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Ab tract 

Thi the i. propo es a modular architecture for neural networks that pcrfonns I mporal pal ­

tern recognition. The model proposes a special configuration of a · qu ntial n urat r 1work with 

one memory element per stale to keep trnck of individual events in a s qu n e. T ·mporal inte •ra­

tion of the network state that represents the recognition re ult of each cv nt is u ·cd 10 g ·n rate an 

overall response repre enting the sequence. Modules can be concatenated 10 recognize a long tem­

poral equence. When u ed in a multilevel hierarchy. modules at high r lev Is can be trained to 

recognize the temporal order of sequences presented 10 modules in th lower lcv Is. 

The network behaviour has been studied both analytically and through simulation. Analytical 

re ults yield an e Limate of the network parameters for a given application. 

A motion detector based on the proposed network is presented 10 illustmle the capabilities of 

the proposed structure. It can be trained 10 recognize the motion of an object wi1h different speeds 

along any trajectory. Simulation results show that the de1ec1or is insensitive to small differences 

between the training and test trajectories. can recognize panial ·equenccs. and is 101 mnt to noise. 

The proposed structure uses a small number of interconnections between modules. Hence. ii 

well suited for implementation in the form of VLSI chips. Simple circuits arc presented for this 

purpo e. 
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Chapter 1 

Introduction 

1.1. Introduction 

In temporal pattern recognition problem . . such as motion det ction or spc ch recognition. th~ 

inforn1ation to be processed consisti. of a sequence of t mporally related v nts. nlik • stati pat ­

tern recognition where patterns are processed independenUy of each oth r. the task of I mpoml pat ­

tern recognition involves recognizing all the patterns in a scquem:e. and accounting for th· order in 

which they occur and the time delay between successive pallerns. In g n ml. it quir ·s a massive 

amount of computation. 

This thesis presents a new structure for temporal paucrn re ·ogni tion in real tim using a 

sequential neural network, that is. one who e next state is detem1ined both by the network ·s current 

tate and current input. The network generates a single response representing a ·cqucncc of cv ·nts 

by utilizing the process or temporal integration. The rcspon ·e is gcnemtcd in small increm nts at 

each Lime step by summing in time the recognition result of ca h cv 111. Th t rnporal integration 

proce sis made possible. and the mathematical ,malysis of th network is . implilicd, by usin I nn 

memory element per state in lhe network ·s implementation. 

The combined use of one memory element per state and the temporal integration proc ss 

yields a network that is modular. easy to train. tolerant to noise. and can recognize partial 

sequence . 
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1.2. Temporal Pattern Recognition 

We gen rally xpcrience event. a continuou funclions of time. Input signals impinging on 

th :ensory organs arc time varying. For example, the perception of an aeroplane moving acros 

t11c sky is a ~ n · that i. con ·tantl y changing. Thi i due to both the motion of the plane and the 

motion of th ohs rver. 

In many physical systems that process time-varying infonnation, time is quantized into 

discrete ·reps. Input arc sampled and held at fixed time intervals. generating a sequence of tem­

porally rcla1 d vems (Tsot ·os 1987. Mozer 1988. Lippmann 1989). The task of temporal pattern 

recogni tion in such systems involve processing infomrntion which i presented in the fom1 of one 

event per time ·t p. After a sufficient number of events in a sequence have been presented, the sys­

tem ma be r·quired to generate a response representing the sequence. 

T mporal pall m recognition is often found in problems such as motion detection and pcech 

proccs. ·ing I Aggarwal 1986. Lippmann 1989 J. In motion detection. a sequence of images is pro­

c s · d tmd infonuat ion about the motion of an object is generated. Similarly. in speech recogni­

tion. spok n ~ ords are recogni1..ed from acoustic signals ampled during the period of utterance. 

nlik a static pallem recognition ·ystem where input pallerns are treated one al a time 

ind pend nt of eal:h other, a temporal pauem recognition system needs to talce into account the 

temporal order and the elapsed time between pallcrns, because each pattern i temporally related to 

th patterns before and after. The tempord1 pattern recognition system con idered in this lhesis has 

scv ral imponant features based on those described in 1Tsotsos 1980. Tsotsos 1987]. These 

fc:1 tu re relate to the way in which the time element is treated during lhe computation process. 

Th"y may be summarized a follows: 

• Spatial infom1ation is presented and processed in pard1lel. 

• Temporal infonnation is presented and proce sed serially. 

• Th system perfonn · the recognition process in real time. 



• Two identical input. at different tim . t p arc rccog11i1 d as difkrcnt. de~ •ndin • on what 

pan m prcccd or folio, th rn. 

• The system generate, meaningful output for a partial sequ nee. 

• A orrcct , cqucnce may be embedded into other s qu nc s or noi: c, and ma stan at .in 1 

time. 

• The ·ystem is stable in a noi yen ironrnent. and degrades graccfull , ith incr asing nois ·. 

1.3. Thesis Motivation 

The Lhcsis has been motivated b Lh n d for a system tJrnt is c·1pabl of produ ·ing a 

re ponsc in real time and by Lh conj cturc that this task is rcalizabl in th· fonn of a n ur.11 net­

work. 

Neural networks have auracted wide-. pread research interest bccaus th y arc abl • 10 1 •rfonn 

computations in parallel. they are fault tolerant. and most imponantly. tJ1cy can be trained to rtcog­

nize different patterns IHopfield 1982. Ballard 1984. Hinton 1984. Kohoncn 198 . Hopfi Id 1986, 

Rumelhan 1986, Hinton 1989. Lippmann 19891. A neurc.LI network 1s as I of nodes int rconn·c1 ·d 

by weighted connections. It is trained 10 recognize a set of pallems by adjusting th w i 1l11s ol 

these connections using cenain learning rules [Hinton 1984, Ack ley 1985. Rum lhan 1986. 

Rumelhart 1986b, Hinton 1989. Lippmann 1989). 

Recent work on neural networks has concenLrated on the proce:sing of static pall ·rns. which 

consist of a set of input values presented to the network in parallel. . uch networks have no means 

for representing time or for remembering prcviou · input pall ms. Hence. tJ1ey arc not suitahlc for 

tempordl pauem recognition. 

Two approaches to temporal pattern recognition based on neural networks have been pro­

posed and will be described in chapter 2. They arc time-delay networks I Lang 1988, Widmw 1988, 

Lippmann 19891 and sequential networks [Jordan 1986. Prager 1986, hamma 1989). Thes · 

approaches have limitation ·. Thi lhesi propo ·es the use of a special ca ·c of a sequential I twork . 



