
Result 

.' I y 

Output ode. 

Hidden Node 

Context ode 

e 1 e1 

Input. 

Fig. .11 sequential ncuml network with th outputs of a multi -layer 
f ed-for. ard pall m classifier connected to a resul t node R. 
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and thus ·:umot re ·ogniz an input nt. Th pattern cla. ·ificr in that de ign i · used mainly to 

r·c ,gni,c thc Limc-dcpcndcnt output pa11cm of all ·nput node ·. Then twork proposed by Shamma 

also li.t-; th· same lim itation I humma 19 91 . 
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3.8.3. Proposed etwork 

In Lh proposed nc1 ork. thcr arc scqucn ·c nod ·s. ca ·h or , hich containing. a nwmury 

clement. Th sequ n c n des arc mutuall comlC tcd 10 each oth •r h • in11:rnuuw..:1iom,. E:irh 

·cqucnce node i · al ·o connect d 1 > M c tcmal inputs. Thcrcrorc. th• numhcr uf nrnks. 11w11mr. 

clement ·. and intcrconn ctions ·an be summari7 d w· follm s: 

number of nodes = 

number or m mory cl mcnis = c 1. 10 

number of interconn cl weights = 2 + M 

01c Lhat the propo · d nel\ ork do s not require an hid lcn nod ·s. 

3.8.4. Discussion 

A ·ct r quation · ere deri d atxi for each t pc of n twurk 10 ·stimat · 1hr m11nt ·r ol 

node ·. memory cl m nts. and int rconnect ights as a function of the number nl inpul li,w-;, M. 

and th number of input e cm ·. . For purpo · of comparison. 1wo diff rem alu ·s of and Marc 

consider d h re, on repre cnting a small network and th 01h ·r reprcs nting a larg • n ·1 urk 

Tables 3. la and 3.1 b ho Lh c. ti mated number or nod ·s. memory cl ·111 ·nts. ~•mJ 1n1 ·n:unn ·c1 

w ights for each n t, ork mo lei ,. h n = 16. M = 64. and = 118. M = _56. res · ·11 cl . In 

the ca · f multi- la r n 1-. orks. a •in •I hidd n la ·r c mainin • - nodes 1 · a.,:um ·d 

The table how that both time-delay net ork models ha e ;m inh ·n1 pmhl ·m i1h, ·almg. 

Many mem ry elements and intcrconn l ,. ights are needed h n and M arc large. The nun1hcr 

of memory 1 mcn1. and inter onncc1 ci •htr rcquir d arc in 1h order ol M ;u,d M 2
• ri ·six·c­

tivcl . The large number of mcmor ·I mc111: required implies 1ha1 a 11111c -d ·la n ·t ork .., c 

pen ivc LO implement. The larg number of imcrconn ct c1gh1: mak s th n I ork dirt11.:ul1 10 

train. Training becom s more difficult in U1 pres m; or hidden node.-;. hich I acl\ 10 a complex 

error fun lion with man local minima. large number of m mory cl m n1i,, and 11 1c r ·onn ·c1 

weighls al o mak , VLSI implementation or then l ork diflicull. he ·aui,,c there 1s a ltm11at1on 10 



e1work odes Memory Interconnect Hidden 

models elements wei~hts nodes 

Time-delay mulu-layer 24 IUL4 8SlU Yes 

feed-forward network 
Time-delay Hopf1eld 16 1024 16640 No 

nerwork 

Sequential network using a 
Bollzmann machin a,; a 28 4 2688 Ye 

pauem classifier 

Sequential network using a 
mulli-layer feed-forward 24 16 6 8 Ye 

ne1work 

Proposed ne1work 16 16 1280 No 

a) N = 16 and M = 64 

Nerwork Nodes Memory lnterconnecl Hidden 

models elements weights nodes 

Time-delay multi-layer 192 32768 2105344 Yes 
feed-forward nerwork 

Time-delay Hopfield 128 32768 4210688 No 

ne1work 
Sequential ncrwork u ing a 
Bol11Jnann machine as a 199 7 91938 Ye · 

pauem classifier 

Sequential nerwork using a 
rnulli-layer feed-forward 192 128 32768 Ye 

n 1work 

Proposed nerwork 128 128 49152 No 

b = 128 and M = 256 

Tabt . I s1ima1 d number of nodes. memory elements. and interconnect 

, eight: mtuircd of a h n I ork model for different values of N and M. 

lhl' numlx:r of rnmsi ·1or · 1ha1 can be fabricated on a chip. 
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In conrrnst ith 1imc-dcla n uml nerwork ·. a gen ral equcntjal neuml network can be 

s ·akd up easily. Th number of memory clements and interconnect weight required is in the order 

of and 1
. rcsix ·tivcly. Howe r. a general • quential ner ork i difficult 10 train and analyze 



because of the complc dynamical int -rJctions hctwccn no lcs. Hi I kn nn k s :11\' n ·~tt · I in 111os1 

ca ·e'. causing th n I ork to be c en mor diffi ·ult IO Irain and analytl' . 

The propo ·cd n 1-. ork uses on memory ekm 111 per stale and Illus is a spc ·ial caSl' uf :1 !!l'll· 

cm.I qucntial n uraJ n Iwork. Therefor·. lik most gl·n ·ml scqul'nlial n ·twnrk . ii rl·4uirc~ llw 

same order of nod sand interconnect eights. and thus can be s ·al cl up easi ly. ·nie fu ·t thnl lhl' 

propo cd network has only a ·ingl lay r of nod sand all the inI nu ·diatc stal ·s arc kno, n durin!_! 

a training se ·sion pcm1i1s th u ·e of a simple LM training alguri1hm. • en Ihough the nrnks an· 

mutually connected. Since t.lle11 arc no hidd n nodes. the cmJr function is bowl shar~cl anti h, s 

only a globaJ illinimum. Thu · then t\ ork can be trJincd casil . 

The ao;signmem of a scpanue memory elem nt for •ach star· along lh' start· IrajccIor Ihat 

corrc ·pond to a correct sequence means that the network h:L'- no more than on nod· :u.:1i :u an , 

gi en time. It will be hown in hapl r 4 1ha1 lhc net ork can he anal I d casil • hccausc ii is 

ufficient to consider only one or I o nodes at an gi en time in th· anal •: 1s. ll1c elk ·1 ul otlwr 

node · can be ignor d. This is contrJry 10 mo ·1 of I g n ral sequcnIial n ·1works. , hid1 n!4uirl' 

the interactions bet ccn all node: be 1ak n inH ,Kcount in Ih ,mat sis. This an be a crnupk l:L-;k 

when the number of node: in a net work i large. 

3.9. Concluding Remark 

A special conligura1ion of a scqu ntial n ·urnl neI ork ha · be ·n proposed lor us· in 1 ·rnporal 

panem re l)gniLion. Th propos d n twork us · on memory cl ·me111 per stale tu kc ·p Ira ·k of 

each e ent in a qu nc . The recognition results or indi idual events arc th n summ d in Iim • In 

generate a final response. The network ha · a Im er spac complc ity than tJ1c 111nc-d lay n ·tworlc-. 

It has a complexity ·imilar to lha1 of :-<:n rat sequential net orks. hul it is ao;icr 10 train and 

analyze. 



Chapter 4 

Analysis 

4.1. Introduction 

This chapter provide an analy ·i · of the behavior of the neural network proposed in thi 

thesis to recognize a sequenc of events in time. Th re are two purpo cs for pcrfom1ing this 

analysis. n is to understand why th proposed network is able to recognize a temporcil sequence 

and the s cond is to provide inright into the working range: of the interconnection weight bet een 

nodes. To kno appro imately th working alues of the interconnection weights is vital in a VLSI 

implementation of th network because of th limited resolution available when cons1ructing an 

inlcrconn ction with adjustable w ight. Knowing the initial value of each interconnection weight 

also reduc s the tim required to train an twork. as will be sho n in Chapter 5. 

This chapt r begins b introducing a piecewi ·e linear approximation u ·ed to l! naly1 the 

d nami · · of th temporal nod s. An analy i · of the interactions be1ween equence node to Lrn e 

th • nts in a gi en input ·cquence is pre entcd. followed by an analysi · of the temporal integra­

tion pro ·e:s pcrfom1ed by the re ult node m a temporal module. An analy is of the competition 

bet\! en th· result node · \! hen th re arc many intcrconnecttd lcmporal modules is also presented. 

The anal tical result · to estimate th orking range of each interconnection weight in a temporal 

nu dul ar" giv n m ·ach anal sis. Finally. a :impliried training algorithm ba<;ed on the analytical 

r ·suits is pres ·nted. 
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4.2. Piecewi e Linear Approximation 

The propo:cd n ural net\! ork i. compos ·d of man ' simpl' 11 ltl ·s imcr 'Otllll' · tl'll h · lim·ar 

eighted link ·. Thc int maJ ·1a1c of ca1:h nod· is 111 intcgml in 1ime of th· pn du ·ts 11 l' l'I) 

eight and the ·orrc. pondin J output of other conn ·tell nod 'S s • 4n . . .4 ). In hapta J. thl' 

input-output relation or a node as assum ·d to be a sigmoidal transfer run ·tion ol the fom1 

l+e 
- 1 

h re xr . •1 ar th input and output of nod j . respc ·tivel . or th· purpose of anal •sb. ptlTl'\\ tSl' 

linear approximation gi n below ill be u: d. T o tran. .. r•r functions ar • shown in Fig. 4. 1. 

,., = l 0:-·, + 0.5 
.\ J s -2.5 

- - .5 < XJ 
__ 5 

C·P l 

XJ ~ 
__ 5 

Th analy. i · present d in th rest of this ·hapt r ill ·onc n1ra1 on th· tin ·ar region ol the 

transfer function. i.e. where -2. < x1 < 2.5. This is the main region of intcr'st \! hil • a nod· ,, 

changing • tate. Th nod will be acti c h n it: int maJ state is bet ccn O and 2.5. and ina ·ti t· 

when its internal state is betw n O and -2. . omput r simulu11on or th n I\! ork ill use th · sig­

moidal function for compari ·on. 

4.3. Dynamics of Sequence ode 

When the e cm: of a cone t temporal s qu nee arc pr s nt d at re 1 ular int ·rval" I<> a I ·111 • 

poral modul . the qu n c nod : will be a ti ated 11 at a time. Th· acti ation SC<!:.. ·n ·c Ira ·I, 

from I ft 10 right keeping track of the input nts and th claps ·d 11mc t we n e nL, . 

Con. idcr th : qucn · n d on the I fl of th fi gure in ·ig. .2. Th 1gh1 of the · I ·mal 

input connection · f r the n de ar c nfigured or train d so tliat it can reco ini,e only 11 , a-;~, ·1a1cd 

event. £, . For th purpo e of anal si: . tl1 tcmaJ conn ction~ ill • appmximat d hy a -; an •.le 
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)j 

1.0 -

0,7_ -

-sigmoidal 
- - piecewi e linear 

-5 -4 -3 -2 - l 0 1 2 3 4 5 

Fig. 4.1 Comparison between the ·igmoidal and piecewise linear transfer function ·. 

input :,. ~vent£, will be represented by a unit step appearing on input z; . which is otherwi e equal 

10 zer >. sing this simplified model. the dynamics of the equencc nodes wiU now be analyzed. 

onsid r a simple network consisting of 3 sequence node interconnected as shown in Fig. 

