ponse . Modul · M 21 and M 22 on I ' I 2 r main qui t, c en though th· modul ·s 011 I c l I 

re ·pond to thei r re ·pccti · qucnc ·. Thi · cl art y indicat s that M 21 i). onl y sponsi when the 

word of a m nee arc pre ·cnted in th correct t mporal order. 

on ·idcr no Lhc rcspons · o f th moc.Jul s in the upper Ii.: cl hen onl pan ial \! orc.J~ anti 

partial s ntcnc · are pre nt d to the n twork. ig. 6.9 : hows that Lh network continues to func­

ti n properly hen only parts or ts i and r1.1. separated by a random sequence, arc preselllcd. pro­

vided that th • parts are sufficiently long to be recognized by th irrespective modules. 

A netw rk con. isling or a : inglc level of modules requires the sam number of sequence 

node · the total number o f e ms in Ilic sequ nee to he recognized . Th h1 rarch1cal network 
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pr·sc111cd h cl arty illustrat s that th number of s quence n de can be reduced by having the 

modules in a high r t vet of the hi rnr ·h ·hare ·omc of the modules in the IC' er level . In the 

·xamplcgiv n,modulcsM 11 andM 12 onlc cl I aresharedbymodulcsM2 1 andM22onlcvel2. 

Ill/JIii I r, 1 I r , fs3 

1.0 l 
0.5] ~ O.Q_._ ____ ;...._ ______ ___::, ____________ _ 

~:;_.___J _Lac____~~-
~~] L 
0.0~-------------------------

L~~ 
0.0 -],.__ _________________ ~~--__;;::::::----

1.0 l 
0.5] ~ 
0.0 ..J._------------=====-----------

~:: J ~ 
0.0 ~~~-------.-, ----~~=---------....:::::::::-----., 

r o to + 6T to + 12T to + I 8T 
time 

ig. 6.7 Output: ofm dulc · M 11 . M 12 • M 13 M 1,i. M21 . and M22 when cquencc 
r 1• r •• and r 3 arc pres ntcd to th n tw rk. 



inpw 

~~] L 
o.o~--------------------=:,____ __ _ 
1.0~ 
0.5] 
0.0-'------------......:::::::_ ________ ___.;: _ _ _ 

~:~ _j] __ ......-,::/~-----~--~-------==::::::======-=------
1.0 

M14 0.5 

0.0 _L--------------=-=======----
1.0 

M 21 0.5 

0.0 -L---------===========----- -1.0 

M 22 0.5 

0.0-+----------------~-----====-
to t o + 6T t o+ 12T r0 I T 

rime 

Fig. 6.8 Outputs of module: M 11 • M 12, M 13 M 1 • M 21• and M 2 h ·n scqu ·nc.: ·s 
r 3. ts2 • and rs, are pre ·cnted ~ then l ork. 
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input (1 I I 3p 

1.0 

M 11 0.5 

0.0 .......... -------------------------

~: j L ~ 
0.0 -'----- -------=----- ----_;::=----

M1 3 (~:~] L 
0,0_.._ ________________________ _ 

1.0 

M1 0.5 

0,0_L----------------========----
1.0~ 

M 21 0.5 ____-/ 

0.0 -1-----------------=====;__ __ 
1.0 

M"' 0.5 

0.0-+--------.-------------==------. 

to t o + 6T t o + 12T to+ 18T 
rime 

Fig. 6. 9 Outputs of m dule M 11 • M 12 • M 13 M 14 • M 21• and M 22 when sequences 
r, 1• r, . p • r_, 2 and r 31, are presented to the network. 

6.5. Conclusion 

This chapter presented an enhanced neural network moduJe ·uited for implementation on a 

single V I hip. A number or ·uch module , can be inicrconnected to recognize temporal 

s ·qucnc s of varying length. T wo intcrconn ction schemes have been inve Ligated. A cries con­

nc ·tion ·ombin d with linear ·um nod s enables tl1c moduJes to recognize long sequences and par-



ual :cqucnce · that ma o crlap modul bounumi 'S. hierar ·hkal .'lnJl'IU l"C •icltl: a n 'I\ ork that 

can rcco niz Lhc I mporal order of s eral partial .' 1u nc' . 



Chapter 7 

VLSI Implementation 

7.1. Introduction 

TlllS chapl r dis u:: s Lh impl m ntation f th t mporaJ module introduced in ChapL r 6 in 

the tonn of a I ·hip. The purpose of Lh chaplcr i · to in c ·tigatc th fe ibility of implement-

ing arious functional cl m ·nt and to discu · th difficultic and trade- ff in olvcd. 

om istin 1 L I impl m ntation. f n ural net orks ar pre · ntcd first, followed by cir-

cuit nH d I: for the building blocks of a t mporaJ m dulc. Operation of tl1 propo ed circuits ha e 

I · ·11 rih ~d usmg tJ1' Pl circuiI . imulator. and the re ·ult · f ·imulation ar pre cm d. 

7.2. Exi. ting Implementation of a Neural Network 

Th· d v lopm nts in anifi ial neural nctw rk have focu · ed on ufl are imulaLion . with 

mphasis un hard arc implcm ntation. ap aring onJ recently I Mead 19 0, Mead 19 9]. A 

n uni n · twork can be int gr.u d onto a chip. h re nod . arc implcmeni d a· a collection of con­

n · ·t d analog or d1 •ital ir ·uit:. 8 ·au: paraJ I I computations arc po ibl on a chip. the VL I 

implementation of an ural n t rk provid th capability to proces · the in ming infom1ation in 

r :ti tim ". 

Th re arc 1, o pos ·iblc approachts t th implementation of a neural network on a chip. ln 

th · li rst approach. anal g L I ·in.:ui ts su ·h a: tran · ndu tanc amplifiers are u ·ed a the basic 

building hlo ·le . The s c md approach use: con ntiona.l digital circuit · to implement an t ork. 

155 
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7.2.1. Analog Implementation 

Thi: is a popular approach for th impl 'Ill ·nt.atinn l r a nl'Ur.tl nctWl'rlr,. 011 a chip . . ·011w l' am 

pl s of r ccni \ ork can be found in I ivilo11i 19 6. raf 19 ' ·. cacl 198 . lsp,.·l' lnt I .'l). 