4 

which will be presented in chapt r . to overcome some of these limitation ·. 

A child can catch a ball with case. However. before the child can catch the ball. it needs to 

recognize the trajectory and then estimate the next position of the ball. The brain is obviou ly able 

to pmce. s time-varying input effortlessly and naturally. The temporal behavior of a neuron. 

Barlow's early vision model for rabbits. and Tsotsos·s high-level vision model have influenced the 

approach taken in this thesis (Barlow 1964. Barlow 1965. Kandel 1985. Tsot o 1987]. 

1.4. Thesis Objectives 

Given th following design specifications for sequence: 

T - sampling period 

T,n1at - duration of interest 

N "ff - maximum number of events for which the recognition result is negative 

Non - minimum number of events for which the recognition result is positive 

the main objective of this thesis is to design a neural network which can be trained to recognize a 

tempoml s quence. detect partial sequence . and is stable in a noisy environment. It will be shown 

in this thesis that a special f om1 of a sequential neural network, together with an imegrator, can be 

used to achieve this objective and meet all the design constraints mentioned in the previous sec­

tion. 

Most neural networks for temporal pattern recognition were designed and tested based on 

omputer simulation. Since simulation alone is not sufficient to provide a full understanding of the 

dynamics of a network. the second objective of the thesis is to study the behavior of the proposed 

network using both imulation and mathematical analysis. The analysis provides means for estima­

tion of the network pur.uneters. 

The VLSI (Very Large Scale Integration) implememation of a large neural network on one 

chip is technically infeasible. due to the limited number of external connections and transistors that 
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can be fabricated on a die I Mead 1980. Mead 1989]. One ay too rec m • these limitations i · to 

panition a network into mall r modul · arrnnged in a hierJrchical structur . su ·h that indi idual 

modules can be impl m nted on a single VL I ·hip. The third obj ctive of the thesis is tu d sign a 

modular network where each module is respon ·iblc for recognition of onl un~ pani ·utar scqu ·nc, 

or subsequence. When a number of such module · are interconn ctcd. th n I ork can re ·ogni,c 

longer sequences or detect a ·equ nee of sequences. 

1.5. Desired Input-Output Specifications 

The neuml net\ rk con idercd in thi · the is ha~ M inpuL'i amt one output. :L'i shm 11 in ·ig. 

1.1. In order to m ct Lh main th sis obj cti c. the n twork 11 eds to hav th folio\ mg input­

output characteri tics. 

• Input to the network consi ts of a vector of M conLinuous-time signals giv n by 

Q = I q I (t ). (J _ t). q:,(t) • .... q,..,(t) I M ~ I 

where q;(t) e R. i = 1,2 •...• M. and R is the set of real numbers. 

• Input Q is san1pled and held every T seconds. generating a sequence of tempornlly rc lat ·d 

events. Let 10 be the time of the first san1ple and E, be the input cv nt at r0 + (i - l)T. The 

input sequence Scan be represented by a vector given by 

For the convenience of specification. the ilh event of cqucncc S will be denoted as£, S ). 

• Event£;. i = 1.2 , .... N is represented by a vector of the fom1 

where ei e R. j = 1.2 •...• M is the sampled and held value of input variable q1(t) at 

t = 10 + (i-l)T. Input samples arc assumed to be scaled such that O s e1 S I. The jth input 



Output y, 

Neural network for 

temporal pattern recognition 

Sample and hold 

Time varying input Q (r) 

Fig. 1.1 A neural network wilh M inputs and one output for 
tcmpor-cll pattern recognition. 

variable of the ilh event of sequence S will be denoted as ej(E;(S)). 

6 

• Let UM denote lhe set of all possible input sequences for M inputs. A network is trained 

using a training sequence /1 e UM, and the perfonnance of a trained network is evaluated 

using a test sequence Is e UM. Sequence Is and Is are chosen such lhal 

• We define D(a. b) e R to be lhc sum of the squares differences between corresponding 

events of two sequences a and b e UM of equal length. Thal is 

NM 

D a. b) = 1: 1:( ej(E;(a))- ej(E;(b)) )2 

, .,Jj=I 
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where eiE;(a)) and ej(E;(b)) arc sampled alucs of Ui- }th input :triable of th" ith c cnt of 

sequences a and b. rcspccLivcly. equ nccs a and b arc regard d :L"i the sam if D(a. /,) = 0. 

Sequence a is regarded a imilar 10 b h n D(a. b) S 01., her 01 R. 81 ~ 0 is a litres-

hold value. After a network has been train d 10 recognize · qu n · / . a I st scqu n · • r, ,:­

regarded as a correct ·equenc when D(ls , r S 01• It is regard d a.-; an in ·orrect sequ •nee 

othcrwi c. 

Let a e U1,1 and be U1,1 be sequ n e · of lengths II and • re ·pccti ·ly. an J 11 

define P(a. b. k) e R to be lhe partial difference between twos ·4uenc •s a and has lhtln-. s: 

II M 

Pa, b. k) = LL ej(E,(n) -ej(E, k- 1(b)) t 
i l j • I 

l' 

where k e /, Lhe ·ct of integers. is an index ·uch 1ha1 I s k S and 11 +k - I< . • qu n · " 

is regarded as a partial sequen e of sequence b if P(a, b. k) s 82 for some valu or k. where 

82 e R. E½ c!: 0 is a lhre. hold value. 

• When a test equence r e UM is presented. the n twork is required to • ·n rate an ou1pu1 y, 

representing the sequence, where y, e R and O S ,, S 1. The output remains O until enough 

amples are viewed. at which point the output starts to rise grndually from Oto 1. The result 

of each event contributes only a small increment 10 the output. such that an output of 1 means 

that a full correct sequence has been presented. A partial . qu nee will cause th· output 10 

rise to a value between O and l to indicate Lhat only pans or lhc correct sequence have been 

encountered. An incorrect ·equencc yields an output thal is less U1an 8J wh ·re 81 R. 

0 S 83 S I is a thre hold value. 

During a recognition proce s. incorrect events or input noise may be presented . On such an 

occasion. lhc output is desired to decay gradually to en urc thal the network is mhust in a 

noisy environment. By having an output that decays gradually und r non-idcali:t.cd comli ­

tions. a shon burst of noi e will not undo the effect of many successful samples that xhihit a 

trend. Thus. the network can clas ·ify ·cqucnces mat have correct event,; separated by a few 
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incorrcc1 events. 