4.3. An input sequenc to a modul can be simulated by applying unit pulse on the external inputs 

: 1• :: _. and : of the node ·. A unit pul with a duration of one sampling period appearing on the 

t mat input :, of node i implies that Lhe event hich hould be recognized by the node i pre ent 

at 111' input of the ma hine during that period. Hence. a correct input sequence i · rep~ ented by the 

three pul c · . hown in Fig. 4.4. All other input equences are treated as either panial or incorrect 

s qucn ·cs. In th anal si . c want to ·ho that the nodes in the figure will fire one at a time from 

left 10 right wh n a ·orr ·1. input sequ nee i pre · nted. Otherwise. the sequence nodes remain reset 

m 1st of the time. 
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4.3.1. Analytical Solution 

Wh n a corre .. 1 cqu n · i: present cJ 10 th modul' slu)\ in Fig. 4 .. . ii is sullicicnt to 

analyze two . qu nee nod •sat a 1.lrnc. L t us see \ h thi · is tile 1.:asc. 

Event£; 

tepln ~ 

Fig. 4.2 lmerpretation of • ·1 mal input 10 a nod 

y_ .Y3 

o e ci tatory connection 

• inhibitory conne tion 

Fig. 4.3 A linear chain of · qu nee nodes 



Z J 

I.()-.-------~ O.Q_,__ ___________________ _ 

1.0 
0.0 _.___ _____ .___ _________ _ 

.. 3 

1.0~ 
0.0-~--------.1---------t---------i 

0 T 2T 3T 
time 

Fig. 4.4 A quence representing a correc1 input . equence. 
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Wh'n ·:i unit pulse is pre emed to the ex1emal input z I be1ween t = 0 and t = T. node S I will 

be paniall a 1ive because ii ls lhc lirsl node. and hence. it does not receive any excitation from lhe 

olh r lwo nod s. During lhis period. node S 2 is panialJy acLiva1ed by the excitation it receive 

from node S 1• and nod S 3 i cons1an1ly reset by the inhibition from node S 1• Hence. only the two 

nodes S I and S 2 ar ac1iv during period 0 $ t $ T. 

When 1he n I uni1 puls is presemed 10 the external input _ 2 be1ween t = T and r = 2T. node 

S ~ is fully activat d. because ii has been paniaUy activa1ed by node S I in I.he firs1 period. Node S 1 

is res I by lh inhibition from nod S 2 and nod S 3 is partially activa1ed by lhe excitation from 

node ~ 2- ode . 1 i · rc4uircd 10 be res las soon ru possible by node S 2 • because of lhc inhibition 

f mm node S 1 10 node 3. O1J1crwi ·c. node 3 will 1101 be ·ufflcieml y a ti vated by node S 2 . There­

for . as .m ·tppro ima1ion. the inhibition fron1 node S I to nod S 3 wiU be ignored in the analysi . 

and onl nod · S 2 and S .1 will be trca1ed a'i ac1ive during the period T $ t $2T. The appropriate­

ne ·s or this appro imation, iU be rilicd in · c1ion 4.3. 



Since there ar al mo:t two active scqu nee nod . al an 1i111 •. anal sis or tw > consccutiw 

equence node · i. . ufficienl 10 untlcr ·1antl hm a ·hain or s qucn -e n > k's ·an k, ·p tra ·k of till' 

events in a temporal cqucncc. 

Consider two cons i: ti c scqucnc' nod 'S • , and SJ' Th' d n:unk equations for 1h 'Sl' 1, o 

nodes can be expre . . cd in th form 

where t is the Lime consLant us ·o iatcd with each scqucnc nod . /J is the eight of the c t ·mat 

input link. a is the magnitude or Lhe weight of the link conn cling th· output or on node to the 

input of another node. =k is the e 1emaJ input r node Sk. and 8,1 is the mtcmal h1;Lt.; in "ti ·11 nmk 

The weight a.band the internal bia · 8s ar as:umed L be th same for all 11< des. bl.:causc 1h all 

pcrforrn the amc operalion, namel . 10 reco mizc an input c nt anti tmrt'imil th result 10 lhc n 

node. It ha , also been a · ·um d that th 

Lhe same amplitude. 

citatory and inhibitor conn ·ct ions bctw ·en nod •s ha c 

onsider Lhe folio ing input . cquence sho n in Fig. 4 . .5 

:, = h,!11(1-(i-l)T -11(1-iT)I ( . .5 

( .6) 

where Ti the input ·ampling interval. u(r ) i. the unit st p function. h, and h1 arc binary numhcrs 

taking the alue f either O r I. 

Solving equations 4.3 and 4.4 yields the re ·pons s given below for nod s S, and S1 wh n th ·y 

are subjected to input z; and =i· re. peclively. Th d rivation or this solution can be round in 
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1.0 
0.0-'----+--------------------

(i - l )T ,T 

1.0 
0.0-------------------r-----

U-l)T JT 
Lime 

Fig. 4.5 An arbi1rary inpul equence. 

Appendix B. Nole Lhal lhe following expres ion give Lhe response of node S I and S 2 when 

i = I and j = 2. or nodes S 2 and S when i = 2 and j = 3. 

The solulion I the response · of nodes S; and Sj will be used in the nexL few secLion Lo 

analyze the tempor,il behavior of the equence node in a module and also to eslimaLc network 

panuuctcrs such as th time con ·tant of a node. 



where 

x,(r ) = e t, lx,(0) o. wr - ; Xj(O) :in wr ju (r 

a a a 
I 0s --:-)P1 T)-

5 
(

2 
+0 <X.r 1)j11(T) 

+-------------
1-a '.! 

bh,IP.,u -u-1)n11 , - u- t)T - p r - rr>11u - iT>I 
+ ----------..,--------

1-a~ 

abh1!a (T-U-l)T)11(t-U-l)T)- 1(t-JT)11(f - JT)I 

t a 
Xj(t) = e · l.rj(O) cos WT + - x, sin WT 111 r) 
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a a a 

[(0s + - )P(T ) + - ( - - 0 )<X(T l11 / ) 
2 • -+-------- -----

l-a2 

bhj [PJ(t - U-l)T ll(t -U- l )T) - P1U - jT)11 (f - JT)j +---''-------------------
l-a2 

ahli, I a (r - i-1 )T)11 , - (i- 1 )T - a , - iT II r - tT)I 
+ 

5 I-a ) 

_, 
- I 

Ps(t) = I - e t , co: Wt - 't rne t, sin WT 

-, _, 

( I 
1 I 1 . a r) = - e • cos wr - - we · sin w, 

a 
W= 

t 

t s 

7 I 

(-1 .7) 

( .9b) 

( .<Jc 
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4.3.2. . ode Re pon es 

irsl. we ant tu c amin the intcraclion bcl c n 1wo consccuti c n des hen nod S, i. 

ac1i c hilc the 01h r nod Sr (where j = i + I ). is inac1iv \ ithoul an influ nee from thee tcmal 

inputs: Lhat is. Ii , = O. h 1 = O. x,(0) = 2.5 and x1 0) = -2.5. The r ·pcm · s of S, and S1 when bolh 

nod ' s arc operating in th lin ar re 1 ion arc ·ho n in Fig. 4.6. Thew ight · of lhc int rconncctioru 

arc h = I. o = 0.5. 0, =-{). I and T = t . 

Th solid line: in 1h ligure arc th re:ults obtained from th anal tical ·olution · using piece-

is lin a zation. and the cl II d line · arc the result · obtained from simulation u.· ing the ·igmoidaJ 

transl' r fun lion. Th Ii •urc indicat , lh:u Sj is panially actJ ated by the excitation fr m S,. and a1 

th ' sarn : tim . S, is being slo I turned off by the inhibition from Sj, Th figure also . ho lhat 

r sui t: obtained by applying picc \ i · lin arization r th ·igmoidal tran ·fi r function ar clo to 

tli , ·suits obtain d from comput r simulation u ing lhe ·igmoidal tran fi r runcti n. 

hen c t ·mal inputs ar appli d to th nodes. there arc t ca ·e · of int rest. The first ca ·e i · 

that of lJ stan-up r spon: hen nodes S, and Sj corr ·pond to cith1.:r the first tw · quencc n de: 

in th· module that ha c n nuntercd th beginning of a :e4u nee. or to any two coru· cutivc 

s ·4u ·n ·' nod' · in lh' chain that ha en ·ounter d the beginning of a partial 4uencc. The olh r 

·as is It· st ad stat r spons or 111 : 4u m: nod aft r a number of c nts in a equ nee ha 

Ix· ·n '·ogniz-d by th fi : 1 f '\, nod s i 1 a rnodul . 

The irsl case 1s an imponaru "n • be ·au: it rcpres nt · the re ·pon of the nodes when the 

fr : 1 two e cnts m a ·cqu n · ar pr · nt d. shall con ider the analysis of the nodes ' re ponse 

when . , and • 1 ·nrrcspond 10 node · . 1 and S:? in Fig. 4.3. Initial. the nod arc both reset. i.e. 

\ 1 ((}) = -_.s antl x2(0) = --.5. They arc :ubjccted to e t mal input given by Eqn . 4.5 and 4.6, 

where Ii, = h ~ = I. \ hi ·h rcpr s ' nt the first t\ o v nts in a corre t sequence. The :olid and dol­

t d tin s in Fig. 4.7 shm lJ1 11 ld · re:pon ' s obtained fr m anal tical olutions and computer 

simulation. rcspc ·ti ·I . od S I i: paniall a ti al d in response 10 an input pul between t = 0 

an I , = T . • nd at lJ1e sam tim . help: 2 10 be µaniaUy activated. Between t = T and t = 2T. node 



\', 

0.75 

0.50 

0.25 

0.00-----------------------

-2.5 

-5 .0 _._ _____________________ _ 

O.S-c: , 
time 

0.75-r, 

Fig. .6 Re ·pons s of n d . S, and S1 \ h n h, = 0 ·md h1 = 0. 
Solid line: are th re:ult obtai ned from ·tn ana lylical solut ion. and 
dolled l ines from ·imulati m. 

S 2 is fully aclivated by it · input pul ·c while node S I is r :cl by the inhibition from node S 2. 

7 1 

At Lime 2T, the ·tan up pha ·e has been completed, because node S has been fully activat d. 