Boah n 1989. Graf 19 9. Lazarro 19 9. ,fohcr ll '9. cad I J, 9. Rt·ctl 19 9. \: akys ·11 19 '41 . 

on:id--r the network nod sho, n in Fig. 7.1. whi ·h consis1: oi' i11p111s with, c1gl11cd corn1l'rtil111 .... 

a umm r, ,md an arnplili r , ith a non-lin ·ar output. The lollm ing pr·sc111,; hril'II , an analu!! 

1mpl mcntation of Lh c mpon ·ms. 

The input t.o a : mnm r f on..: not!' is connc :1 ·d IO the ou1pu1 or :1110111 r no ll' h a tO: 

tal O idc cmi ondu ·tor) 1rans1s1or. \ hi h implcm 'Ills a wc1gllll'd i111cn:q1mcc1t m Tlw gall' 

which control: Lh channel ·ondu ·1:m ·c or th· transistor. h ·n · • the cnnm:c1io11 -.1 r ·ng1h, i.., ·on 

nect d to a oltag s urcc. ach nod' has u non-in ·ning output. 1·, . an Jan in t· 111ng output ,.,. A 

1 
\' · 
' --

• 
• 
• 

1 
\'k -

v eigh ted 
int rconne Li n. 

R 

:ummer rn e 1ng 
amplili "r~ 

Fig. 7.1 circuit impl mcnting the node of a neural w·t lJrk 

I ' I 

\ ' I 
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poo;ili c ci ,111 is i111plc111 ·ntcd by connccling the drain of 1hc O tran istor to th non-in crtcd 

ou1pu1 of anorh r nod . and 10 th in encd output ror a ncgativ weight. urrcnt is injected into a 

notlc hc1. the w ight is posi.ti c and vkc- cr:a for a negati e ighl. l.nterconnect weighu· can be 

'itor d in a programmabl memory hich d t m1inc · the voltage applied to the gale of the input 

Lran ·Istor.-.. AltcmaLi cly. the eights can be stored in an analog fa ·hion by replacing the MOS 

transistor ccmnccting I o nodes b a floating-gate MOS tran:istor imilar to tho 'e u ·ed in pro­

grammabl read-onl m mories. it11 this techniqu • th chann I conductance i dct nnined by tlle 

dr1rg stored on the floating gate. This 1. pc of storage is non olatilc. Th eight ' have t be com­

pu1 d t mally and 111 n loaded mto the chip. 

Th summ r is implern ntcd by using an opcrati n amplilicr configu11 d as a I aky int grator 

to sum a.II incoming ·urr nts inj ct d into a nod . The output of tJ1e umm r is onnectcd to the 

Input c r an in crting amplili r hich impl menu; the required non-lin ar transfer function of a 

node h n saturation of th amplilicr is taken into account. 

7.2.2. Digital Implementation 

Thrc approa ·h s to impl m nt a n urnl network based on digital VLSI technique ha c been 

rcpon ·d in th lit raIurc. First. a n ural n twork can be mapped onto a multi-proce sor, \1 here each 

proc ·ssor is r . pon:ibk for tllc computatior invol in only a few node and th input i · di ·tri • 

but ·cl IO all proc ssors b a ho ·1 ·omputer. Th result from each of the e pro e · ors i retrieved 

and om bin ·d b the host comput r to general th final output. The perfomtance of neural nel• 

, orks maPr 'd onto a sharcd-m mory. ring. and m h multi-proce or topologi ere ompared 

and prcst:nlc<l in !Kung 19 8. uzuki 1989. Zilli 1989!. 

high spc d fluating-I im multipli r in a digital signal proc . . or (DSP) lead. to excellent 

perfonn.u1cc in ·omputing inn r pr >duct: such a those in Eqn. 2.2. As a result. anOLhcr approach 

10 the, digital implcm ~nrati Jn of a neural n twork i · to u ·ea ingle DSP chip l perform the compu­

talion.-. for all th n l\1 ork nodes. This t chniqu ha been u cc fully applied to recognize ritten 

posIal digits in r al tim • !Le un I 9b]. To uIili ze th potenti11 paraUelism available in a neural 
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n Lwork. s era! D P: ·ant usc<l to pcrfonn Ihc m· ·cssary ·omr uIati,m: in pa ,till'! I · p·111iI11m­

ing a job among th ·m. 

The Lhird approa ·h to a digital impll'm ·nIation or a neural rll'l\\ nfk is ha~t·d 011 pul sc-dt·nsity 

m dulation. implenPnl d b using swi Ich ·ti- ·apa ·itor : tni 'IU rt's :ts sh lwn in rig. 7. IT0111lx·r!! 

19 9. Habib 19 9. an n BouI 19 91 . Th output of a nntk is cncu kd as a strl·am if pulSl''· 

here th number or puJs•: per unit tim • r prcsc 11Is the output sIrcngth. he \\'l'ightc I 111puI to a 

nod i: com put du ·ing an e lusi c-or logic gat • to mul tipl tJ1 • pul sc -<knsi I , c ltkd ou!put from 

anotl1cr nod by tJ1 puL -d n ·it cod d \ •ight : tor I in a ring shift register. swit ·IK·d ·apad t(lr 

ir ·uit sums all 111 • eight d input · and g r.cratcs an ouq ut which. in tum. lriws tlw input nf 

anoth r nod . 