Let c £, ). O s c: s I. represents the extent to which £, has been recognized as a correct 

event and let be a measure of the number of correct events presented. The de ired behavior 

of lhc output r of the network can be expressed as follows: 

ar _:.._ = ac( £,) - 13x a, 
,, = I <x> 

i = 0.1,2 •.. . ,N 

where a is a constant that detennines the incremental rate of x when a correct event is 

presented. p is a constant that detennines the decay rate of x when an incorrect event is 

received. and/ is a nonlinear decision function. 

1.6. Thesis Organization 

The thesis is divided into 7 chapters. Chapter 2 presents background work on neural networks 

and existing approaches to lempor.d pauem recognition using neural networks. The proposed 

architecture is described in chapter 3. and the dynamics of node activation during temporal pattern 

recognition is analyzed in chapter 4. Chapter 5 describes the application of the network to the prob­

lem of motion detection in computer vision. together with simulation results. Serial and hierarchi­

cal interconnection of modules are discussed in chapter 6. A proposed implementation for the net­

work on a silicon chip using current VLSI technology is presented in chapter 7. Conclusions and a 

summary of the contributions of the thesis are presented in chapter 8. 



Chapter 2 

Background 

2.1. Introduction 

This chapter discuss s some of the background literature relevant to the topi ·s of this th ·sis. 

Two main classes of neural network · and how they arc train d arc intmduc ·d. folio •d h I som • 

existing approaches to temporal pattern recognition using neural n 1, orks. Th use of the temporal 

integration process in biological sy ·tcms and in a high-level vi ·ion fnm1l'' ork for motion dctc ·t ion 

is al so briefly presented. 

2.2. Neural Networks 

Neurcil networks have recently become the focus of widc-spr ad res arch. not only due to 

their ability to perfomt computations in parallel. but also because of their ahility to adapt to pmh­

lcms that might be otherwise very difficult to ·olvc. They were originally propos d to mod I func­

tions of the brain such as learning. association. classirication. and concept fom1ation b,L" cJ on ana­

tomical and physiological characteri tics of biological neurons in the brain. The lirst two models 

proposed were the McCulloch-Pills logic clement (McCulloch 1943) and th P rceptmn IMirn,ky 

1969). The need for paral lel processing of infomtation in real tim . which is diflicult to achi ve m1 

a von Neumann computer. caused a change in the emphasis of re. earch In this ar a I Rum I hart 

1986. Mead 1989). Current rc:earch on neural networks concentrates on designing adaptive sys­

tems for speci fie applications. 

A neural network comprises a set of nodes. each of which has one output and a number of 

inputs [Kohoncn 1984. Rumclhart 19861. The inputs of one node arc linked to the outputs of other 

CJ 



10 

nodes by weighted conn ct ion ·. hich may a~surne real value of either sign. Each node first 

r ccives and ·urns lh activation or inhibition from other node ia the weighted connections. 

Then. a nonlinear output in response to the sum is genenued. 

A neural n twork is trained to re ognize a pattern by adjusting the weight of its interconnec­

tions. One way to progrnm a neural network is by subjecting the network to a set of trdining pat­

terns. and adjusting the weight of each connection in small increments based on cenain learning 

rules I Hinton 1984. Ackley 1985. Rumelhan 1986. Rumelhan 1986b. Hinton 1989). The weight 

adjustm nt is repealed until the network Is able 10 generate correct responses when it receives the 

sam trnining input pall ms. 

It was proven by Minsky and Papen that a simple network with only a single layer of nodes 

annot be trained to recognize complex patterns (Minsky 1969]. For example. the training of a 

n ural network to gener.:ue an output that is the exclusive-or of its two inputs is difficult because 

th state of one input doc. not provide any information about whether the outpul should be 0. It 

was . hown later by Hinton that a network requires hidden nodes in order for it to be trained to 

recognize complex patterns (Hinlon 1984. Rumelhan 1986). The nodes in a network can be 

classified as either visible or hidden. Visible nodes are accessible to the environment and arc 

divided into two disjoint classes: input nodes and output nodes. It is via these visible nodes that a 

n ·twork e changes infomrntion with its environment. In contrdSt, the hidden nodes are not sub­

j c.:tcd to direct manipulation by the en ironrnent. They arc affected only by their neighbors. 

After a neural network has been trained. it stans to compute whenever an activity pattern is 

presented al its input tem1inals. During this period. the activity of each node is affected by the out­

puts of other nodes and the weights a sociated with the interconnections between the nodes. There 

arc two classes of neural networks: feed{orv. ard and recurrem. In a feed-forward neural network. 

node outputs arc connected to other nodes downstream. with no feedback [Minsky 1969. 

Rum than 1986bl. In a recurrent neural network. a feedback arrangement is used. and the compu­

tation repeats for a few iterations until the network stabilizes to a final acLivity pattern containing 

the result (Hopficld 1982. Hinton 19841. The following describe· the architectures of these two 
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lasse. of neural networks. 

2.2.1. Feed-Forward Neural Networks 

A ~ cd-forward n ural n t ork consists of one or more layers of n0<ks. , h ·re th· outputs ol 

the nodes in on layer are connc tcd to node inputs of th· nc t ia er. or c mnplc. a two-la l'r net • 

work i hown in Fig. 2.1 . The last layer con ·i ·t of · vcral output nod·: and the intcmll'tlian· 

layer consi ts of hidden n des. There is no f edback bctw en layers and th " ncxl"s in th ... sanw 

layer are not connected to each other. The nodes· outputs in one layer arc d ·1 ·n11in ·d h 1J1 input ,; 

received from Lh prcviou lay r and the weights of th int rconn c.:tions linking th · t o la er.-. 

There is a clear forward direction of infonnation now from the inputs to th outputs of the n 'I\I nrk. 

and as a result. the network is inh rcnlly table. 

A feed-forward neural network i · static because. except for a linite pmpagation d la . th· 

outputs do not evolve or c.:hangc once a pancm is pre. cntcd 10 its input. . Then 1work ·. outputs arc 

dctcnnined entirely by it · current inputs. That is. th re is no memory mbcddcd in th n·1, ork . 

Even lhough a feed-forward neural network lacks dynamics. it is quite powerful bccausl' it 'illl he 

trained to respond to any input panem through a learning procedure. 