Thar i after the fi rst two events in a correct sequence ha been presented 10 a module. tJ1c 

sequence n de reach the ·tcady slate re ·pcm c, in hich the nodes arc fully activated from ten to 

right. one node at a time. In the steady state response. ach node in the chain is partially activated 
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b ih ups1rcam n ighbor. and al.·o rec i c: citatjon from Lh c l maJ inpul. Thu . . t.h activiti s 

in nod ·s. 2 and S in Fig. 4. can be regard d as ·t ady : 1a1 . Th anal ·is is pcrfom1cd b . ub, ti­

tuting the initial conditions .r2(0) = 0.0 ·tnd x 1(0) = -2.5 into Eqns. 4.7 and .8. The I maJ input 

ha ve Ji .. = h = I. Fig. 4. . ho s that th nod ,' ar full ac1i ated. on at a time. by th ir re pcc-

11v • I ·mal inputs. 

p 11, lhis poinl. a simpl n' l ork con ·isting of 3 scqu nee node · \ a · analyzed by a · ·urning 

tha, : 111 of th· nudes is not acti at d. 1. e ant 10 erif th approprial n . s or thi · a ·sump-

11011 h e aminin, Lh respons : or all tiuc nod s when th y arc fully int rconnect d. The 

r ·sponses or th s qu nc n de · in Fig. 4. to a corrc ·t s qu nee and 10 a r rsc · quence will be 

pr ·s ·nt d. Th ,-, r suits arc bas don num rical ·imula1ion of the net\! ork 'incc it is too om pie 

to obtain an analytical solution for th respom; . . ct ork param t r · that arc th an1 as abo c 

ar· used in th simulation. 

Let us amin thr r pons s of th s quence nod · in Fig. 4.3 wh n a c rrcc1 sequence i · 

present d 10 then '" ork. Thee temal input are: 1 = u r) - u r-T). : 2 = "(r-T) - 11 r -2T). and 

: .1 = "(r - _T - 11 (r - 3T). Th int mal states of all the node · arc all re ct to -2.5 initially. The 

int mal stat 'S or Lil node: arc gi en in Fig. 4.9. The rcspon · of the network for a complete 

·orr ·1 s qu nc · a · obtain d by ·imulation i · ·hown in Fig. 4.9. Node St is partially activated by 

th lin:.t input puL : 1• followed by the fulJ activation of ub equent nod S 2 and S 3 by input 

pulses : and : _1 . rc:pcctiv ly. The full acti vation of nodes S2 and S3 repre ent the leady ·tale 

r ·spans· of an 1-. o con:e ·uti n d · in a chain. Hence. lhe pr sentation of a correct sequ nee 

·aus's th : ·qu ·n ·e no I s to be acli at done at a time, from left 10 right. 

The n d ·· rcspon s to a rev I e ' qu nee are given in Fig. 4.10. When the first input pul e 

: J is pres nted to th n t\ ork. nod S i · partially activated. Then, when their input pulses z t and 

: _ are pres 111 d. node 1 and 2 arc only partiaJly activated. because they are con tanUy inhibited 

b ' n >d S ., . H c . wi 1J1 an in ·orrcct s qu nc' mo t nodes remain near tJ1eir reset state. 
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Fig. 4.7 Response of node: SI and S 2 when : 1 = 11 (1) - 11 1- T ) 

and : 2 = u(r-T)- u(r-2T). Solid line · arc the results obtained 
from an analytical solution. and <.lolled lines from simulation. 
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Fi 1• 4.8 Rcspon · s of nodes S 2 and S 3 when z2 = u (t-T) - u (t-2T) 

and : 3 = u (t-2T)- u (r-3T). Solid line are the results obtained 

from an analytical olution. and dotted line from imulaLion. 
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Fig.4.9Rcspons · of nod S\ hcn: 1 = u(t )- u (r - T ). : 2 = u (1- T) - 11(1 -2T ) 

and z3 = u(r-2T) -1., (r- T) are pre: ntcd. 
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Fig. 4.10 Re ponses of nodes when z = 11 (t ) - u (r-T). z2 = u ( t - T ) - u (r-2T) 

and : 1 = u (f-2T ) - 11 (r - T) are pre entcd. 

4.3.3. Estimation of Sampling Period 
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In U1 proposed network. 1im · - arying inputs are ampled at fixed lime intervals of length T. 

gen ·raring a ·cqu nee of 1e111porally related ent . An important i sue is the selection of a 



uitablc :ampling pc1iod for a given network . Altcmativ ·ly. we need 1, <kh:1111inc th\' 1w1wori,.. 

param t rs such as th time constant or th sc Iucn · nod's when 1hc sampling rx.·rind ol a ll'llll l .,t 

r cognition probl m Is }!i 'n. 

Th re ar I o ·ons1rnin1s that dc1cm1in th· sampling r:11 ' . ~irs1. tlw rx·riod lll'Ctkd 10 

a ·ti a1.i a nod is governed b its time wn:tant. t ., . ccond. a lini1 • 1imt· is rl'quirctl tur :in a ·11 vl' 

node 10 cau · the nod do n ·tr am to be p·1n1all I a ·1tvatcd. As a result. lht' sampling. I ·n 1d ol ,1 

network can be . timat d b making :urc that during that I ·n HI a n id· rau Ix: partiall) ac11 va1t·d 

b i t. t mat input and th nod downst.r um is onl partiall a ·ti :11cd . 

on ·id r now nod · . 1 and . :! in Fig. 4 . . \l h ·n an input pul: c or Jur.11i.on Tis p1'l' Sl't1h·tl 111 

nod 1. th internal : tat x 1 (r ) of node S I stlould nsc from :m initial ;du· of --.. 1n a valul' 

·light) greater than Oat th nd or a ·,m1pling period,\ hit· lht' int ·mat -;1a1 • , 1cn of m 1k .\ , 

.·hould rL· from --.5 10 a alu • ·tigllLl y le :,;: than 0. Th ·s· inequalities ·an l • c pn:ssr l 111 lhl lol 

Im ing. 

0 S XI T J (4. 10) 

(4 11 > 

ubtituting x 1(r ) and x 2(f) given by qns. 4.7 and 4.8. rcspc ·tI cl . for , 1(()) :;:-2.5. 

X2( t ) = -2.5. h 1 = I. h2 = 0. and r = T i kl · 1hc folio ing prcssion .. 

(8 - ~ )~ (T - ~ <-} + el )CLs (T) 

X1 (T) = ----------- + 
l - a2 

-T 

- 2.5e 7-"" (cos wT - !!.. :in wT) 
5 

a a a 

h ~s 0 ) - ~ ,(T )) 

I -er 

(0) (8s + 2 )~:{T) + 5(2 -0s) CX, (T) 

- ----------- + ------
1-a2 

-T 
- 2.5e t , (co · wr + !!.. sin wr) 

5 

( . 12) 

(4 . 13) 



0 

prc,sion!\ gi en in qns. 4.9. 

·or c ample. w nsid r a chain of 'i qu nc nod s , ilh -r, = 10-4
• a= I. b = I and 8f =-0. 1. 

A plol of !he valu s of XI T) and X2 T ) r.·us lh ·an1pling period T i . ' hO n in Fig. 4. 11 . In 

ord ·r to 'ialisf lh in 4uali1 in hoth 411s. 4. 10 and 4. 11. the : amr ,g period T should be in th 

ran • 0.55t, < T < 0.80-r,. 

4.3.4. Estimation of Mutual Interconnect Weight 

' 011sidcr no 1hc r.m, or alu : for tJ1 mutual inicr onn ct w ight: . a. that m t the func-

11011al r ·quir 111 'nls o f th scqu nee node: h n tJ1 alu s of 't . b and 8 ar gi en. To pcrfonn 

111 anal sis. again consid r nodes S I and S 2 in Fig. 4. . ith the initial conditions x 1 (0) = 2.5 and 

, 
2 

0) = ___ 5_ 

r I. X 

0 

- I 

0.50t 

X1 T) 

0.75-r 
T 

1.25-c 

ig. 4.11 PIOI of .r 1 (T) and x (T) versu Tin tcnn of -c1 • 

l.50t1 



ndcr no c ci1a1ion from 1lr 1·mal input:. w arc inter· ·1·d in how s1rr111g Ill·~· ·11n101 · 

conne lion from S 1 10. :? should be for . 1 to provide sufli ·i1.·n1 · x ·i1ati m for S ~ to Ix· pan,ally 

turned on in one :ampling period. imilarly. c would like H cs1i111a1 • th· .strength ol tJw i11hihi ­

ry conn l ion from 2 to S I in order to tum . 1 off in on' :ampling pcrio I. 

The e citation from one scqu nc ncxl 10 it: t.lo n: trcam nl'ighhor will I · ·onsitll'n· I 

. uffi ient-. h n thi s c citation alone ·aus·s th int·mal state of the no k downstream 10 n.sc Imm 

an in itial value of-2.5 10 a alu great r th:u1 0 in one sampling ·riot! . For a node IO I • fully tri !!­

gered. it mu. t r c i e ci tation from Lhc n >d' upstr·am und also rmm !he 1..~x1cmal i111 ut \\ hen a 

corre l en1 i · r·c·iv d. lnhibilion from on ·cqu n · nml to the nod· up: tr-am shm1 kl I • s1ro11 • 

en ugh to cau · the int mat ·1a1e or !he la11er 10 cl ·ca from an initial aluc ol __ 5 to a value 1u:-.1 

below O in one sampling period. 

Sub: titu1ing Lh aluc: of initial condition: and c t ·mat input.- i111n ~411:-. . 4.7 and 4.8. ti ll' lol 

lo ing ondi ti ons ar n c ·:ary for proper o ration. 

(0 - a2 )Pl (T) - a5 (0 + ~ )a. .(T) ,,T a . aT 
- ? 5 - I •· ) --------.,----- + - · e cos - + - sin -

I -a~ 't.r 5 t , 
() (4 . 14 ) 

a a a 
(0 + ?_ )~s(T) + _c: (0_, - -2 )a.,(T 'T T 

.l '"' 5 - I (J (I {-!_ ) ------------- + !. . e ( - sm - - ·os 
I - a 2 5 'ts t , 

() (4 . 15) 

where Ps and a. ar the pres ·ions given in Eqn ·. 4.9 h n , = T. Th abo c condi tion~ give u\ 

the first order appro imation of Ll1e \! ight a of the conn ct ions bcLwc n two s 4ucncc nnd s as ·1 

function of 'ts, T and Os. 

The conditions given in Eqns. 4. 14 and 4. 15 d tcm1in the ace ptablc range or th values of 

a. A an example, fort = T = I 0-4 and 0s = --0.1. we obtain 0.5 s; a $; 1.5. or comparison. Fig. 

4. 12 shows a plot of the lime n eded a · obtained by ·imulaticm for x 1 to drop from 2.5 LO a value 

below O and for x 2 Lo rise from -2.5 to a value above O for different values of a. The initial condi -
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Iinn~ us d in Ihe simula1ion er x 1 0) = 5 and x 1 = - . Th doll d line r = t s indicate that for 

1he nod ~ 10 be acli al d in on -;amplin, period oft : ·onds. the ighl · should be uch tl1a1 

0.75 _ a _ I. 5. 

4.3.5. Estimation of Input Connect Weight 

I let us d 1ern1ine a ·uitabl range for the alue of Lhe weight b of Ille external inpul'i. 

WiIhouI ncoura, ment from Lh ·equ nc nod upstream. the ighl b . hould be chosen in such a 

,. ay that lh • ternal input ould ause tl1c node to be only panially triggered in one ampling 

I ·riocJ T. 1. • Ih nod ·s internal state sh uld ri ·e from - 2.5 10 0. The int mal late .r I of a ingle 

nodl' is gi n by 

Tram,fl'r time 

.. 0 t J 

I.Ot 

0.5 t 5 

a =0.75 a= 1.35 

time=,: 

0 0.25 0.5 0.75 1.25 1.5 1.75 

a 

Fig. 4.12 Plot of 111 Lime required for internal states x I and 

x:i I fall from 2.5 to a alue Jes than O and ri from -2.5 to 

a value greater than 0. re ·pc lively. versu a. 