7.3. Analog Implementation of Temporal Module 

Thi · s tion pre: nts an analog imp! m ·ntation of at ·mporal module. The ·ir ·uIt model and 

the circuit design or each building block for a nod· arc pre-; ·ntcd. Ope ra t inn ol the pmpo,etl ·ir-

cuil · ha be n erili d using th Pl cir ·ui t ·imulator. a!-> described tx:lo 

7.3.l. Circuit Model 

temporal module consi:ts r sc cra l nod s. a<.:h of l11ch rnnsrsts >f a non-Im ·ar ou tput 

1cm nt. a fading m mory. and : v ral eight :J inputs. Thcst: nnd ·s ma he 1111plcm •nt ·d us111g 

th ci rcui t shown in ig. 7 .. \ hi<.:h compns · a voltage amplrli ·r led by a number ol oltagc­

, mrolled current sou re s. h capacitor and res istor at th· input ol the a111pli Ii ·r pro 1dc, the l ad-

ing m mory. wh : Lim con ·tant is given by 1 = G. Th input ol Lhc amph licr is wnn ·t ·d to Lh · 

outputs or other nod s ia tJl ollagc dcpcnc.lcnt current sour ·cs. h1ch rmpl rn nt lh' n ·cc,~ary 

citatory or inhibitory ightcd connections. or an citato rnnn ·i.: tion. :t cur ·nt ~our ·c 

injc ts current into u n de h reas ii withdraws curr nt from th· node 111 the case ol an rnl11b1to 

connection. The eight of th <.:min ction i: defined by lh mutuaJ comJu ·tancc o l th· cur ·nt 
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ighLed imerc nnection 
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Fig. 7.2 An inter onn cl for a. witch d-capacitor node. 
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V · } 

Th-- int ·mal stat of ca ·h node propo din chapter 3 change · ith a nxcd Lime con. Lant alis­

in~ a fi rst order lin ·ar diff rential 4uation gi en b Eqn. 3.3. The same fonn as Eqn. 3.3 can be 

d ri ·d !'or tl1c ·ir ·uit in Fig. 7.3. Appl ing Kfrchoff's current Law at the input of the amplifier, we 

obtain: 

(7.1 ) 

where u1 is tJ1c ulrngc 111 th input of Lhc ampli.licr or node j. ,,, i · Lhc output of another node I, g1, 
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I' I 

160 

i. t.h ~ mutual conductanc of the cu1TCnl :oun: conn ·11ng nod ·, to nod · / .. and / , 1s 1hc 111u1uat 

conductance of the current soun:c ti lining th bias of n )d , J. 

The ne t section prc:cnts Lh L I circuit I.hat an· prop<lSt'cl I ir vunou: crnnponl'nl, . The 

purpos i · mainl to d 111011 ·tratc th fca:ibilit of impl m ·nting a w111poral 111odull' on a LSI 

chip. o detailed tud of pcrfomrnnc has be 11 conducted and 1hc ·in.:ui t..; have 1101 be n huilt. 

7.3.2. Component ' VLSI Circuits 

VL I circuit · for th components in Fig. 7 .. arc pre:em ·d in thi: s ·ct ion. Th · "ii111u la11 011 

result · given ha e been obt· ined using the Pl circuit ·imula1or I ladi111ir ·s ·u 19 11 

7.3.2.l. Voltage Amplifier 

AU node , c c pl t.h lin ·ar sum node (Ll) presented in chapter o. ha c a non-linear ou tpul 

el ment. which can be implemented by a oltagc amplilicr. oltagc ampl i lier u..;uul I y ha c, 

l.inearly for a ccnain input range, and em rs saturation outside tht.11. This bcha ior is clo1;cl 

approximated by a piecewise linear trans.~ r function, which in turn i · a suitable approximat ion for 
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a c; i •moitlal lunclion. 

A possible implementation for a voltage amplifier i · ·ho" n in Fig. 7.4 . The circuit con ·isl 

of a diff r mial pair. Q 1 - Q 2 , a bias trnnsi ·tor. Qb, and a pullup rcsi tor. R. The bias tran istor. 

Qh, is us ·d as a rnrrcnt ·ource by operating the tran ·ist.or in its saturated region. The bias current 

<.:ontrols lh amount of currenl no ing through the diff rentiaJ pair, thus <.:ontrolling lhe voltage 

ga·n. Wh nth input voltage v,,, i · less than 0. curr nt i I i close to 0. and i 2 is close 10 the bias 

currc111 i h , Therefore. the output voltage is qual lO 00 - Rib ). When 11
111 i greater lhan 0. current 

i I is clo.- to i1, . md i '2 is cl ·c to 0. and t11 output voltage i equal I DD· When v,,, i equal to 0. 

~ ~ 
currents , 1 and i 2 are both qual to 

2 
, cau. ing the output voltage to be equal to ( DD - 2 ). 

Th circuit pres nt d abo c require a high load re i tan e R. which taJce up quite a large 

area on the chip. This would ml!an a I s er number of device that can be integrated on a chip. A 

l>ett r approach i. IO use a saturat d MOS enhancement 1ransi ·tor. as shown in Fig. 7.5. The 

0,-..-----1 
\';,, 

1 

R 

Fi . 7.4 ·1r ·ui1 diagram or av ltag amplilier u ·ing a re ·isti e load. 



tran i tor off rs a high rc:i:tm1c'. bc ·ausi.: it is OJ ·rating in thi.: saturate I 11w k. and requires a 

malJcr area. In spi te r the ad ama • . thcr · is a limit uion for using this type of lo ,cl., hich is that 

the output voliage nc err ache. \'00 . Howe er. as w ·haJI sec in 11w nc Is ·ct inn, this li111i1atilm 

is not a hindrance to th design. 

The circuit in Fig. 7.5 was : imulaicd u. ing Pl . and th output of thr circu ll for dilkn·111 

alue · or input is shov n as a solid line in Fig. 7.6. Th uppl I and bias voltagl'S 11sl'.d in the simu­

lation arc \loo= volu and h = - . - volts. respc ·tivcl . c ·ausc Q, is OJ rn1int! 111 tltt· l'IIIHmlX· 

mcm mod • the output arics from 0.4 to 1.8 nits. 

For compari on. Lh :igm idal fun ·1io11 u: d in the simula11011s rm·scnted in haptl'r 1 1s 

·hown us a doll d lin in th Fi . 7.6. • ·cpl f 1r the 0.-4 volt.., of output ollagc ofls · 1. the 111pu1-

output charact ri . tic or tl1e amplili r i: ·imilar to th sigmmdaJ lunct,on. shall s ·c 111 the rtl xt 

:e lion that this offset will not ad rscly affect the operation of a oil.age ampli lkr as tlw 11011-

linear output Icmcnt in a node. 