Analysis of a feed-forward neural network is manageable wh n tJ re is only on lay r of 

nodes. because the output of each node is inlluenccd only by the external inputs and do snot hav ' 

any interaction from olher nodes. However. the analysis becomes difficult hen one or more 

layers of hidden nodes arc added to lhe network. In this ca-;e, th output nod s rcceiv nonlin ur 

activation from hidden nodes in the previous layer. which in turn receive activation from :moth ·r 

layer. That is. lhe output nodes arc not influenced dircc.:tly by the inputs. 

Feed-forward neural networks have many application IFuku.hima 1980. Ballard 19X4. F Id­

man 1985. Curlander 1987. Widrow 1988. Le Cun 19891. For example. th y have been success­

fully used in optical characLer recognition !Fukushima 1988. Le Cun 19891 . where a textual bit­

mapped image is transformed into ASCII codes by using a neural network trnincd Lo rcc.:ognize the 
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Outputs 

Ourput Nodes 

Hidden Nodes 

• • • 

l' I 

Inputs 

Fig. 2.1 A two-layer feed-forward neural network. 

pattern of each ASCII character. 

2.2.2. Recurrent Neural Networks 

A recurrent ncurJI network is a nonlinear dynamic system that contains feedback connec­

tion . . as shown in Fig. 2.2. The input 10 each node is connected to the external input directly. as 

well a~ 10 the outputs or other node ·. by weighted summing junctions. Because of the feedback 

arrangement. the net ork outputs change with time. 



Every nod ma ha e an int mat dcla us d 10 compul' the , ·ightl'll sum of thl· outputs 

from olh r nod s and it tcmal input. For ·im1plc. in the Hopli •Id nc1, ork . 1his intcmal tlcla • is 

implemented by connecting a capacitor and a resis1or at th input of ca ·h nod· I Hoplidd I 9K~ 1. 

recurr nt network can al ·o be impl m nt d u. ing nodes without un internal clcla v ith memo . -

les · nodes. in which case th n twork outputs a, only l:O, put d in di: ·rc1 lime. An e ample of a 

recurrent network u ing mcmoryle · node · is the Boltzmann ma hin I Hinton 19 4. A,kl • I 9K51. 

• • • 

Weighted summing 
junction 

y I I 

"'IM 

Output. 

y _(I 

• • • 

Input. 

• 
• 
• 

Y ,v> 

,, f 

Fig. 2.2 A recurrent neuml network with feedback connections. 
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Th tate evolution of a recurrent n ural network can be very complex and sometimes 

chaotk . However. a recurrent network can be made table and user ul for infonnation proce sing 

wh n th interconnections between nod s arc ·ymmetric (that is. each connection has the ·ante 

weight in hoth directions IHopfield 1982). This re ult was proven by Hopfield using the 

Lyapunov's Direct Method (reference can be found in [Slotine 1990. Wiggins 19901). The state of 

a recurrent n ural n twork with symmetric interconnections between nodes is always a sociated 

with a Lyapunov or energy function, . 

For example. the energy function of a given slate of a binary recurrent network such as the 

BolLZtnann machine i given by 

V = - _r W;jY, i + L9;y, 
I <j j 

(2.1) 

where w,j is the weight of the connections between node i and j, Y; is 1 if node i is on and O other­

wise. and 8, is the bias associated with node i. 

Starting from any initial ·tatc, a recurrent network will evolve in a direction that decreases 

the energy function. until the network reaches a stable state in which the energy function i at a 

local minimum. In geneicll. a recurrent network has several stable states. sometime referred to as 

fixed-point anrnctors. 

for each attractor. there is an associated bac,in of attraction comprising a range of input pat­

terns. Any input pattern that is within a basin of attraction will cause the network to evolve from a 

pre-delin •d initial state toward the corresponding attractor. 

The mechanism underlying fixed-point attractors can be used to process infonnation as fol­

lows. The network is first brought to the designated initial state. An input pattern is then presented 

to the network and is kept constant until the network reaches a stable state al one of the attractors. 

By decoding that state. an output can be used to produce the desired output corresponding to the 

input pattern. 
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The anal si of a recurrent ne1, ork i · nOI easy. due 10 Lh comple nonlinear inl rn ·1ion 

bclween node ·. The ulput of a nod i influ need by both 1.he inputs and th· outputs of oth~r 

nodes. This analy ·i is even more difficult hen hidd n nod s are included in a nel\! ork. 

Like feed-forward neural network • recurrent n ural networks also ha man nppli a1ions 

[Grossberg 1980. Hogg 1984, Hopfield 1988. McCclland 19861. A popular on is a cont 111-

addressable memory. Patterns are tored inside a network as fi cd-point a11r.1 tors in a multi ­

dimensional tale space. Once the patterns arc s1orcd. lhcy can be recall cl wh n an inpul patt ·m 

corresponding to one of the attrac1ors is pre cntcd. even when there is noise in th pan m. Thi: 

basin of attraction represents Lh ex1ent to which a pattern can be dis1oned and still he rccogniz ti 

by the network. 

2.3. Training Algorithms 

A neuraJ nelw rk can be trained 10 genera1e th desired output wh n its inpuls arc subj cl d 

to certain input patterns. A network is train d by an ii rative procedure. in which sue ·cssi e train­

ing example are presented and the interconnection weights arc adjusled in small in ·rem nts in Lh 

direction that minimize · cenain cost function. The cost function can be ci lher 01 Lyapunov f unc­

tion de cribed earlier [Hopficld 1982, Ackky 1985]. or a measure of th difference bctw 11 tJ1 

actual and the desired outputs [Rumelhan 1986. Rumelhan 1986b. Widmw 19881. Th trainin • 

phase is repeated until the cost function i • at its minimum. 

A number of training algorithms have been developed tGro ·sberg 1969. Fukushima 1975, 

Hopfield 1982. Hinton 1984, Kohonen 1984, Ackley 1985. Rumelhan 1986. Rumelhan 1986b. 

Hinton 1987. Hinton 1989, Willianis 1989). Each algorithm is well -suited to a speci fic network 

topology. Some training algorithm are described briefly below for the two main clas: s of n ural 

networks presented earlier. These algorithms have been chosen because they arc used 10 train IJle 

pattern classifi rs in the neural network for temporal pancm recognition. which will be present d 

in the next section. 
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2.3.J. Feed-Forward Neural Networks 

ced-forward neural ne1works may consisl of one or more layers of node . The number of 

layers affects th 1ypc of training algorithm that can be used to train the network. First. we will 

· amin how a ingle-layer feed-forward neural network can be trained using a popular algorithm 

kno n as ti Leasr-Mean-Square-Errnr (LMS) algorithm, followed by the Backward-Error­

Propaga1io11 algorithm, which can be used to train a multi-layer feed-forward network. 