2 



dx 
t - + x = h: + e~ 

dt 
-l . 1 ()) 

where: is the external input and 05 is thi.: int ' mal biu of the node. B_ snlvin!a! and tht:n suhs1i111ting 

: = I. x(O) = -2 .5 and x(T) = 0. w obtain th follm inu relation for sti111ating />: 

h = 

4.3.6. Summarv 

- 1' 

5e t , 
_., 
t 

_( I - e ' ) 

H .17) 

impl anal tical m d I has be n d 'loped for the intcra ·tion hcl en th s q11cn ·c nodrs 

in a modul . For a given application in t mpornl pall m recognition . lh · am1I sis pm it.ks a -, s­

lematic approach for estimation of the net, ork parameters. 

The analytical re ·ult · obtain d from a pi ce, isc line:uizatinn or 1h node' :-. transkr lu11 ·11011 

are lo ·e 10 lh re ults obtained from compul r simulation using a sigrnoidal transfer fun ·tion. Thi, 

is an imponant ob ·crvation, e ·pccially h n the propos d n I ork is consid ·r d for digi tal imple­

mentation on a D P chip ( cc clion 7.2.- r r r r rcncc ). be ausc l11c pi ·c wi: linear tr:111:-.ft:r 

function 1s much fast r to compute. 

4.4. Dynan1ic of Result ode 

The re ult node i rcspon ·ibl for integrating the outputs of the scqucnc • nodes 10 d · 1 ·nn1nc 

whelher a corr cl ·cquence has been rccci d. When a t mporal net work has 10 r ·cogniz s veral 

input sequences. a: parate temporal modul i · provided for each sequ nee. Th r ·sull node in adi 

module receive · inhibitory inputs from th resull nodes r otJ1 r temporal modules. and tJ1c 

module operate in a winner-take-all fashion. Th modul recognizing a correct s qucnc aclucvcs 

the maximum output while outpUL5 of all other modules arc inhibit d. 

Analy ·i of the temporaJ integration process in the rcsuit node or one module is given in th 

n xl ection. followed by the analy. i · for a network containing mulLiple modules. 
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4.4.1. Temporal Integration 

onsider a t mporal module consi: ting of N sequence node · who ·e output are connected to 

the inputs of Lh resull node by exci tatory connection . An example for N = 3 is shown in Fig . 

• I . The result node con ·ists of a leaky integrator that integrate the output · of the sequence node 

with respect to time, with a time conrtanl tr. Lei the internal tate of the re ·ult node be repre ented 

hy a variable x,. which . atisfies Ll1e relation : 

(4.18) 

where N is th number of sequence node ·. Yj is th output of sequence node j. c is the weight of the 

ci tatory conn ction from any sequence nod to the re ·ult n de. and 8r i · the internal bias in the 

- I 23 

O excitatory conn cIion 

• inhibitory onn Ii n 

Fig. 4.1 result nod c nnected to a chain of quence node 



5 

re ult nod . The olution lo IJli. ·qua1ion gi . IJl behaviour or th' rcsul1 11ml for various inpuls. 

a e plain d bclo . 

4.4.1.1. ode Re ponse to a Correct Sequence 

The pre enlalion of a corr ct :equcn' to a hain of s qu n c nodes t:auscs thl'lll to hi.' 

activated in sequence from I ft to ri ght. Th ·1 ti iLics of tJ1c s qu n ·c nod s ·an be aJ pm ima1cd 

by applying a pul ·e 11(1-(j - l)T)-11(1-JT) to th j th input line of th result n >d', whrrc Tis 111· 

input ·ampling period. Solving Eqn. 4. 1 yi Id · 

-(1-(J-l)'f) 

.\''r(r) = c L ( I - e r. 
j= I _, 

.::Y..::iil. 
)u(r-U- l )T - ( I -£' ' • )fl(t - JT 

-, 
+ 8,.( I - e r, )11 (I)+ x,(O)e r, 11 (t ) 

where x, 0) i tl1e ini1ial ·tat or th re ·ult nod . 

(4 .19) 

Fig. 4.14 hows th respon c of a rc:ult nod in1cgra1ing in tim • the . imulat d a ·tlvili s of 

IO quence node when they are ubjcc1 d to a orrccl s qu m: . Th pa ram I ·rs us ·cl a11 • 

T = lO , t, = ST and c = 1. The ·olid line · sh -. Lhc output and lh int mal slate of th' r "iUII nod ' 

wh n 8, = --0.5. The output ri ·cs from Oto 1 and the internal state ri ses rr m - :!.5 to 2.5. after all 

10 c cnt · h c been pres nted. The dolt d line · arc the rcspons · \: h n 0,. =-1.0. In this cas •. tJl' 

node i · only partially activated. Thu ·. by arying the v·tlu of UK' imcmal hias. the output nl a 

resul t node can be cont rolled. 
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Fig. 4.14 Output and internal state of lhc result node wh n a 
correct sequence is applied. Dotted lines arc lhe results 
using higher negative bias. 

4.4.1.2. Estimatioill of Integration Time Constant 

b 

t , 

For a network consi ·ting of N sequence node ·, we want 10 estimate a suiLabl time constant 

t, for the re ult node in relation to lhe input sampling period. such Lhat tJ1c nod will only be 

activated after a sufficient number of correct events have been presented. 
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L I Nut/ be th maximum number of events for which the resuJt node ill remain quie cent. 

and I t N011 be Lhe minimum number of vents needed to actjvate the re ult node. The re ·ult node 

will be regard d as actl hen its internal state, Xr, i · greater than 0. Wh n x, < 0, the node will 

be consid i; d inaclive. ubstjtuting off and N011 and ,,'r(O) = -2.5 into Eqn. 4. 19 give the follow­

ing two condi tions for estimation of 1:,. 

-{1 jJ-1 )T) -(r- JT) 
t , )u(t-(j- l )T) - (I - e t , }U (1-JT)) 

(4.20) -, _, 

+ 0r(I - e t , )u (1)- 2.5e t , 11 (1) < 0 

-{HJ - 1 )TJ -(1-jI') 

t , )u (1-(j-l)T) - (I -e t, )u(f-Jn) 

(4.21 ) 
- I -, 
t t O +8,( 1 -e ' )u(1)-2.5e ' 11 (1) > 

Given N,'ff and N"" as pan of the design cri teria and u ing Eqns. 4.20 and 4.2 1, it i po, ·ible 

to cstimat a suitabl value for -c, . For example. assume that the required value of N0g and N011 are 

4 and 6, respectively. for a network with the paran1eters T = 10-", c = 1.0 and 8, = --0. t , the value 

of Lhe Internal state. Xr, at 1 = N011 T and at r = N0gT are computed for different values of 't, and plot­

ted in Fig. 4.15. In order 10 alisf y Eqns. 4.20 and 4.21, the value of 't, should be such that 

5.7T < 1 , <8.8T. 

4.4.2. Con1petitive Dynamics Between Result Nodes 

When there are several temporal modules in a network. the re ·uJt node in each module 

recei s inhibitory input from the re ·ult node of other module . The re ult node of the moduJe 

r"'c i ing tJ1c correct input sequ nee wi.11 be acti ated. wrule the rcsuJt node of olher module will 

be inhibited. and ill remain quicsc nt. 



x, 

2 
'tr = 5. 1T 'tr = 8.8T 

0 

- I 

-2 

5T IOT 15T _()'f 

Fig. 4.15 Plot of x, versu: 1, in I m1s of T for 1111 = 4. N,.,, = 6. 

4.4.2.1. Analytical Solution 

To analyze Lhe competi tive procc · involved in the winn r-lak -all dynami ·s of 111ul11pk 

temporal module • two re ull nodes.R I and R2 • arc con ·idcrcd. Th y ar ini rconn ·cl ·d as silo n 

in Fig. 4. 16. Each node receive ' an external input : ,. which rcprcs nis 1hc sum of ac1ivi1j s coming 

from the corrc ·ponding equencc nodes. Th dynamical cqua1ions for nod s R I and R. can be 

written in the r om1 

dx, 1 t,-- +x, 1 =c:, - a , 2 +e, 
dt 

dx,2 
t ,d( +X,2 = c::2 - a 'r l + 0, 

(4 .2 ) 

(4.23) 
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Yr I Yr2 

2 

o excitarory connection 

• inhibitory connection 

Fig. 4. 16 Two competing re ult node 

wh re Tr is the integration tim -constant, x,, . .Yri are the internal tale and output, respectively, of 

nod i. c is the eight of the external input link. :, is the external input to node i. a i the weight of 

inhibitory connections between th nodes. and 8r is tJ1e internal bias in each node. 

onsid r the following inputs 10 node R I and R 2 in Fig. 4.16 

Z t = KI II (T) 

z2 = K2u(r) 

wh re K I and K 2 arc con tams and O $; K 1 • K. S I . 

olving tJ1e equation · in the lin ar region of the piec wi e linear tran fer function in Fig. 4.1 

yields th following r . pon , ·. 



where 

1 
+ , - - >a, (f) Ju (r) 

_, 
+ e ~ (Xr1 0 cosh wr - ; Xr2 0 sinh <or II r ) 

_, 

+ t , (.rr2 O)cosh Wt - ; x, 1 O)sinh <or )11 t ) 

- I 
_, 

P,(r = I - e t , co ·h wt - t ,we t , sinh wr 

- I - I 

) I t I I t. I a ,(/ = - e ' cos 1 (J}f - --e ' Sill l Wf 

a 
W = 

t, 

't,W 

1)0 

and x, 1 (0) and x, 2(0 are lh initial condi tions for the inputs of th nod ·s. R f r to Appc11di for 

lhe derivation of the e olution . 

4.4.2.2. Node Responses 

To examine Lhe competitive proces, bel een two nod .·. consider the case when node I is 

inactive and node 2 is active. A ·sume Lhat node I receives an xtcmal inpul of I. rcpr scnIin I a 

correct input, and that the external input to node 2 is 0. This is Lhe scenario of a r suit. node IhaI h,t., 

been ac1ivated by a fonner equence, and is being deactivated by the inhibition from ,moth r node. 

which i now receiving a correc1 equencc. The initial conditions of Lhc nodes in U1c lin arr gion 

of lhc piecewi e linear transfer function arc Xr 1 (0) = -2.5 and Xr 2(0) = 2.5, and the exlcmaJ inputs 

to lhe nodes arc K 1 = 1 and K 2 = 0. 
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t us now invcst.igalc how the weight of the inhibitory connection between two n de 

af~ els th competitive pmc ss. Substituting Lh initial condition and cx1emaJ inputs into Eqn . 