The eric .. · connc tion or modul · proposed in chapl r 6 r ·4uircs the use ol a li11 ·:,r su111 nod· 

in each m dule. linear sum n d ha-; a lin ar outpul I mcnt. \ l11ch ·an be diflicull 10 1111pl •. 

mcnt. Ho c er. a lin ar function of th node can be appro imatcd b a oltagc amplilicr !hat ha,._ a 

wide lin ar input range. Thi · can be achic ed by appl ing a smaller bias ohagc \/1, . 

7.3.2.2. Excitatory lnterconnection 

An citator conn ct ion i impl 111 ·nt d by a oliagc-d 'pcntl ·nt ·urrcnt -.:oun.:c 1ha1 111j ·ct-. 

current into the nod . A circuit for lhe current source is . hown in Fig. 7. 7. I I consist.-; of a current 

mirror. Q 1 - Q 2 , and a bia'i transistor. QJ>. conn ctcd w a Ii cd bias volt.age. ,,. Th bia-.: 1ra11'iis1nr 

fun tion as a oltage-depend m current :oun.:e. and current ;,, is proporti<>nal Lo both the i11pu1 

voltage and lhe geometric ratio ( : ) of the transi ·tor. as given m the following 

(7.2) 
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Fig. 7.5 A circuit diagram of a voltage amplifier. 
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Fig. 7.6 Plots of v0 111 rsu ,·;,, for the circuit of Fig. 7.5 (solid line) 
and the igmoidal function (dotted line). 
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wh re c = ,·,n - \lb, i. a circuit ·onstant. \\' iu1d L arc the ·hannd willlh amt length ot ll1l' hi:1-,; 

tran i tor Qb, and G . r and \ -'u ar lhc ga1·-t -sour" ultag". thl' tlu\:shnld vol t:t J.!l' . an I tlw 

drain-to- · urc voltage of th bia ' tran:i.tor. re:pcctivel I cad I 9 0, Ml.•ad I 9 91 - Ole th;u this 

equation onl appli · h n Lh bia: tntn. istor opcrntcs in the ohm i · r •ginn. l s1np the ·urrcnt mir 

ror prov id d by tran:i:1or · Q 1 - Q: . ,·,1rrcnt i O inj ·tcd into a no Jc i: l qual I l ·urrl.!111 i1o or tltc hia~ 

Lran. i:tor. 

Result. of Pl simulation of thi s ·11 it arc sho n in Hg. 7 .X. The :-uppl , and hia~ ' ' lll -

tagc · are \ DD= oil · and b = - 1. ohs. rcspc. ·ti 

tran ' i ·tors v ith diff rent geom tri · ratio i: sho n. 

. The pcrf mnan ·col the dr ·ui1 usin!,! him, 

B 
hen - = I . th• ·ir ' UII IS appm,1111atrl y 

L 

lin ar bet\ n 0.8 and 1.6 oil:. and th ircuil :a1ura1 s" ilh a ·urrcnt or -t-t pJ\ for 111put vnlta 1cs 

great r than ol t: . Wh n the .!L n:uio is doubled. th· circuit i: appm imatd_ linear I ·t\W ·11 O.X 

and 1.2 oils, and • aturat · -. ith an output curr ·nt of 46 µA , h ·n the input ollag • is grc:ttl·r 11la11 2 

V Jlt . 

\ Ill 0-----1 

10 the oulput of 
ano1 her node 

h 

' DD 

to ampltlier\ 
input of a node 

Fig. 7.7 A circuit diagram of an c ciLatory connection 
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Fig. 7 .8 Plot of i O rsu ,,,,, of an excitatory connection. 

Fig. 7.6 ancl 7.8 demonstrate that the circuit in Fig. 7.7 can implement lhe function of a linear 

ciuuor connection. Th voltage amplifier has its output voltage level between 0.4 and 1.8 volts. 

hid1 appro ·imately maiche the linear range of input voltage for U1e circuit in Fig. 7.7. 

1 he weight of a connection can be realized by using bias transistors of a different geometric 

ratio. A stronger w i "hi require · a bia · transistor having a high r W ratio. Thi approach of imple-
L 

m nling a cighted inlerconnc t on a chip leads 10 fixed weighrs for a given chip. That is. for a 

spcci li d applicatio11, imen;onnect w ighL5 would be predetem1ined and programmed onto the chip 

using bias transistors ) f different ·ize . Several VLSI implemcntal.ions of neural networks that 

have txrn tailored for spc ial application have been reponed by Mead [Mead 1989). 

The interconnect weight ·an be mad programmable by modifying the .interconnection circuit 

as sho\! n in Fig. 7.9. The figure ho · a circuit with a two-bit memory. There are four different 

valu • · of transcondu ·tan ·e ·omroll d by th m mory c II . Each cell i connected to the gate of a 



pas · transi tor. h n a I is .'IOrcd in a m ·mory · ·II lit corresponding p L'-S tnm,;;istor is S\\ i1rh1.·d 

on. allo ing th current to pas through. TIii.! pass tr,msist ,r is swilclll' I off other. isc. 

The r ·olution or the \ "igh1 or th im ·rconnc ·tion imp! ·111cnt ·ll usinp. th· ahow a1 pmach is 

limited b Lh number or tran:1swrs n eel LI . H igh resolution rcquir ·s a larp.l' d1ip :m· 1. , hi ·h 

mean: Lhat ~ w r nod . can be implcm med on a ·hip. uturc \ ork is r·quircd 11 <ll'll.'nninc lht· 

minimum le cl or resolu tion n ·d d for the inter ·onnc ·t w·ights in a gi u1 application. 

7.3.2.3. Inhibitory Interconnections 

n inhibi tory connection c nsists or a voltage-d•pcnd nt ·urrc111 sink that , ithdraws cum·111 

away from a nod ·. It can be implement ·d I adding anmh r ·u1rn1 mirror. Q, - Q .1. 10 tht' c1 ruit 

sho1. n Ill Fig. 7.7. as ·hown in Fi 1 • 7.10. This dcvi ·c has th' sam , 1ran..; ·cmclu ·1a11<.:l' 1.:hara ·tl-ristil'~ 

a . ho n in Fig. 7. . 