The LM algorithm is generally a go d choice for weight adjustment of a single-layer neural 

n 1work wh n the input vector and the de ired re pcm ·e of the network are available at each itcra-

1ion ITou 1974, Widrow 1985, Rumelhan 1986. Widrow 1988]. This algorithm is simple to imple­

ment because it doc. not require the computation of the gradient for the overall network function, 

as nc ded in 01her algorithms. The LMS algorithm will be utilized in chapter 3 to adju l the 

eigh1s of th interconnections between nodes in 1hc proposed network. 

onsid r a single layer of ind pendent nodes each of which connected to the external inputs 

by weighted links. a~ shown in Fig. 2.3. The total input, Xj, to node j is given in the folJowing 

•·· - "t"w ··e· + 8 · ,.,-~,,, J 
i 

(2.2) 

where "'ii is 1hc weight of the connection from the external input e; to the input of node j. and 8 j is 

a bia~ tenn a. sociatcd with n de j. 

Th output of node j is given by 

(2.3) 

wh re/ is a nonlin ar function that is continuous and differentiable. 

Th net\ ork is trained to re pond 10 a sci of pairs of input and output patterns. It uses the 

current ights and each input pattern to generate an oulpul pallem. In each case, the actual output 

patt " rn i , compared wi1h lhc desired output pattern to detennine the total error given by 

(2.4) 
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Fig. 2.3 A single-layer feed-forward neuml n Iwork . 

where ~ii and Yii are the desired and actual output· of node j. respectively. when IJ1c itJt inpul vec­

tor is presented. N is the number of nodes in the n twork. and P is the number of input vectors in 

the training set. 

The plot of the error function versu · the weight , is generally bowl-shaped. with on 

minimum point [ Widrow 19851. At each iteration of the LMS procedure the value · of the wc1ghIs 

are modified in small increments in me direction that reduces the error H. using lh grndi nt des­

cent method. The direction i given by the gradient of the error surface at the currenl poinl in 

weight space. Because of the bowl- hapcd error function. the network can be lrnincd ea-;ily and tllc 

LMS algorithm will find me weights tl1at converge towards the poinl in weight space having tllc 

global minimum quared error IWidrow 19851. 
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The LM algorithm works well at finding a set of weights that minimize the error function in 

single-layer feed-forward networks, but it is unable to determine interconnect weights in a multi­

layer fc d-forward network. Th reason is that during the training phase. the de ired output values 

of the node in the intermediat layers are not known. and their error · cannot. be computed. The 

error function i · no longer bowl- haped. and the global minimum is difficult to find . 

An extension to the LMS algorithm, called backward-error-propagation, was proposed to 

trnin a multi-layer network. To describe the algorithm, we define delta o for a node to be the panial 

derivativ of the error with re peel to a change in the sum of all the weighted inputs to the node 

I Rumelhan I 986 J. The delta foroutput node i is computed using the folJowing rule 

O, = '"; - y,) f (net;) (2.5) 

where A' and , arc Lhc de ·ired and actual node output. respectively./ is the derivative of the non­

linear output function. and net; is the sum of the weighted inputs to node i. 

The delta for hidden node j is computed recursively as follows: 

Oj = f (llCtj) }20tWkJ 
k 

(2.6) 

where o* is the delta of node k in the layer above, and wki is the interconnect weight from node j to 

k. 

The basic idea of the algorithm is to propagate back through the network deltas that are com­

puted based on the actual and desired values of the output nodes. The deltas are first computed for 

the output nodes. and then propagated backward to all ncdes pointing to the output nodes in the 

layer below. Th se nodes. in tum. propagate their received deltas backward to nodes pointing to 

them. and so on. until the input layer is reached. The interconnect weights are then changed accord­

ing to the deltas. in much the same way as with the LMS algorithm. 

Th re is a major drawback in the backward-e1TOr-propagation algorithm. Unlike a single­

lay r feed-forward network, the error function of a multi-layer network may contain many local 

minima. As a re ult. the gradient descent method may not find a set of weights that ensure a global 
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minimum of the quared errors. A fi ct-forward net, ork may g t stuck in local minima that al\' 

significantly worse than a global minimum. thu · cau. in, th network to pcrfonn poor! ,. 

2.3.2. Recurrent Neural Networks 

A· in the case of feed-forward n tworks. a recurrent nctv ork can be trained b adjusting the 

interconnect weights between nodes to minimize an energy function. \ I Hoplicld 191L. Lapcclcs 

1986, Almeida 1987, Rohwer 1987, Pinela 1988). However. tli- encrg function ·an be complc 

and may have many local minima. As a result, a recurrent n uraJ net, ork. in g n ·ral, is difti ult to 

train. A training algorithm that has been used to train a binary recurrent n twork called th 

Boltzmann machine is described briefiy below. 

The Boltzmann machine is a parallel computational network whidi consists of a s t of binar 

nodes. The node~ are connected to each other via symmetric bidir ctional connc ·1ions. om: ·ptu­

ally. each node represents a simple hypothesis regarding a system about which th~ ma ·hin 

attempts to learn. If the node i on. th hypothesis is accepted. Otherwis . th hypotlrs1s is 

rejected. The weights indicate the strength of the relation between pairs of hypotheses. osili • 

weights indicate that the hypotheses arc correlated and negative weights mean that lhcy arc in som • 

on of connict. 

The network has a large number or states. The global energy function. V. associated with 

each state is given by Eqn. 2.1. Thi· function has been chosen because it rellects the extent to 

which a given state of the machine violates the applied constrainL-.. The problem is then to d ·1 r­

mine the values of the weights, w;1• to minimize the energy of the ·y tern ·ubject 10 the external 

constraints. 

A simple way to minimize the energy is to toggle each node into one of its two states which 

yields the lower energy with au other nodes left unchanged. It has been shown by Hopficld that. if 

the nodes switch asynchronously and in the limi1 of negligible transmission times. the network will 

always settle into a local minimum of energy. The change in energy that occurs when the output of 
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node k switches from O to I or vice versa i given by 

6Vt = 1:wt, ; - at (2.7) 

In order 10 allow the network toe cape from local minima. Hinton !Hinton 1984) adopted the 

Metropolis algorithm !Kirpatrick 1983) known as simulated a1111eali11g. Regardless of the present 

stale of any node k, the node is switched on with a probability Pt given by 

Pk = I + e -av, rr (2.8) 

where Tis a scaling parameter that acts like the temperature of a physical system. The idea is that 

if an occasional jwnp to high energy is allowed. one will avoid getting trapped in local minima 

The network is first heated to a high temperature. that is. a large initial value of Tis used. to allow 

a coarse search of configurations. Then. T is gradually reduced to al.low the system to setUe into a 

minimum. 