4.24 and 4.25. Lhe rcspon cs of nodes R I and R 2 arc ai hown in soli.d lines mn Fig. 4. 17. The two 

dou d Imes in th figure arc Lhc rcspon · s obtained from simulation using a sigmoidal transfer 

func:Llcm al each node. The figure d picts Lhc re. pons of nodes R 1 and R 2 when Lhc weights of lhc 

inhibitory conn ctions between the two nod s ar weak (a < 5). The internal tat Xr I change 

from -2.5 to a value greater U1an O in a period less Lhan t , . At Lhe ame time. Lh inhibition from 

node R I cau: s the mtemaJ slate Xr2 to change from 2.5 to a value le than 0. However. when the 

weights of Lh inhibiiory connection between nodes are strong (a > 5). Lhe competition between 

two nod ·s do snot take place. The respon'ics of the node · in Lhc latter case arc :hown in Fig. 4.18. 

ode R I cannot be activated by the external input in a period oJ 'tr due to the strong inhibit.ion 

from node R2• In Fig. 4.17. on ·hould note Lhat the result · obtain d by u ing pieccwi.e linear 

analysis arc clo:c 10 the re. ulls obtained from simulation u ing a ' igmoidal transfer function at 

each node. However. the ·imulation and analytical re ·ult h wn in Fig. 4.18 arc close to each 

other only for Lil 1im between O and 0.25t, becau · Lhe nod · no longer operat in the linear 

r gion for strong inhibition · between nodes. 



y, I. y,. 
1.00 

0.75 

0.50 

0.25 

0.25-r, 0.5't, 
l ime 

0.75't, 't, 

Fig. 4.17 Response · of R I and R 2• olid lines arc 111 result-; oh1ainc<l 
from analytical solution ·. and dashed lines from simu lation. 



• r I. Yr 2 
1.00 

0.75 

0.50 

0.25 

• r I ···· ······· 0.00 .J_ __ ···_···_···_···_·· _··· _· · · _···---···---···~···~·· :..:.:.··· :..:.:.· .. .:..:.: ... .:..:.: • • ·=···:.:.:. .. :.:.:.···= .. =:.:.:.:..:.:.:.:.:..:..:.:..:..:..:.:.:.:.:.:..:..:.:.:.;.;.; 

x, I. x, ~ 
5.0 

2.5 -.--~ 
··· ······ 
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x,1 
·············· ·················· ·· ················ ··· ······· ······ 

-5.0_,___----~----~-----.-------. 
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Fig. 4.18 Re, pcm. s of R I and R 2 when a is too lrong. 

4.4.2.3. Estimation of Mutual Inhibitory Weight 

t, 
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A ·uitablc mnge for a may be derived from the analytical expre ·ions. For node R I to 

become a winner within a c rtain period. Lh · internal tale has to change from -2.5 to any value 

abo c 0. and x, _ har to change from -.5 10 an t11 .1c below 0. Since the time constant 1:, is as oci­

atcd ith how fa . t a nod can be acti at d, w choo ·e th period required for the above acLivitie 

to 1c ur to be t ,. ubstlluting th alu • of th above iniUal condi tions and external inputs into 
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Eqn .. 4 __ 4 and -t .25. the nc '"S.':t • ·on litions lnr a winner-take-all pnlL'l '-S Ill , ·rur r an ht· 

pr ss d as foil w:: 

u . u u 
(r+ r - 2)P,( t , -

5 
0,- _ u , (T, 

() -

I I I (8, - - )~1 (T, ) - - C + 0, - - )U,(T,) 

I - " "! 

5 - I I a . I + - ·· e COS l ti + - SIil 1 (I ) 
5 

wh f1 p and a, ar pre ·: ion. gi n in qns. 4.2oa and -t .26b. rcspcc11 cl •. 

G1 en lh aJu · of r and 0, . th range ol , for\ lrn:h the nod -~ 111 01 rate III a \ 1111K·r 

tak -all fashion can be estimat d using th ' abo ·onditions. Ho ' ·r. 11 i. onl an appro i111a1mn. 

because tJ1 equation: do not ac ount for then m-lin uri t in th· translcr I unction ol a nmk. In lhl' 

case of mulli-m dul ·y:t m. th aluc of 1 d ri cJ abo ' pro ides an upper hound. The total 

inhibition from ·everal panially tri gg r d node · 111 a 111ult1 -111odul • s st ·111 ma be gn·atcr than 1hr 

inhibition from on fully acti node in a t o-modulc s st ·m. Th· s1mng inhihi tilln Imm 111ult1pk 

module may pre ent lhe firing of Lh result nod in a modul r c ·1 ing a wrrc ·1 -;•qu·n T llcnn·. 

10 en ure proper acti ation of a nod recci ing inhibition.- from nth ' r pan,all 1rigg ·r <I nod ·~. th· 

inhibitory weight a should not be greater than th aluc gi ·n b th ' upper bound d •fin ·cl h tit · 

analy. i forat o-node ·y tem . 

To demonslrate the application of th t o conditions in Eqns. 4.27 and .28. ·onsid r a n ·t -

work with the fi II wing param t rs : T, = 10-3. c = 4 and 0, = - 0 . . By suhs1ttu1111g th alu ' '- of 

the parameters into Eqn . 4.27 and 4.28, c obtain O ~ a ~ 7.5. t us no inv ·stigat 1h a ·cu-

racy of lhe estimated range for a by comparing it ith th range or a ohtaincd hy U'>tn • a s1gmoidal 

tran fer function at each node in a imulation. The iniliaJ conditions us d w re r 1 (()) = - 2.5 ancl 
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.,, (()) = 2.5. iUl<.I lhC ' I ·maJ inputs w re K 1 = I and K 2 = 0. h ·olid and dolled lin . in Fig . 

. 19 arc a plot of the time for x, 1 ( t ) 10 ri : from -2 . 10 a va lu j u: 1 abo O and 10 dcca from 2. 

10 a value Just hclow 0, respccli cly. a· Ihe eight a varlc ·. or node R 1 10 be acli atcd and node 

R m be dcucIiva1cd after a period t,. Lhc ight · should sati f 0. $ a $ 3.15. Th re fore. the 

range of a obiaincd from the anuJytical solution i · an ace ptable estimat for th mutual inhjbitory 

wci •Ill . a. bet cen modul s. 

4.4.3. Summary 

We ha c anal z d in this : ction how a re ·ull node in a module can be u ·cd 10 integral in 

time the activiti : ol the s 4uenc nodes in the ·an1c m dule t generate an output reprc · nting a 

Tram,f er rime 
2.0 't, 

I.Ot, 

X,1 

0 2 3 4 5 6 

a 

Fig. 4.19 Plot of the r quired time for internal tatc x, 1 and 
.r, 2 to fall from 2.5 10 a alu le ·s than O and to ri fr m -2.5 
to a aluc greater than 0. re ·pectively. ver u · a. 

7 



t mporal scqu nc . an th ·om~ti tion bctw ·en 1hr ·suit m ks of IWl nHx.lul ·s whlTl' u1w 

be om . a , inn r. Th anal : is h~L'i also provide I a wa to s1ima1 llll' par:tllll'tl'rs su ·It as 1lw 

integra1J n time ·on ·tant or th rc:ult no I ' for a giv ·n appli ·,uion. The cs1ima11un uf th· m·t or\ 

param t •r: i · us din 1.he. 11nplili d training algorithm. wh1 -t1 will tx· prcs1:ntl'd tn th• nnt sc ·tinn. 

4.5. Simplified Training Algorithm 

The training algorithm . :nt ·<l in chapt ·r . r ·quires a long ·rn11pu1:11ional 1inw tt 1ra111 a 

mporal modul . be au ·e ight. arc adjusted in small im.:re,wnt:. 

Thi. • ection pres nts a . implili cl algorithm 10 trJin a I mporaJ module. in whi ·It 0111 lhl' 

e1gh of the input inter onn ct. arc adjusted. Th ·ight · of th· int ·r ·nnn ·cts tx:1 (•en nod ·s an· 

computed u ing th anaJyti al results pr · nt d in th arli rs· tiuns. Th' train in~ algorithm con­

si t. f the folio ing t ps. 

( I ) For a gi n appli ·ation. h re th :am piing period T i: kno n. d rennin· the numtx:r or 

·equ nee nod s n ded u. ing 
T,111,1 h 

= -
7
- w re T,0 w1 is th duration of int r st. 

2) hoose the Lime con. tant of th s qucnc nod s to be T S t _ _ T and th tim' rnnsta111 ol 

the re ·ult nod to be tr = 11 T 

( Detennine uitable interconn ct w ights between s qu nc nod s to the node to be in th 

middle of the range dcfin d by th in qualitie. 4. 14 and 4.15. Dct ·nninc th input conn ·ct 

weight to the re ·ult nod u ·ing 4.20 and 4.21 . f'inall . dct miin the mu1ual inhihi10 

wr.ights between modules using 4.27 and 4.28. 

(4) Uncouple all sequence nodes in a modul . and train each node to be panially ac1iva1cd by 111 • 

a sociated event in a tr-dining equence. To speed up th training process of each sequence 

node. compute the starting vaJuc · for the input connect wcighL'i using Eqn. 4. 17. 

(5) After all th ·cquencc nodes ha e been trained. link the scqu nee and result nod s in a 

module together using the int rconnccL wcighLs from step 3. Th sc w 1gh1s may requir 



some nne-runing. bccaus r the appro imation u ·ed in 111 anaJytical model. 

(6) Repeal steps 2 and 3 f >reach modul in the network. 
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(7) After each module is trained to recognize a temporal ·equence. interconnect all t: e module · 

in u network using th interconnect weights from tep J. The intemaJ bias of the re ult n de 

in each module is th n line tun d by pr senting lhe complete training equence to the net­

work . 

Th · atxw' algori thm provides a simple and modular approa ·h lO he training of the propo ed 

n twork. It ha: be n used to train larger network than the one prescnte,t in chapter 3. Simulation 

r suits of s v ral large networks train d by th.i algorithm are presented in Chapters 5 and 6. 

4.6. Conclu ion 

his ch·1pter has used a piecewise linear model 10 analyze the behavior of the propo!>ed tem­

poral modul . The analysi yield · an ·timatc for parameters uch as the sampling period and the 

int rconn cl weights. The I mporaJ integration proce•·s in a re ·uh node was aJ o analyzed. The 

analysis of Lhe , inn r-1ak -all dynamics betw e,· multiple result node for neural networks with 

many t ·mporal modul s provide · an understanding of the inhibitory proce. s between the node 

when they compel with nch other in a winncr-t.akc-all fashion. 



Chapter 5 

Application in Motion Detection 

5.1. Introduction 

Motion detection in computer is1 n is an imponant task. Image input i. · sampl "d al regular 

intervals and presented lo a det ctor a a sequen of imag s. on imag at a Iim . A mas.-iv • ·om­

putalional effon is required because a motion d tector needs to compar succ ss iv im age.- in n 

·equence. taking into account the elapsed time bcIw n them. ft r a111ining a suflici 111 number 

of sample • it ·hould decide wh ther the sequence represents a moving obj ct. veral math 111ati -

cal models. software algorithm· and experimental system · have been pr >pos d ilh ·r 10 a hicv • 

motion detection in real time or to und rstand the c mputational proc ss involv d in a hmlogic;al 

vision sy tcm [for example. Barlow 1964. Barlow 1965. urland r 1987. Poggio 1987 . . ivilo111 

1987. Hutchingson 1988. Mead 1° 8. Yuille 1988. Mead 1()891. 

One approach to meet the large computational requirement or a moIion deI ctor is to uIili 

tJ1e parallel processing ~apability of a neural network . This chapter pr scnts 1he implem ntaIion of 

a motion detector using the temporal m dules pre. ent d earlier. A number I such nmdul s arc 

u ed. where each moduJe is trained to recognize one particular moti n fan I bj ct along a gi n 

trajectory. Once all the modules have been train d. lh y can be used 10 d t u the mov ·mcm , ran 

objec1. 