\loo 

to umplificr' s 
input of :1 nod • 

Fig. 7.9 An e citaL ry conn ction iLh : clcctahl transconductance. 
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7.3.2.4. Generalized Interconnection 

Th inicn:onn cl.ions between th node · in a t mporal module arc eilher excitatory or inhibi­

tory conn ctions. They l:an be irnplem nted by choosing one of the two circuit · in Figs. 7.7 and 

7. 10. However. all Lhc · qucnce nodes are also linked to thee temal input · by weighted connec­

tion,;, which may be iLher e ci tatory or inhibitory. Hence. ii is useful to have a generalized inter­

wnn ct ion that can function ilher at an ex itatory or inhibitory connection. 

A possible d sign for an int rconnection is illustrat d in Fig. 7.11. A memory bit i used to 

r 111 mbcr h th r th· conn lion is x itatory or inhibitory. and two bits. M I and M 0 • to 

r m mbcr Lhe int ·r onn ct weigh!. 

Wh ·n bit S i. I. pas transistors Q,, 1 and Qp 3 arc ·witch doff and Qp2 i witched on. A a 

r ·suit. 1l1 • current mirror ·on ·i ting f Q 5-Q 6 is inactive. and i0 i · inje ted into the input of the 

ampli II r. Wh n bit , i · 0. pass transistor Q/12 is :witch d off while t11e other t~ o pas · Iran. i tors 

arc s~ 11 ·h d on. This causes urrcnt io to be inj ctcd into th current mirror. Q 5-Q6, via pa 

\ 'in 0----j Qb 
10 lhc OUIDlll ol 
another nO<.lc 

b 

DD 

- DD 

10 ampljfier· 
mput bl a node 

ig. 7. 10 circuit diagnun of an inhibitory c nne tion 



\' · In 

Memor 

to th output of 
an thcr node 

Voo 

\/1, - DD 

ig. 7.1 1 gen raliz d int n:onnc ·tion. 

In 

lo amplilicr's 
input of a n1xk 

tran i. tor Qp 1. A · a r ·ult i 1. which is 4uaJ 10 i1,, ill be dnwn fr m1 th nod via lh' pass 

u-an i tor Q p3• 

7.4. Conclusion 

Thi chapter has d mon: trat d th fearibilil of implem ming the propo: d t mporal module 

on a VL I chip. A circuit m d I fa node ·how · that there i · a V . I cqui al Ill of th · 111ollulc ·:-. 

node and interconnections, and suitable circuiLl' ha been proposed for each of the func.:tiomtl cle­

ments in that model. 



Chapter 8 

Conclusions and Future Work 

8.1 . Conclusion 

The main th sis or tJ1c ork is Lhut a ~pc ·i· I conliguralion of a: quential neural network that 

us 'S a separate Ill 'tnor elem n1 tor each ~lat along its state traj ctory i · U uited for u e in 

1 111poral pall ·m r cogn11mn. Th n~t, ork : 1a1 that rcpre ·ent tJ1e recognition result . of im.lividual 

, ·nts in a t ·111poral sc4u n ·c can be obs rvcd a. i l y. and thus can be u d t g n rate a final 

r spom; through a pro ss of tcmpor-11 i111cgra1ion. 

Th· · >mbin d us oft mporaJ i111 rati m and on m mory elcmcm per ·tate yie ld · a ·cqucn ­

r iaJ n ural n t \! ork that c;an n· ogniz panial ·qucnc . and i: tol rnnt to n i: . Becau e or the u:c 

ot on 111 mor ·I m m per ·1a1 . hen t ork ha a ·impk topolog • ith no hidd n node ·. 11 the 

ir11cm1 diatc slate. ol th· network can be enumerated. which alJ · th network to be tniincd 

casi l using tJ1 alg . 1l hm. impli Ii cJ analy:i · of lh n L ork · · behavior i · al o po ·siblc. 

Th anal :is allo s u bell r und rstandin or th network dynamic · and nables th n t ork 

param ·t ·rs to he c ·timat d. 

Th· capuhili ti ·s of the net, or ·tru tu in lhi · the. i · can be expanded in a modular, 

h1crarrh1 ·al tashion. number or m tut s. each trained to Ii cogn iz a panicu lar temporal 

s qu n ·c. c.:an he used for r'cognition of multipl ·cqu nc . Modul · can be connected in ·erie to 

re ·ngni,c a long I mporal s qu nc . or in a hi rarchical tructurc to recognjze a ·equence of 

scqucn ·e -. imulation rcsul.t · sho, thut a hierar hical temporal network has lhe ability of ab Lract­

ing the t mporal onl 'r or a number or inpu1 . qu nces. here each may be a partial sequence. 
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I ti 

Th net ork wa!- c aluatcd h ' simulating its us· to impk111c111 :i motion dc1t·r111r. Wi1II a 

moving rand m-dot pall m ,L'> lhc 1c~1 inpul. am Hi n dc1cc1or using.~ ·wral 1 ·111poral 111ndull·s ha-. 

been : lmwn 10 r cognii'c a vari ·ty c I input scqu 11 ·cs resulting from 1lw motion of ;u1 lhj.:r1 al m~ 

a c nain trajcctor at differ ni sr ·ds. R ·suit: ind1ca11: that ~1 Irai11l'd ckt, ·tor ·:111 n· ·ogni, · tlll' 

moUon of bjects or arying ·i1. aJ mg a traj ·cm and an r · ·ogni,c p:inial illolillll Sl' llll'lll'l'S. 

Th dct ctor is wlcrant to intermitt nt lcn; of the in1 ut image and drgrad •s gra ·ct ull_1 wi1h imTt',t.'>­

ing input noi ·e. 

The prol)(l.' d tempo·al modul rcquir s a small number of • tcnrnl 'llllnc ·1ions. I knrl' . 11 i-. 

well suit d for i111pl mentatiun in the fonn of a 

descnbcd to i llustrate lhi. r asibilit 

8.2. The i. Contribution 

I chip. c ·ral 0 . ·1r ·u11-. ha l' tx·t·n 

Th contributions of this Ll1 :is ar sum111ari1.cd bclo\l : 

• l dcmification fa special configuration of a s ·4u ·ntial neural network that i~ Wl'II ,111tcd lor 

temporal pan m reco nit ion. 