The disadvantage of using simulated annealing is slow convergence towards a solution. It has 

been pointed out by Hinton that several thousand learning cycle are required to learn a simple 

problem ( Hinton 1984 ). 

2.4. Existing Approaches to Temporal Pattern Recognition 

Input to a temporal pattern recognition system consists of a sequence of temporally related 

events. which have been generated by sampling a time-varying input at fixed time intervals. The 

syst m must have ·ome memory clements that can briefly store infonnation about individual input 

e cnts in order to recognize the whole sequence. The neural networks presented in section 2.2. both 

feed-forward and recurrent. cannot. in general. be used for temporal pattern recognition. A feed­

forward neural network is a static network. which can only process one pattern at a time. The 

result from the processing of one pattern has no influence on the processing of the next pattern. 

imilarly. the relaxation of a recurrent network to one of its attractors removes any dependence on 

initial condiLions. The re ult only depends on the current input. Hence, the network is not suitable 
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for temporal pattern recognition. which r quires lha1 th outpul depend on hoth th cum•nt anti pn."'• 

viou inpuL4i. 

Two models have been propos d for temporal pauern r cognition using n ural n I\ orks. 

They differ in lhe way the infomiatfon about a sequence of inpul pallcms is s1orcd. The lirs1 model 

stores the input inforn1ation explicitly before it is processed by using ii s t of tim dda s., hil 1h .. 

second tore the infonnation as a slate of the network. TI1is section presents th ·sc t o models. 

2.4.1. Time-Delay Network 

Both feed-foiward and recurrent neural n I orks can be used as pall m classili rs. 8 ·;1u.• .. a 

classifier can handle only one pattern at a time. ii is regarded as static. even though ii ma he inter­

nally dynan1ic when a recurrent network is used. A pattern classifier can be extend d to rcrngniz a 

sequence of events by providing a set of timed lays to store the events in the s qu •nee. a." shown 

in Fig. 2.4 [Lang 1988. Waibel 1988. Widrow 1988. Bcngio 1989, Lippmann 1989. Roitblat 1989. 

Tank 1989, Bottou 1990, Hampshire 19901. The time delays arc used to hoh.1 the K most · nt 

events which together wilh the present input implement a lixed tempoml window of size K. Thi.! 

delayed events combine to forn1 a single static paltern. which is then processed by the cl;Lo;;sili r 10 

generate an output representing the sequence. 

The classifier's outputs arc derived by computing the nonlinear weight d sums or the current 

and the deferred events, as follows . 

K M 
Y1(kT) = 'YI ( }: }: W1je j( r-iT) ) 

i cOj: I 
I= I · · · L (2.9) 

where y1 is the mapping function for output y1 of the pattern classifier. M is the number of inputs, 

w;1 i · the weight of the interconnect from the jth input of the ith time-delay stage to the cla~si 1cr, 

and ei (t -iT) is the jth input of an event that hali been time delayed for iT period. 

Time-delay neural networks have been widely used to recognize peech, and e cellcnt perfor­

mance has been obtained (Lang 1988, Lippmann 19891. For exan1ple, in the work by Lang and 
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Hinton. a feed-forward network. together with a set of fixed-length time delays. is used to recog­

nize four acoustically similar leucrs, B. D. E and V [Lang 1988]. The network is trained and tested 

using pre-segmented speech samples taken from the onset in these letters from 100 male speakers. 

The network is reponcd to achieve an accuracy or 91.4 % when speech samples taken from other 

speakers arc presented. 

Tank and Hopfield obtained satisfactory results when a recurrent neural network. together 

wilh a set or time delays. was used to recognize words in a continuous stream of speech [Tan.le 

1987 J. In one of their simulations. a network of 50 nodes is trained to recognize the names of 50 of 



the talcs in the United Simes of America. When a rJJ1dom scqu m.:c i1h :m cmhcddc<I sc4ur11n· 

uch as IDDEHO is pre: n1 d. th node representing lh stale IDAHO is a~1iv:uc l. 

2.4.2. Sequential Neural Network 

A sequential network is an abstra I mod I con. isling of a number of states. a set of input l' ·­

tors. a set of output vectors. a nc 1-s1u1c func1ion. and an output function. wlKT input. l u1r u1 and 

state values arc defined only for imcger values of lim . The ncl ork ·s curr ·111 s1a1 :uid 1hc ·u1TCnt 

input. together. dctenninc the state of the network at the nc t period. Wh n there is a finite numhcr 

of input vectors. output ectors and states. the network is tcnncd a finit -siat ma ·hinc. hr ·h rs a 

common component in a digital system. 

The general model of a sequential network for temporal pallcm recognition is gi en in Fig. 

2.5. It comprises a pallem classifier and a feedback network. Som of th classili ~r outputs ar • hi 

back to the network inputs through time delays. Therefore. then t stale and th ou1pu1s or 1h ~ n ·1 -

work in Fig. 2.5 can be detem1ined by the current state F (t ) = / 1 (t} , ... .fp(t ) and the curr 111 inputs 

£ (t) = e 1 (t), ... . eM(t). as foUows 

F(t+T) = \jl (F(t),£(1)) 

Y(t+T) = y(F(t),E(t)) 

(2. 10) 

(_, I I ) 

where 'Vandy are the next-state and the output functions of the pall rn classifier. rcspectiv ly. 

The pattern classifier may be a feed-forward network or may be a recurrent n twork. In the 

taller case. the classifier itself would al o contain internal time delays and feedback . Howcv r. as 

explained earlier, the internal time delays in the classifier do oot store inforn1atfon f mm one Input 

pattern to the next. For the purpose of thi di cussion. the outputs of the classifier will be a:sumed 

to settle in a period shoner than T. It is imponant to note that a sequential network i' a recurrent 

network, because of the feedback connections. However, unlike the cla-;si fier operation. the inpul 

vector is allowed to change before the overall nclwork reaches steady s1a1c. Sequential n 1work.<-i 

used for temporal pattern recognition have been referred to imply a · recurrent networks in some 
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L(t+T) 

literJture !Lippmann 19891. However. to distinguish between the pattern classifier and temporal 

pattern recognition uses of a recurrent network, only the network in Fig. 2.5 will be called a 

sequential network in this thesis. 