The pufl)O.'e of this chapter i · l illustrat the application of th modules propos ·d in chapter 

3 to moti n detection by providing realistic tc t inpuIs. It is not m ant Lo be u d tail d study on 

motion detection. 
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1 he ch,tpt r i: di •rd d into thrc :ccIions. II begin · by rntr du ing . omc of lh c i ting work 

on motion detection. and 1hen describes Lhc architec1urc of 1hr propo d m Ii n d tector. perfor­

mance s1ud of a mo1ion d t c1or bared on on module wilh a f scqu n . node i pre med. 

l l llow d by some simulation resu lts of larger networks. 

5.2. E i ting Approaches to Motion Detection 

~ ·vent! afi ·hit ·tufi · 1hat a 1101 b,l!:ied n 1h neuraJ net ork approach hav been propo ed 

ror r al -time motion d le tion !Di kmanns 1988a. Dickmanns 1988b. Dickmanns 19 9, Bun 19 9. 

Wa man 19891. Fore ampl , the archi1cc1ure proposed by Di krnann · use · a fast mulli-processor 

·y. l r1 to achicv r al-Lim motion d tcclion !Dickmann 1988a. Dickmann 1988b. Dickmann 

19 9J. Thi · ·ystcm is based 11 th Kalman filler approach to re ursive late estimation to detect 

the motion of rigid obje ts when a ·cqucnce of image i presented. The feature po ition and angu­

lar ori ntation of a h obj ct rclativ 10 Lh cam ra arc computed for every image pre ented and are 

us d for stlmating the state variable f lh Kalman filter ba · d on lhe d ' ffcrcnces between the 

p1'1 di ·tc I and 1hc measured feature position . direct patial interpretation including velocity 

componcnrs can be d rived from the prediction errors. Thi architecture ha been used to guide a 

1 st vehicle mo ing at high ·pceds on a highway under ariou weather condition . 

Wh n an bj c1 n o s. the int n ity at · m pixel of the image change . A popular algo­

rit11m 10 d tect motion is to omput U1 spatial and temporal intcn ·it change at every pixel of an 

1111a, !Lon u I-Higgins 19 0, S hunck 1984]. The re ult of thi computation is a pattern of vela­

it v ·cto~ call d optical flow. hich provides the location and motion of the obje t. To compute 

tJ1 opti al now pauem at ca h . u cc. i image requires imcnsivc computation. Thu real-time 

omputation f optical now cannot be achi ved on current equ n1iaJ computers. One approach to 

me I lh n!al-tim r quircmcnt of computing optical flow is t exploit the parallel computation 

abilit y of an uml n t ork on a LSl .hip. omc VLSI chip· Ulat do real-time computation of opt-

i ·al llo\: ha c n impl m ntcd [Hutchinson 198 . Koch 19 9, Mead 19891. 
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0th r fonn. of n ural n 1w rk · that com put' vi:ual mot inn ha c al:o tx·cn pm1 lSCd . F ,r 

e ampl • a neural n 1work 10 a ·ount f r : hon range motion dc1cc1ion in Lh • insc ·1 visual s •sll'lll 

wa propo · db Ogm n and Gagn [Ogrncn I 01 . Th net, ork is bas·d on a mu.kl in whi ·h two 

input ignal from t o n d · t succ ssi lime s ps ma int ract in product fonn using a "gatt·d 

dipol ". in addition to the spatial summation or w ight d in ·oming signal s at ' a ·h node. This 

int raction . imulat · the pr -synaptic inhibition that gi ·:an ·umn the abilit , 10 <let ·t nu !inn in a 

biological vi ion sy t m. Sercn used a multi -la r fccd-fo f\ ard n ural 11 •Iwor ·. tog •th~r with a 

layer of local d tec10 capable of d 1ecting the compon m of motion pcrpcndi ·ular to thr on ·nta­

tion of th m ing dg • to r cognize th global mo ment of random I ori nt ·d contours !Sereno 

19 9]. In an th r n ural network proposed by Mar:hall. a : 4uential neural n ·1, ork , as us ·d to 

pcrfom1 m tion det ct ion I Marshall 19901. Th n I\ ork is train d in such a wa that 0111 1 nodes 

local d along the direction of motion ar linked by c ·i tato ·01111 cti o11s. th rwisc till' an.· 

linked by inhi itory connections. s a re ·ull . th nod s link d by ' ci Ia1<, ·ornw ·Iions ;11 • 

activa~ d accordingly wh nan obj cl mo e · along the training path. ny oth r ir ·Iion ol motion 

cause the node· to be inhibit d. 

5.3. Proposed Motion Detector 

Given a quen of images of an obj ct moving in a plan parallel to th ' image plane. th· 

function of the propos d motion d tector i · to . 1imat quantities such a-; the spc ·d and clirc ·1ion ol 

Lhe m vement of an b' ct. Th de1e tor do snot pcrfom1 any spati al pauem recogni ti on I un ·tion. 

It recognize th motion of any obj cl at long as th object mov ,; alon 1J1e traj ctory that th· 

detector has been train d to rccogniz and has a imilar physical siz 10 the size ol the training pat ­

tern. 

Image input to the d L ctor consi ts of a t o-d imen ·ional array of binary pix Is. A sc4u nee 

of image · is generated and presented to a dete tor by ·an1pling the input at regular int rval,; . The 

m Lion detector i · organized in three layers: input sampling, . um ming, and s qu nc " cogni tl(ln . 

a h wn in Fig. 5.1. 
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Motion detection is accomplished by comparing each two uccc ·i e image, in a cquence to 

d t nninc th diff rencc bet, ccn the current and previ u images. An object i regard d as moving 

wh n c angcs In ii · position arc d tcct d in two or more ucccs i c image . Motion i detected by 

pro iding for a h pixel in the image input a di crcte time differentiator that generate an output f 

on if th pres nt input is different from iL'i previous value, and zero otherwi e. A moving edge 

Temp rat 
Mod~le I 

Output 1 

----t!'---~ 

••• 

Image Input 

Output 2 

Temporal 

Module 2 

Summer 

Di crete Time 
Differentiator 

Fig. 5.1 rchitccture of a motion detector 

Sequence 
Recognition 
Layer 

Summing 
Layer 

Input 
Sampling 
Layer 
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cau · a chang in brightn · at s m pi I.. h n ·c cau: . non-:,c t ·mporal dcri :11ivc: to Ix· 

gen rat d by th correspon ling diff rcntiators. 

Connecting th output of each differ ntiat >r dire ·tt y to 1h · 4u ·n · • re· >g11i1ion la r is 

infeasible. bccau. th image inpu t ompri · s a tar •e number \)f pi Is r 4uiring man intc1con­

nection ·. To reduce the number of ini rconn ctions n cd d. a summing In r is used. It ·onsists of 

a Lwo-dimcn ionaJ array of linear summers. Th imag i: di ided inw regions call ·d , in Im s. ancl 

each ummer i a :o iated with th pi els in a., indo . A ·ummer sums th· magnitutk nf tile time 

derivative of the ignaJ from each pi cl in th a · ·ociatcd , indow at a ·h sampling period. a11d 

give an c ·timat of the acti iL occurring in th windo, . Th' summ ·r's output ,; ill he bet c ·n 0 

and , depending on the density of pi cl · that hav • chang d in briglun ss during a sampling pcric,d 

The wind w · a ·ociat d with th . umm rs may o crlap. as sho 11 in Fig. 5. 1 anti in more 

detail in Fig. 5.2. Thi · o erlapping of windows has be n us d by nth rs in c t1ain ar ·hitc ·1u s for 

panem recognition [Rum !hart 19 6. Fukujima 19881. It acts as a lowp·1ss lilt ·r on th · su111111 ·rs · 

output The inputs of Lhe ummcrs arc connect d to th outputs of the diff rcntiators. which arc 

repre entcd as circles in Lh fi gure ·. For a diff r ntiator witl1 ·m output of I a solid d r ·le is used, 

and for an utput of O an op n circle is us d. If the outputs of all th dill n:ntiators in a indow 

a ociaLed with a. umm r arc I . then the output of that ·ummcr wi ll be I . th ·rwis . 1h summer's 

output will be a fraction of I depending on how many differentiators in the indov arc 1umcd on. 

The window in Fig. 5.2a do not o crlap. For th output paucm sho n in th· Ii 1ur·. summ r 

~UM 2 h· an uLput of I. wh rcas th other ·umm rs ha outpuL~ of 0. When 40 ~ indow ov r­

lap i u,cd. as , ho\! n in Fig. 5.2b. the same ou1pul pall m of the diffcrcntiuturs caus s '>umm ·r 

SUM 2 to ha e an ou1pu1 or 0.6. and ·ummcrs SU I and S M IO hav outputs of 0.2 ca ·h. With 

more vcrlap. the summer· oulput chaJtge · I ss abruptJy · Lhe objcc1 move:. 

The equcnc recognition layer con ·ist · of ·evcraJ t mporal mo<.lul s. each trained to recog­

nize a ·pccific trajectory of an object in time and space. II modules receive 1J1c same inpul from 

the summing layer. and a h or the modules keep track of th difference bctwc n two ~ucc ssive 

image cau d by a mo ing object. When there 1 • more than one temporal module in the ~cqu nee 
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0 l 0 

summers 

a) no window overlap 

0.2 0.6 0.2 

ummers 

r----- --r===~- --~~~~,-------, 
O :0 O O :o e: • :e 0 : O O 0 : O differentiators' 

I I I I I I outputs 
L- -- -- - -~~~~~- --~===1-------~ 

b) 40 o/,: window overlap 

Fig. 5.2 An army of ummcrs with their re ·pective windows. 

r ·~ognition la er. the mo cmcnt of an object along a trajectory that is close Lo one of the training 

trnjcctorics ill caus one of them dulc · to be activated. Ideally. the other modules should remain 

quiescent. How vcr, Lhcy cans m time · be partially activated due to noise or to interference from 

the trajectory prc:cnt d. To pre cnl the partial activation of the mod les, they are operated in a 

winn r-tak -all fashion. with each module r~c iving inhibitory inputs from all other modules. The 

modul" rec gnizing the correct motion sequence achieve the maximum output while outputs of all 



104 

the oth r module · arc inhibited. 

5.4. Estimation of Weight 

uppo · we want to de ·ign a simpl motion d t ·t r that rccognitcs 111 • right war I motion of 

a w-pixcl solid object at a peed or w pL cl. per unit tim again:1 a , hitc ba ·kground. Th ohjL'Cl 

motion is sampled and held at cv ry 10 · cconds. g n rating a :cqu nee or 11 images. 