• Pie i.. - l inear ana l sis of th propo: d ncurnl n ·tw 1rk. 

• E ·t imation or n 1work param tcrs for 11 gi en application bas ·don analyti ·al r, •-;ult:-.. 

• D sign or a motion d Lector hich is capable of real lime pcrfomiam: ' u:-.ing the propo-; ·d 

temporal module. and evaluation or it s pcrfom1anc . 

• l ntroducti n or a ·ys1ematic and modular training algorithm f'or larg •r ne1work<; that u-.c 111 • 

propos d Sll1JC!UfC. 

• l nvcsligation or lhc perfonmmce or a net\ ork th·11 uses citJ1cr a serial or a hierarchical con­

n ction or temporal modules. 

• lnve Ligating th feasibility of imp, mcnting a I mporal module 011 a VL. I chip. 
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8.3. Future \Vork 

1c1111 >ral module i, trained 10 r cognizc a -;c4u n · of cv nt: b adjusting 1h interconn ct 

eight, in 'imall incr 111cnt~ al ach training it ration to minimi1.e Lh rror bet n the actual out-

pul and Lhc dcsi11 I outpu1. lmpl ·mt:ntation of ·uch an int rconn ct re4uir : a consid rable number 

of tr:tn'ii'ilor;. Due to th limit d num r of Ir.in ·i ·1ors that can br fabrica1 d n a chip. ach inter­

c.:011n ·ct eight is lik I 10 I rc:1ric1cd 10 a resolution of onl a f bit: . : a rc:ull. futur work is 

n "d ·d IO c alu:11 · 1he lcaming ·aµ·1bili1 1 and th ' pcrfonnanc or a n I ork u:ing low p11 ci'ion 

·ights. 

Th· urch11c ·tu · or 1h ·urrcn1 motion d I ' ·t r pro idc: a di · ·rc1 time diff rcntia1or for each 

pi ·I i11 th· ,mug· input 10 d tc ·1 a mo ing l!dg . n outpu t f one i gen rated b a differ ntiator 

·r LJ1 pn.:scnt input 10 a pi cl is differ nt from it · pre iou: aJue. H n • th de1 .tori· noL nl 

s nsi1i c lO a m ing edge. bu1 also m ·lnng s occurring in the background. ll \! orks cU only 

\! hen 1h ·re is , • li11lc rcla i • mo ment. bcl\ n the imaging d ice (th ob ·ervcr) and the 

ha ·kgmund. unh r ork i. required Lo m dify lhe urchi1c ·tu re of the mo1i n d t ctor s that the 

d • ·tor ·an 101 ra1 slo\! chang .· in 1he background. 

Th· rs an in1crcs1ing appli ati n of th hierarchical n twork d s ribcd in thi · th ·i: in 

s1 • ·h r • ·o >nit ion. Th modul s in th lir'$1 I I of th hi rar ·hy can be u · d for r cognition of 

cliff rent , ord: and thos in Lh : cond I cl for recognition or differ; nt s nt 

r ·qt11r ·ti 10 stud. the fcasibi lit or thi · appli ·.11ion. 
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Appendix A 

Weight Adjustment Function 

Thi · appcndi prr.:ents tl1c d ri va1ion CJ f Ul ' fun ·1ion us'LI tu adju:t tlw int ·r ·u111wr 1 ''l'1ghts ol a 

nod . Th function i · u:cd in tl1 traininl! algorithm pr S"nl 'd in ·hapt r .1. 

A.l. Con tant Input 

nod ma be conncc1 ·d t a number of inputs by , eight d conn ·ct ions. at sho-. n in Fig. . I . 

h n ·ubjectcd t ·m input pattern p. tl1' internal stat .r,., or no1.k i ·hang ·s , ith a Ii cd time ·011 -

·tant t and can bee pre. s •d in th following a.,; 

UlpUI!\ 

Fig. A. I odes linked to input · by weighted interconnections. 
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( . I) 

whi.:rc,: i.· th 1i111e constant of a node. w,1 is the w igh1 f the conncc1ion from input e1 to lh input 

of nod i an 8, is Lhc int mal bias of n d i. od i has a . lgmoidal outpu t . 'p, in re. ponse 10 ils 

int mal state. as defined in Lhc following. 

( .2) 

be the w1al sum of the ·quarc or rror.i of all node for M input paucm · en b 

wh r· S,,, and y,,, ar the ilh c mpon nt f t11e d ·ired output and actual output vecto of th net­

work r •spc ·1iv I . and is th number of node in th net\ ork. The obj ti e i to minimize £ 

with r spec! t) 11•,r Frc m qns. .'.! and .3. \ e hav 

6y,,, 
= . ,,, - \',,, 

and 

Therefor . 

s ~ 

= Y,,, v,,, - Yµ, )( I - .\ p, ) 
r,11 

(A.4) 

I. ' 
r,,, 

need to dct m1in -
6
-. In order to do · . we as ·ume that input e i i · con tant over a 
w,, 

sampling int ' 1 al T. >lving qn. . I u. ing the Laplace tranfi nnation. w obtain. 

_, 
x1,, = (1:w, j 1 +8,)(1-e t) 

j= I 

Di.ff I ntiatin, qn. A.5 itll re ·peel 10 w,j, , c get 

(A.5) 



1 

A.M 

ubstituling Eqn ·. .4 and A.6 into qn. . . \ obtain 

.7 

If all the weight arc adjusted al th encl of ca ·h sampling int ,val T. th •n ~ ·an he appro I­
uw, , 

mat d by the following cquaIion 

-T 8£ 
s: = ej. ',,,(vp, - ),,,)( 1 - y,,,) 1 - e t ) 
u W,j 

where 11 i · given by 

and Hi. the training tep size with lh value bcl\ n O and I . 

( .8) 

Eqn. A.8 i · u ed to adjust th input int rconn cl \ eights linking the temal inputs and the 

sequence node in a module. and the bias in each nod . 