A sequential network possesses many states, which can be used to recognjze an input 

sequence. TI1e evolution from one state to another can be used to represent the arrival of one input 

pattern after another in a sequence. Thus. a sequence of input events can be associated with a cer­

tain sequence of network states. Suppose lhat a sequential network begins with a designated initial 

state and is supplied with an input sequence. If. after the last event is presented. the network 

reaches a state that gener.ues a cenain predesignated output. then the network is said to have 



recognized that input cqucncc. 

The behavior of a · qucntiul network an be de · ·ribcd by the stat t,Jnsition cliagr.uu. sht , n 

in Fig. 2.6. The label of each directed arc ·pc ·ilics lhe input event that causp the network to 

change from one tat to another. The network always " aiL'i in its idl or wai t ·tate Fw for the lin:1 

event, £ 1• to arrive. After event £ 1 i · presented. the net ork its its idl st;ttc and enters state F 1. 

The presentation of £ 2 at the next period will cau th network 10 leave ·1a1c F I and arri r at 

late F 2. As a result. a correct sequence cau, cs the network 10 e ol ' from th idle state Fw to F 1. 

F 2, etc. State F is the a cepting stale that rcprcscms the rcco •nit ion or a sequence and 1s indi­

cated by two circle . Any input noise will bring Lhe net" ork 10 the idle stat Fw. from whi ·h thi: 

network will have to wait for tJ1e arrival of cnt £ 1 to begin another recognition pm ·css. talc F 

i not reached until N events in the sequence have been present d in the corr ct ord r. spaced T 

econds apan. 

Prager. Harrison and Fallside implemented a sequential network similar to the one shown in 

Fig. 2.5. to recognize vowels !Prager 19861. They used a Boltzmann machine (a binary recurrent 

neural network) to implement Ille classifier shown in tJ1e ligure. In their system. :malo • input data 

in the fom1 of a speech spectrum arc converted into binary representations and presented 10th' net ­

work. A number of output nodes are u ·ed to specify tJ1e vowels. Wh n a sequence of speech spec­

trum of a vowel is pre ·ented to the network. the network evolves from one state 10 another until a 

final state is reached in which only one of the output nodes is excited. After training using speech 

samples taken from 6 speakers, the network achieved a success rnte of 85 ~ . 

Jordan has used the recurrently-connected multi-layer feed-forward network structure shown 

in Fig. 2.7 for guiding robotic motion and for speech generation !Jordan 19861. The network us ·s a 

layer of self-feedback hidden nodes called context nodes 10 record Ille temporal infomiation of pre­

vious events in a sequence. These nodes may have lateraJ interconnections between them (not 

shown). The outputs of the context nodes, together with the external inputs. feed into the Inputs of 

a multi-layer feed-forward network. whose outputs arc in tum fed into Ille context nodes. Jennings 

and Keele used the network propo ·cd by Jordan to recognize a temporal sequence of numerical 
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digits (Jennings 1989(. The focus of their work is the ability of the network to distinguish between 

sequences that contain U'lique digit · in all positions. such as { l 5 4 2 3). and sequences that con­

tain repeated digits such as { 3 I 2 1 3 2). Elman used a similar network to explore the representa­

tion of structure in time (Elman 1990(. A multi-layer feed-forward network that has recurrent links 

in its hidden and output nodes was used by Watrous to capture spcctral/lemporal characteristics of 

phocnetic features [Watrous 1987). 

Stometta. Hogg and Huben11an used a layer of recurrent input nodes. each of which has a 

weighted self-feedback loop. to implement a sequential network [Stometta 1987), as shown in Fig. 

2.8. The feedback allows previous inputs. together wi the current input. to influence the output of 

the node. Since analogue signals are used. each node behaves as an infinite impulse response 
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Fig. 2.7 A rccurrcntly-connec1ed mulli -layer fced-forwarcJ network . 

digital filter [Bose 1985, Rabiner 1975). A time-dependent pa11em i · ob ·erved al 1he output-; of 111 • 

input nodes when a sequence of panems is presented. A feed-forward n ural ne1work is used 10 

classify the outputs of the nodes at fixed lime intervals in order 10 recognize a scquen<.: . This net ­

work has been applied to one-dimensional molion deteclion by Ir.tining the network 10 de1ec1 left ­

ward or rightward motion of a gaussian pulse moving across I.he field of input nodes. 
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The sequential network proposed by Shamma uses a similar layer of input nodes to imple­

ment a bank of filters. to model the frequency responses of the biological filters in the cochlea 

tShamma 1989). Unlike Stornena. Sha.mma uses a winner-take-all pattern classifier to detect the 

edges and peaks in the spatial pattern defined by the outputs of the recurrent input nodes. His 

classifier uses a layer of laterally inhibited nodes. 

2.5. Temporal Integration Process 

This section describes a computational process that can be used to overcome some of the lim­

itation-; of lhe two exi ·ting models for temporal pattern recognition. This process. which is known 
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as temporal integration. is commonly ob rved in biologi al s . t ms !Kand I 19X5 J. It , a. util­

ized by T otsos in a high-level comput r i ·ion framework for motion umJcn.tanding ITs ltsos 

1980. Tsotsos 1987). 

2.5.1. Biological System 

Th ability of a brain to proc · · tim - arying inputs provid s us , ith th reason tu c amine 

its basic infom1ation proccs. ing m chanism clo: ·ly. ILhuugh th furn.:tioning or a hrain is s1ill a 

mystery, a great deal is kno n about th propcrti s of individual n urons. 

The brain is an organ compo ed largely of nerve cells or n urons. A n umn is ·orm ·1 ·d 1n 

anoth r neuron by a connection called ynapse. Th signals r ceiv d by on n umn from oth r n •u­

ron re tempered chemically depending on the ·trcngth and type of th synap: s. The signals :w 

summed and thresholded by a neuron to gcncrnte an output. 

The cell membrane in each neuron has pa ·sive resistive and capacitive propcni s. hi ·h Im e 

important effects on the flow of lcctricaJ signal. within a neuron. Th sc passive I c1rical pmpcr­

tics contribute lo the lime constant of th neuronal membr.ine, which affects both th ris • 1i111,· and 

decay Lime of lhe internal activity of the neuron. That is. a neuron changes from a qui sc~nt stale to 

an active state, or vice versa, according to a time constant. This propcny provides th· n urun wi1h 

a fading memory. which enables a neuron 10 account for the pa:sag of tim . 