Consider a motion detector shown in Fig. 5.3. The temporal modul " consis ts of ten seq11L·mx 

nodes and one result node. The window associated witJ1 a ·h summ r has a size of 11• pi els . . um -

mer i will produce an output or .:!.. hcncvcr x pi els in windo W, chang • th 'ir value in a unit 
w 

time. To enahle ·equcncc node S1 t d t ct the motion of a w-pi )bjc ·1 rmm windo i IO i +I. 

the node inputs are connected 10 the outputs of summers SUM, ,md M, 1 by ci tatory conm· ·­

lions and to other summers by inhibitory connections. By intcrconn cling th .""qucncc nodes in a 

chain. as described in chapter 3. it i · po ·siblc 10 have a detector tJrnt can recognize the motion of an 

obj ct specified above. 

Since the ·ampling period T is given, the ·ystem param t rs can be estimated using th· 

analytical results from ections 4.3 and 4.4 of chapter 4, a5 shown in Tab! 5.1 . Th motion d t c­

tor was simulated using these panuneters. Output )R of the result nod lO tJ1c rightward and I ft . 

ward movement of a w-pixel object at a speed of w pixels very T seconds is shown in ig. 5.4. 

The figure show that the detector is able to distinguish bctw en th two lypcs or molion. even 

though the output i a bit low. The low output is due to approximations rnadc in chapt r 4. wher ii 

wa, assumed that al l the node arc operating in Lhc line~r region of Lhe sigmoic.lal out.put function. 

However, the result indicates that the analy i · given in chapter 4 is sufficient to pmvide an estimate 

of the panuneters. 

U ing the paran1eters in Table 5.1 as the inilial values for the intcrconn ct weights between 

nodes. the network is then trained to recogni;,c the two motion sequence. using the LMS algorithm 

given in chapter 3. Fig. 5.5 shows the responses or the trained detector 10 an object moving to the 
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Fig. 5. A motion detector to detect a linear motion. 



param I 'Poi values 

t ~ 10--' 

' J -0.1 

a 1.5 

b 0.5 

t r 5 10 

e, -0. 1 

(.' 1.0 

Table 5.1 Estimated system paramct rs obtained from analy1i,cal results. 

YR 
0.3 

to r0+2T 

rightward motion 

leftward motion 

to+4T to+oT 
Time 

t0+8T to+IOT 

Fig. 5.4 Output of result node when an object moves to the right 
and left using weights derived from analysi ' . 
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right or I ft. nlikc I.hc rcsponsc"i in Fig. 5.4, Lhe output of the detector is close LO I when the 

obJ ·ct is movin 1 from lefl 10 right , and is below 0.2 otherw i. . The re. ult · sho a much belier abiJ­

ily to dislinguish between leftward and rightward motion. 

Tabl 5.2 gives Lhe outputs of the s 4uenc n de · for each period while the object i · moving 

from I n to right Thi: iable is pro ided so that ompari on can be made when a different input 

condition 1s introduced. During the first period. node S I i excited by ummers SUM I and SUM 2• 

and thus iIs output rises from 0.0 IC) 0.4 at time to+2T. The output of node S 2 ri es lo 0.5 at to+2T. 

th n to 0.8 at rim t 0+3T. The higher excitation values at node S2 arc due to Lhc rac1 Lhal Lhe node 

has been pre-c cited by node S 1• Th output of subsequent nodes increase In a similar manner. 

Th rcfor . wh nth xcitation i. re ci ed by 11-'e nodes at Lhc right time. they are trongly activated 

from left 10 right. one nod at a time. The time integral of Lhc quence node outpuL1, computed by 

the result node gives ri. 10 the re. JX>nS shov n by . olid line in Fig. 5.5. The output of the re ult 

1.00 

0.7 

0.50 

0.25 

0.00 

YR 
rightward motion 

leftward mOLion 

- - -
___ ,_. 

- - - - -

ro ro+2T ro+4T ro+6T to+BT to+IOT 
Time 

Fig. 5.5 Output of re ·ult node when an object moves 10 the right 
and left aJter training. 



node al tim ro+ 11 Tis 0.977. 

5.5. Training Rate 

In thi sect ion,\ e wam to d t m1in if IJ1 re is :m spe, I-up in th· training rat of a Ic111r ,rnl 

module when initial weight · a pre-estimated using the anal sis 1?.i en in ·haptcr 4. as rnmparl·d 

with that of a modul ha ing zer initial v eights. Th comparison is a ·hi ctl b mcasurin • 11 • 

number of it ration.· required to train a m dul such that th training rmr is Im ·r Ihan a ·cnain 

thrc hold. 

T o type of training error can be measured h n a tempornl module is train ·d to r ·ogni,c· 

a equence of image , representing the mo ement of an obj ct. On is tl1 ·rror gen rat ·cl b 1Jlc 

equencc node · and the other on is the c111 r gen rated by the result nod . The l rJining ·rror gen­

erated by a chain of quencc node in one training iteration wa · 111ca'iur d as fol io s. -irsI . lit· 

um of tJ1e square of the errors at aU nod sin the chain is obtain d for ach v ·nt pr ·s 111 ·tl . Then. 

time s, S2 S3 S4 Ss s6 S1 SR SI) Su, 

to 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
t0+T 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
to+2T 0.4 0.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
to+3T 0.0 0.8 0.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
t0+4T 0.0 0.0 0.9 0.5 0.0 0.0 0.0 0.0 0.0 0.0 
r0+5T 0.0 0.0 0.0 0.9 0.5 0.() 0.0 0.0 0.0 0.0 

to+6T 0.0 0.0 0.0 0.0 0.9 0.5 0.0 0.0 0.0 0.0 
to+1T 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.0 0.0 0.0 
r0+8T 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.0 0.0 
to+9T 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.0 

to+IOT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 

to+l lT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 

Table 5.2 Outputs of ·equence nod . at each period hen an object of w pix l'i rno s IO 

the right at a speed f w pixel · per unit ti111 . 
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1h sum of the ·rrors for all cvem. in th training ·equ nee i · obtained. One training iteration is 

comple1ed at the end of eac;h scqucnc<:. After lhe sequence nodes have been trained. lhe result node 

in th· same module is th n trained to generate a orrcc1 respon e at the right time. To measure the 

error gen ·rated by a result node. the squar of the error at the re ·ult node i computed for each 

e ent pre · rited. A sum is obtain d by adding the square of err rat the re ult node for every event 

in a · qu nc . The end of a sequence complete a training iteration. 

A typical training curv for on temporal module of a motion detector i hown in Fig. 5.6. 

During trJining. ther arc two criteria 10 detem1ine whether a temporal module has been 

suffi ·i ntly train d 10 r co1,rnize a moLion ·equence. The first relate to the absolute error produced 

by a module. and the ·econd to the r,ue of con ergence which is defined as the change in ab olute 

rror in on training iteration. A thrc:hold value is establi hed for each of these errors. and the 

training of a module is tem1ina1 d if either error i less than the corre ponding thre hold. The 

threshold value for absolute error was cho n to be approximately 10'-¾ of the maximum training 

m>r when z ro initial weights are u ·ed. The trnining curve given in Fig. 5.6a how that the thre -

hold of 1.0 was reached after approximately 200 iterations when the initial values of all intercon­

nect weights obtained by analysis were used. Approximately 400 it rations were needed otherwise. 

This ~unounts to a 50?i ·aving in training time. The rate of convergence in both cases was greater 

than the threshold of 0.00 I. 

Fig. 5.6b how that a threshold of 0.2 was reached after the result node had been trained for 

appro imat 1 60 itcra1ions. using the initial weight obtained by analy is. Again. the node take 

about 1.5 limes a· long to 1rain hen lhc zero ini1ial weight are u ed. The result node require a 

1 s. r number of !raining • s. ions than tJ1 sequence nodes because there are fewer interconnec-

1ion · th:11 need to be adju ·1cd. 
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5.6. Perf or ma nee Study 

The respons or Lhc motion d Iec1or in Fig. 5.3 10 object · of diff rent izc: moving at dif­

r rent -;peed" is examined in this . cc1ion. omparison of th movement of e1 olid object again t a 

while background and the movement of a random-dot object again. I a random-dot background is 

also presented. 

5.6.l. Object Size 

onsider now th case of an object whose size i different from th training ·ize of w pixels. 

Th nod output: for object sizes of 0.4w. w, and 1.8w pi cl · arc hown in Fig. 5.7. The figure 

show · that when the object size i different from the training size. the sequence node have lower 

outputs than the case when the size is w pixel . Naturally. this lead 10 a decreased output at the 

r suit n cl . 

The lower s quenc node outputs can be explained as folJows. When the size i Jes than w 

pi els. fc er pi I hanges arc detected by the corresponding summer of a ·equence node. The out­

puL. of summ rs SUM 1• SUM 2 • SUM 3 and SUM 4 arc hown as d hed lines in Fig. 5.8 when the 

object size is 0.4w pi els. 

An objc t of :ize w pi els causes only two neighboring , ummers to be activated during any 

in1 rval T. When th object size is greater than w pixels. other neighboring summers are al o 

a ·ti al d. For ample. summ rs SUM I and SUM 2 are activated between the time t 0+T and t 0+2T 

wh n th ohje ·t siz is w pixel . while summers SUM 1• SUM 2 and SUM 3 are activated during the 

s.unc period h n the object size is 1.8w pixels. Since neighboring summers are connected to the 

inµu1 · of a.- qucnc node by inhibitory connections. the node's output wiU be reduced. 

Fig. 5. rcs ·nts th ou1pu1 of the result node as the object size i varied. We shall take the 

I L,111 = O.S a<; the le cl al or above which the module is regarded as having recognized the 

motion of 1h otjec1. Th figure ·h , : that the module can detect lhe movement of an object with 

a ' ize bctw en 0. wand 1.6w pi I ·. 
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Fig. 5.9 Output of the 11otion detector at time (f O + 11 n versus the obj ct siz •. 

5.6.2. Object Speed 

The response or Lhc motion det.ector to the mo· cmcnt or an ohjcc1 at differ: 111 speeds is 

examined in thi ecti n. The size of the object u. cd in this pa11 or th study is w pixels. ig. 5.10 

how the node outpu ., when Lh ·pc d is less than and great r than th training spc cl or w pi Is 

per unit time. 

When the peed is less than w pixels per unit tim , each scqucnc node is partially activated 

during ·ucce: ·iv sampling pctiods, because the object takes 3 I 1ng r time 10 move across the win­

dow as ·ociated ilh that node. This is illu trntcd by the summer outpuL<; giv n in ig. 5. 11 . For 

example, when tl1e motion ·peed i, w pi Is per unit lime, summer S M 4 i · fully activated 

between the time r0+3T and r0+5T. However. hen the motion speed is 0.6w pixels per unit time. 

the ummer i only panially activated. and the period of activation is between ro+4T and t 0+8T. 
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The lower summer outputs and a tivatio11 of the equence node · at the wrong time cau e the 

scqu nee nodes to be partially ac1ivated. Thus, temporal integration of the lower node outpuLc; by 

lh · result n d will produce only a partial response. 