A.2. Exponentially Rising Input 

ext. we want to find out if Eqn. A.8 can be appli d to cases wh n inpul e1 Is not consIan1. Th re 

are two intere ting cases: when th input i cxpon !iaUy rising from O towards I or d caying from 

I towards Oby a time consLam 't. The e ca ·cs corr; ·pond to the si tuation wh n Ihc inpul of a nod 

connected to the output of anoU1er node. \ e shall examine in Lhi: secIion Lhc case hen input e
1 

an exponemially ri ing variable given by 

-I 

(A.9) 

where / j i a constant between O and 1. ub lituting Eqn. A.9 into Eqn. A. I and solving usin • U1c 



Lapla e lran fom1ati n. th folio ing c prcs5ion is obiaincd. 

( .10 

Diff rcmialing Eqn. . 10 ith respccl 10 111
11 ields 

( . I I ) 

nuilarly. if all the weights are adju, tcd at the nd or ·1ch :ampli 11g int rval T. th n b suhs1i1u1ing 

t = T. Eqns. A.6 and A. I int Eqn. A. • we obtain 

-T -T 
T 

I " ~ " ) I - )' )( I - e t - - e t ) = j.• pi I JII - .1 /}I • /II 't (A. 12) 

where Tl is given by 

-T -T 
T Tl = H ( I - e t - - e t ) 
'C 

and Hi the training tep ·ize with a value between O and I . 

Thi runction an be u ed to adju t the weight of the exci tatory connection from scqu nc nod • i 10 

i +I. 

A.3. Exponentially Decaying Inputs 

ow. we exam me th . econd ca when input ei is an e ponentially decaying output dehn cl hy th 

following. 

- I 

(A. D ) 

Sub tituting Eqn. A.13 into Eqn. A. I and ·olving using the Laplac transfomiation gives the fol ­

lowing expre sion 



-, -, 
1,, = 0,( I - e t ) - })v,/j ( .!_ )e 7 

j = I t 

Di ffcrcmiating Eqn. A.16 wi th respect to w;j yields 

uh titutjng t = T, Eqn ·. A.6 and A. 17 into E4n. A.4 give · 

'::; T)/ j. ,,;(Yp, - .Ypi )( I - . pi) 

where 11 is given by 

-T 
T -

Tl = H ( - )e t 
't 

and His the training step size wilh a value bet-. ccn O and I. 
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(A.14) 

(A.15) 

(A. 16) 

This function is used to adju l the weights of all inhibitory weighls between the sequ nee node . 



Appendix B 

Analysis of Sequence Nodes 

The solutions to th linear anal ·is of · qu n e nod s pr · 111 d in ction 4 ... I. of ·hapt"r 4 is 

given in thi appendi . 

Th dynamic equalion C r node ; and S1 can be pres · din th fonn 

dx, 
t s - + x, = bz; - · a_ i + 8 

dr 

- I 2 

o excitatory connection 

• inhibitory connection 

Fig. 8.1 Two sequence nodes. 

8 . 1) 
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dx, 
t - + x1 = ln1 + a}•, + 81 

dt · 
(B.2) 

(8.3) 

wher t is the lime con. lam ~ socia1ed with each equence node, b i the weight of the external 

inpul link. a is th w ight of the link connecting the output f one node to the input of another 

node. =t• is th external input k. and 8 is the bias. 

ubs1i1u1ing Eqn. 8.3 inl Eqns. 8 .1 and 8.2 yield the following. 

dx, axj a 
t dr + x, = In, - 5 + (8 -

2 
(8.4) 

d.,·1 
ax, a 

t - + r · = b: + - + (8 +- ) 
dt ' 1 1 5 2 

(8.5) 

By applying lh Laplac 1ransfon11a1ion to Eqns. 8.4 and B.5. we obtain 

bZ,(s )-
aXj(s) a 

5 
(8 - -) 

X;(O) 2 
;(s) = + + 

I I l 
t (s+-) t s(s + - ) (s + -) 

't 'ts 't 

(B.6) 

aX;(s) a 
bZj(s) + 

5 
(8s+2) xj(O) 

J s = + + 
I I I 

t (s+-) ts (s + - ) (s+ - ) 
s 't s t 'ts I 

(8.7) 

where .r,(O) and .rj(O) arc the initial states f node S; and Sj, re pcctivcly. Solving Eqns. B.6 and 

8 .7. the folio ing pres ·ions for X; ) and Xj(S) arc obtained. 

bZ,(s)(s + -
1

) 
a I 1 

(8 - -)(s + - ) x;(O)(s + -) 
'ts 2 t t s 

,(s) = + + 
I '1 ., I ., 2 

(s+-
1 

)2+oi t ((s+ - t+w·) 'tsS ((s+-t+w ) 
't 't 'ts 

(8.8) 
a 

abZj(s 
a(8 +2) fil"j(O) 

, I 2 
5t2s((s+-

1 
>2+w2) 5ts((. +-

1 )2 +<.ii) St·( s +-) +w· ) 
'ts s 't 'ts s 



I a I 
bZj(s) s + - ) 0s+- ) .'i + - ) 

t - t s 
j(S) = + + 

I -i 
t ((s+- )-+ro-) 

I , 
ts (s+ - )-+w- ) 

where 

a 
Ct)= -

t s 

t 

abZ,(s} 
+ 

-i I 2 1~((s+- ) +w-
t s 

If the c tcmal inputs pre ntcd arc 

z, = II T- (i- l)T)-11 (1-tT) 

Zj = II T - U-l)T)-11(1 - jT) 

t .l 

(I 
(/ 0 - - ) 

.I 2 

2 I ., 
5t s((s+- t+w-) 

t 

I 
.t/ 0) s + - ) 

! 
+ 

I s+- -+<l>-
t, 

<I.\, 0) 
+ 

I , 
5-r,((s+- t+<l>- ) 

. ! 