When the obj ct speed i · greater than w pixels per unit Lime. t11e ·equcnce node are al o 

weakly aclivat.cd. L t us consider ·equence node S,. When an object moves at a speed greater than 

w pix Is per unit time. neighboring ummers ot11er than SUM; and SUM,+1 are strongly activated. 

as shown in i '· 5. 11 . For example, summers SUM 2 and SUM 3 are activated between the time 

r0+2T and ro+3T wh n the . peed i • w pixels per unit timer. When the speed i · increased to l.4~i 

pix Is per unit lime. : ummers SUM 2 and SUM 3 arc partia!Jy activated along witl1 the down tream 

S M 4 . cquence node 2 rec ives inhibition from um mer SUM 4 • and also nodes S 4 and S 5 

down. tream, which ar activat.ed by summer SUM 4. As a result. ·equence node S 2 i only weakly 

act iv at d at time r0+ 3T. Summing in time the weak outputs of the sequence nodes generates a 

response that is lower than the case when the motion speed is w pixel per unit time. 

Fig. 5.12 shows that the module can d tect the movemem of an object moving at a speed 

between 0.5w and 1.2w pi ls per unit tim . 

5.6.3. Random-dot Image Input 

In what follows. we will examine th perfom1ance of the motion dete tor when the test object 

·c.m.,ists of a ramlom-dot paucm moving again t a background containing a different random-dot 

p1111~m. This type of image input \J as chosen because it provides an easy input interface with the 

motion d tector. It also appro imat s a 1c lured planar urface moving smoothly against a planar 

ba ·kground !Regan 198 . Adel on 1986. Egelhaal 1988]. An example of a test sequence consisting 

or 4 e nts is shown in Fi.g. 5.13. 

In ord r to und r tar.·1 how \1 ell a motion detector will perform when random-dot images are 

pres nt d. c need to c mnin tJ1e differ n c between tJ1e movement of a solid object against a 

hit ba k ound and th mo m m of a random-dot object again ta random-dot background. The 
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Fig. 5.13 A sequence of random-dot patterns. 

difference between the two ases can be timated by comparing the outputs of the summers during 

each period. Consider fir t the case of an object moving to the right. at the training speed. Summer 

outputs for the movement of random-dot objects with the size of 0.4w, w, and 1.8w pixels i 

presented in Fig. 5.14. 

By comparing Fig. 5.8 with Fig. 5.14. it can be een that. for an object size less than or equal 

to w pix ls. the • ummers have similar re. pon es in bot:h cases, with a lightly lower amplitude for 
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the case of rand m-dot. . Ho r. \ h n th pall ·m si,c is grcaI ' r tlwn w pL l.'ls. the sumnwrs 

have imilar re ·pcm · · mo. t of th time. xccpt r ,r a l'c\ o · ·as ions. For c a111pk. lhl' outpul ol 

·ummcr SUM .i is le. : than 0.5 bet n 1im 10+. T and t0~T \ hen a solid Clhjc ·1 is prcsL'llll:d 10 

th d t tor. and gr at r than 0. \ h n a random-dot obj ct is prt!Sl'l1I • I. Th· rt·ason is 111:11 in lhl' 

care of a olid obj 1. the mov m nt of a larg objc ·t may re. ult in th · curr •nt sampk n·n•ivld h , 

a um mer being th same ar the pre ious sampl .. The output of Ih • sum ml r during sud1 a period 

zero. In the a · of an o rsized random -dol obj cl. tl1e pre iuus and th • currc11I s:1111pk: 

received by a ·ummer arc diff r nt. because the arrang m ·nt or random dot!-. in nnc pan ol lhl' 

objc t i · different from another pan r lh smnc object. Thus, a larg number of the differential 1r.,, 

produc a nonz ro output and th ·umm r g ·n ·rates an output that is ·Ins· to l . 

onsidcr no the cas of a random -dot ohje ·1 mo ing al diff· r nt sI • ·ds. " h ·re th · sItl: ol 

the object i the ·aine as th indow rLc;;sodat d with a summ r. Fig. 5. 15 pr s n1s th · summ ·r 011 I­

put when th motion ·peed. arc 0.6w. w. and 1.4w pi I: per unit time. Th ·s curves can tx· com­

pared with the ummer output · gi en in Fig. 5. 11 for a w-pi I ·olid obj ·ct mo ing al diflcrc111 

peeds. Comparison ·h ws that th summer · ha similar output bcln ior. · ·pt that Ih · ,u1pu1s 

in Fig. 5. 15 arc lo r in magnitud tl1an tho · in Fig. 5.11 . 

The mo emcnt or a olid object again ·t a" hite background h,L'i a similar •ff· ·1 on th · 1110Iion 

detector a the movement of a random-dot bj ct against a random -d l background in most c,L'i ·s. 

Therefore. the results obtained from the pcrl'om1ancc study can be u · d 10 inl rp ·1 the simulation 

r ulls for larger network • whi h will be pr s nt d in the n I s t: Lion. 

5. 7. Larger Network 

Thi s ction ·imulat · and tests the operaL.ion of the motion dcL t:IUr in mor d ·tail usi11, 

larger networks. Several motion detectors with two. four and six t mporal modul s have he n 

implemented for single peed and multi- pc d linear motion. 
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Fig. 5.15 Summer outputs when a random-dot paucm of w pjxcls 
move Lo the right at speed or 0.6w. w, and 1.4w pixels per unit time 
over a nmdom-do1 background. 

tu IOT 

The image input u ·ed consisL of an army of 160x32 binary pixels. and the window associ ­

ated with each summer has the size of 8x32 pixels. The motion of an object is gencnucd by moving 
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a 8:x 2 pixels rnndom-dot pattern against a 160x32 pi els background containing a different 

random-dot pall m. The smnpling rate of th image input i · T = 10-4 second. A temporal module 

has 20 sequence nodes having a time constant of 10 second, and a result node with a time con­

stant of 2 Io- ·ccond. The initial weights of all the interconne lions arc equal to zero. A module 

is trained with a solid object and tested with a random-dot object. 

onsidcr two interconnected modul s. each trajned to recognize the motion of an object at 

the same speed. but in different directions. Module I was trained to recognize an object moving 

I fl from one window 10 the nc I at a spe d of 8 pixels per unit time. and module 2 was trained to 

r cogniz motion at the srunc speed in the opposite direction. Fig. 5.16 how · the performance of 

the motion detector for different speed . For a training speed of 8 pixels per unit time. each module 

recognizes objects moving at speeds in the range of 2-10 pixels per unit time in the direction the 

modul is trained. Note that these two curves have a imilar shape as the one in Fig. 5.12. Thi 

confinns that the motion detector can detect the movement of an bject at different speeds which 

arc clo. c to the training speed. 

Ano1J1cr motion detector with two separate temporal modules was imulated. Thi time. each 

module was trained to recognize the movement of an object moving right, but at different speeds. 

Module I was train d to recognize motion at a speed of 8 pixels per unit time. and module 2 at 16 

pi els per unit tim . The outputs of modules I and 2 are ·hown in Figs. 5. 17a and 5.17b. respec­

tively. as a fun lion of the speed of the test object. Module l can recognize objects moving at 

speeds in the range of 2-11 pixels per unit time, and module 2 recognizes in the range of 10-22 

pi els per unit tim . 01 that the t o modules arc not interconnected. 

Fi'· 5.17c giv s the perfomrnnce of modules 1 and 2 when they are interconnected by inhibi­

tory conn ctions 10 operate in a winner-take-all fashion. lnstead of being able to recognize objects 

moving at spe ds in the range of 2-11 pixels. moduJe 1 is now only able 10 recognize motion at 

spe ds in the range of 2-10 pix ls. Module 2 can recognize motion at speeds in the range of 11-20 

pi I ·. Th cff ct of the inhibitory inter: onnections between module can be clearly seen in the 

sharp changes in response at Lhc intcnuediat ·peed of 10-11 pixel per unit time. 
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The ca ·e or a motion det ctor containing 6 intcrconn I d mo lul 'S a ·h train <I al a di ff ·rent 

peed i ho\ n in Figur 5.18. Module I. 3 and 5 ere trnin •d to rccogni,e an )hj ·ct IhaI Is mo -

mg left at a peed of . 16 and _4 pi els per unit Lim . rcspe ·tiv ly. Modul s -· 4. and 6 ere 

trained to recognize motion of an object moving at a ·peed or 8. 16. and 24 pi ds JX'r uI11I tim' . 

re pectively. but in the opposi te direction. M dules I and 2 arc able 10 rccogni,c ohjccIs moving 

at peed in the rnng of 2-10 pixel · per unit tim . modules and 4 in th r.mg of 1()-_() pI l"i 

per unit time. and m dule · 5 and 6 in the rang of 20- 0 pi els per unit rim . 01 IhaI for th· 

peed range of 0-40 pi I per unit tim . outputs or modules 5 and 6 du not faJI sharpl 10 ,c > 

be au e th sc two modules do not re ei e any inhibition from modules In11n d to rccogni1c motion 

at a higher speed than th ir o n. 
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Fig. 5. 17a Output of a module trained to rccognjze motion al 8 pixels 

per unit time. 
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Fig. 5.17b Output of a module trained to recognize motion at 16 pixel · 

per unit time. 
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Fig. 5.17c Outputs of modules from above when they are interconnected by 
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5.8. A Two-Dimen ional E ample 

This s ction presents th simulati n result · of a 4-modulc moti n detector trained Lo recog-

niz multi-Lraject ry two-di men ·ional motion. ll examines th ff eel on the pcrfomrnnce of the 

d t ctor or th ohj ct siz . trnjcctory error. partial cquence , and input n i ·e. 

Th image input u · d consist or an array of 80x80 binary pixels, and th input arnpling 

pcnod is T = IO second. he ·iz or ca h window i x8 pi cl ·. A module has 20 cqucnc 

nod s. a h or" hich hm; a time constant or 10 ·ccond. The result n de has a time constant f 

2 10-3 second. and all int rconncctions ha c zero initial weight:. 

5.8. l. Trajectory 

Th traj tory of a mo ing objc l can be approximated by the edge of a polygon. an exam­

ple of which i: : hown in Fig. 5.19. Th · lid line is the trajectory of a mo ing object and the 

dash ·d tin is th trainin • trajc tory g n rat d to appro ima1e th actual trajectory. wh r a o, a 1 

and etc. arc the ·am piing point . Th appr imation can be improved by increasing the number of 

sm11pling point: ,lit ng Lh traj ctory. A training qucncc of image depicting the movement of an 

obj t is , 11 rat d by mo ing a o;quar black bo of lh ·am phy ical dimcn ic · as the object 

again. I a hit· back pl:me. The bla ·k bo ampling points at ·ucce. sive 

litll • SI ps. 

Th • n rat d s 4ucnc of ima c · i · then pre nt d to the m Lion detector, one image at a 

11mc. Th int r nn ction \ ight · arc aclju ·t d in mall in rement u ing the LMS algorithm 

des ri d in hapter .. 

n >bJ I m lving at a certain peed ill cau. tl1e generation of a equence of images that is 

di fkrcnl Ir m U1 · qu nc' of imag · cau. ed by the movement f the same object at another 

spc d. ' ' II though th vbjc ·t mo along th ame trajeclory in bolh ca e . . An illu tration i 

!!i ·n in ·ig. .20. in which Ti: 01 . mnpling pcri d. The obj t on th I It of the figure genernte. 

a s ·qu ·11 ·' r ima • s \ ith a 0 • a 1• a~· ... ~I . :is the ·ampling poin . The same object moving 