I 7 

8 .9 

0. 10) 

(B. I1 ) 

(B . I ) 

where T is the ·am piing interval. then th Laplace transfom1ation of Eqns. 8 . 11 and 8 . L ;u • 

given in the following as 

Z;(s) 
e-<1 - l )T e- ,T 

= - --
s 

Zj(s) 
e-v - 11r e- ll 

= - --
s s 

Substiluting Eqn . B.13 and B.14 yie lds the following rcspon. c: for cxlcs S, anti Sr 

-, 
x,(r) = et. (x;(O)cos wr - ; Xj(O) in wr)11 (r) 

+ 

a a a 
((0s - 2 )~s(I) - 5( 2 + 8 )a (T))u (T) 

l-a2 

b(~s(r-{i-l)T)11(r-(i-l)T)- ~ (t-iT)u(r-iT) 
+----------- ----l-a2 

ab(a (1-(j-l )T )11 (I -(j- l )T)- a (1-JT )u (1-1T)) 

5( 1-a2 ) 

(8 . 1. ) 

(8 .1 ) 

8 .15) 



_, 
}n = e i, (xlO)cos wr + ; x,(0) ·in wr)u (f) 

where 

a a a 
(0J + 2 >~s(r ) + 5c2 -8s)~(l))u (r ) 

+ 
l -02 

b(~ (r-(J- .l )T )u (r-(j- l )T)- ~s(t-JT)u(f -JT ) 
+ ---------- -----

l -a2 

ab(o.J (r-(i- l )T)u (r-(i-l)T) - <:J.s(r- tT )u (r-iT)) 
+ 

5( 1-a 2) 

_, -, 
I 

-;- I 7. 
<:J.s(l) = - e · cos ror - - roe · sm ror 

'[ 

Eqns. 8 . 15 and 8.16 correspond to Eqn ·. 4.7 and 4.8 of chapter 4, re pcctively. 
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(8.1 6) 

(8 . 17a) 

(B.l7b) 



Appendix C 

Analysis of Competition Between Result Nodes 

Th lutions to the lin ar ana l sis r the c >mpcIi1 ion bet-. ccn t\ o result m tli.'S 10 I 'L'Ulll1.' a 

winn r pre ·ent d ins c1ion 4.4.- . of chaplcr 4 is gi en in this appcndi . 

The d namic 4uaIions for nod s R I anti R'! can be c ·prcs:·d in th· fonn 

dxr 1 
t, di + Xr I = c: I - O)'r _ + Br ( '. I l 

o e ci tatory connection 

• inhibi tory connecti n 

Fig. C. I Compc1ition betwe n two r ·ult nodes. 
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tb., 
1:,-

dt 
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( .2) 

(C. ) 

h ·re,:, Is th integrating 11mc-c mstam. Xn, Yn arc the int mal state and output of node I re ·pec­

ti v I . ,. is th w igh1 of thee 1cmal input link. :, i · 01e e temal input ton d I. a is the eight of 

111h1hitory ·nnnc ·1ions bcr ·en th noel !-. . 

Suhsll1uling Eqn. .. into · qn ·. . I and .2 icld · th following. 

dx,- 1 a .\',-
t, -- + ,\, I = C': I - -- + 

dt 5 
a e--r 2 (C.4) 

tb:, _ ax, 1 a 
t , -- +x,.., = r: -, - -- + (8,---) 

Ir - • 5 2 
( .5) 

8 applymg th Laplace transfomiution 10 Eqn.. .4 and .5. e obtain 

cZ 1 (s) -
aX,2 s a 

5 
(8-- x, 1(0 2 

,I s = + + 
I I I 

,:,(s+- -r,s(s + - ) (s+-) 
't, 't, t ,. 

(C.6) 

(J r I (S) a 
cZ2(s) - 0 - - ) 

5 $ 2 x,2(O 
,Js) = + + 

I I I 
t ,(s+- ) t,s s + -) ( + -) 

't,- t , t , 

(C.7) 

here .r, 1 (0) and x, _ 0) arc th initial ·tatc or nodes R I and R 2• re pectivcly. Solving Eqn . C.6 

and .7. th folio ing prc:sion f rX, 1(s)andX,.2{s)areobtained. 

I a I 
cl 1 (. )(s + - ) 8 - - )( + - ) 

'tr s 2 t , 
, I S) = + 

I 
t ,s((s+-

1 
)2 -{l)2 ) t , ((s+- )--ur ) 

t , 't,-

caZ_(s) 

+ 

I 
.r,,(O)(S + -) 

t, 

(s+-' )2 -{l)2 
't, 

ax,2(0) 

I ,, ., 
5t,.((s+- )~ -{l)-) 

't, 

(C.8) 



X,2 s) = 

h re 

a 
(I) = 

I 
t.Z (s) s + -) 

~ r,. 

caZ 1 (s > 

+ 

If Lhe e tcmal inputs prcsem d arc 

:1 = K 111 I ) 

a(0-a) \ 1 
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( ·. 10) 

(C'. 11 ) 

h re K I and K :! arc con:tant: ith Lhc alu . n O and I. th n the Laplar 1ranslonna1inn 

of Eqn. . . I I and . 12 arc g1 en in lhc folio\! ing at 

(C'. 1:1) 

( ·. 14 ) 

ub ·ti luting Eqns. . I 3 and . 14 yi Ids the folio ing responses for nodes R 1 anti H .!· 

a a a 
I (cK I + 8, - - )~, I) - - c:K 2 + e, - - )CX,.(/ )lu (I) 

2 5 2 
x,,(I = - -----------------

1 - w~, ( :. 1 s) 
-, 

+ et, (x, I (O)cosh (l)f - ; X,2(0) ·inh Wl )U 1) 

a a a 
l(cK2 +0,- 2)~,(t)- 5CrK, +0, - 2)a,(r )lu (n 

X,2 t = 
I -w2 

"' ( '. 16) 
_, 

+ et. (x, 2(0)cosh wr - ; x, 1(0)sinh wt)u(r) 
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- r - r 

l},( t ) = I - e t . c:osh Wt - 't, (J}(I t , sinh w (C.17a) 

_, -, 
( I ~ h I ~- h 

U., I ) = - f ' <:OS WI - - e ' : in Wt 
't, (J) 

( .17b) 

Eqm,. ·. 15 ancJ . 16 correspond to qns. 4.24 and 4.25 of chapter 4. re ·pcclivcly. 
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