Becau e of the neuron's time con~tant. its stale of excitation is dct nnin d by th tim · 

integral of lhe sum of its inputs. The process of computing thi: tim -int gral 1s call ·ti 

temporal i111egrario11. A long Lime con tanl mean · that ·ignals which arc far apart in rim can 

interact. The effect of the time con ·tant is illu trated in Fig. 2.9. A prcsynaptic cell A is driving two 

postsynaptic cells B and C. where the time constant of cell C is ten times ·maller than cell 8 . Fig. 

2.10 gives lhe responses of the internal acti itie of both cells. Due to its large membr.in time con­

stan!, .:ell B ha. a higher chance than cell C of being tri~gercd by cell A. Thal is, incoming si 1nals 

lhat in isolation may be too weak to trigger a neuron can sum in time 10 reach th required thres-
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hold. provided that the di ·tance between them is shorter than the time constant of the cell. 

In ·ummary, the time constant and the connections between neurons give neurons the ability 

IU sum their input signals both spatially and temporally. The spatial and temporal behavior of a col­

lection of massively connected neurons enables the brain to process complex time-varying inputs. 

hi. observation motivated the use of temporal integration in neural networks to recognize a 

sequence of events. 

v.~ 
Time-

T,me-

v.K 
Time-

Fig. 2.9 A prcsynaptic cell driving two po l ynaptjc cells with different 
time constants (taken from Kandel 1985). V m is the membrane potential. 
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2.5.2. High-Level Vision Framework 

In com put r vision, a framework that incorporates time into a model for high-level vision can 

be found in AL VEN - an expert vision system that evaluates the performance of the human left 

ventricle from a sequence of X-ray images (Tsotsos 1980, Tsotsos 1984, Tsotsos 1987). Concep­

tual description of the shape and motions exhibited by the lefl ventricular wall is abstracted from a 

sequence of X-ray images and presented to AL VEN for detection of unusual occurrences in a 

patient ·s heart . 

Abnonnalitics of the left ventricle arc detected by comparing the motion of the left ventricu­

lar wall of a dmnagcd heart with that of a nonnal h an. The presentation of the first image in a 

·cqucn cause · the activation of a set of hypotheses about the occurrence of ubsequcnt images in 

th sequence. The image hypotheses are temporally related to each other by the NEXT and PREVI­

OUS links. as hown in Fig. 2.11. They are also related to another hypothesis that represents the 

overall ·cquencc by a PART -OF link. Each of these links are weighted connections with a real 

value of either sign. The weight indicates the trength of correlation between the two hypotheses. 

Once activared. the image hypotheses arc compared with the equence of images to check for 

features IJ1at support the hypotheses. Certainty of the current hypothesis about an image is calcu­

lated bas d on whether the image matches the expected features of the hypothesis and whether the 

previous hypothesis supports the current hypothesis. The certainty value is close to I when both 

conditions ar true. It is close to O otherwise. This process of certainty computation is performed 

for c cry image in a sequence using a relaxation cheme. 

The certainty of every hypothcsi about the corresponding image in a sequence is weighed by 

th PART-OF link and th n temporally integrated to compute the certainty of recognizing the 

whole sequence. 

Th AL VEN frame ork addres, cs several requirements that arc crucial to temporal pattern 

recognition. and hence is relevant to thi thesis. In particular. the passing of time is represented 

plicitl b the ·cqucnce of hypothc · H 1• H2 • ... etc and the NEXT and PREVIOUS links 



Fig. 2.11 Hypolheses generation used in AL VEN. 
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between them. Also. tempornl integration of lhe PART-OF infonna1ion is us d 10 compule th· 

final resull. Thus. the final output is based on the sum over time of the cenairuy of ·ach hypolhcsis. 

The use of temporal integration I genera1e the linal outpul gives AL VEN rohustn ·ss in a noisy 

environment and also the ability to de1ec1 panial sequences. 

Although AL VEN i · not a ncur.il network in lhe current sense. the interpre1a1ion of its struc­

ture provided the inspiration for the network organization propo ed in this th sis. 

2.6. Concluding Remarks 

Both time-delay and general sequential network models have been id ly us •tJ in many 

applications. Unfortunately. at present. they have limitations when they arc required 10 111 ct 1J1c 

input-output specificalions given in chapter 1. The reasons and problems encountered will be dis­

cussed in the following chapter. This thesis propose · a ·pccial conligurnlion of a sequential neural 

network that utilizes the proces of tempornl integra1ion to overcome tJ1e probl ms. The propos cl 

network wilJ be presented in chap1er 3. along with a comparison of 1he n I work wilh some exis1in • 

networks. 



Chapter 3 

Proposed Approach 

3.1. Introduction 

This chapter proposes lhe use of a special configuration of a sequential neural network to 

recognize a sequence of temporally related events. The process of temporal integration is utilized 

in Lhe network to genenue a response representing the sequence. The purpose and imended differ­

ence of the proposed approach from existing approaches is five-fold. The network is: modular. easy 

to train. toleram to noise. is able to recognize partial sequences, and is easily analyzed. The pro­

posed network uses a special case of a sequent.ial network with one memory element per state to 

satisfy lhe above requirements. 

This chapter begin-; by pre:enting some limitations of existing neural network models for 

temporal pattern recognition. fallowed by the proposal of a neural network model that utilizes a 

temporal integration process 10 recognize a sequence. The algorithm used to train the proposed net­

work 10 recognize a sequence. and how a number of modules can be int.erconnected and trained to 

rccogniz multiple sequences are presented. Some simulation results that demonstrate the function­

ing of a 1empornl module and a comparison of the proposed network with other existing neural net­

works for temporal pattern recognition are also given. 

3.2. Limitations of Existing Network Models 

The main obj ctive of this thesis is to design a neural network which generates an output that 

rises in small increments from O to I when a correct sequence is presented, and decays in small 

de ·rcments to O oth rwise. This output behavior provide the network with the ability to recognize 
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partial equences and to opernte in a noi ·y environmen1. 

Two neural network model have been proposed for tcmpoml pattern recognition: 1hr time­

delay and sequential networks. Both models have sho, n great promise in such applications m, 

speech recognition. They may be adapted to meet the above requirements. but th 4uestion is hm 

well and at what cost? While they do hav a structure lJmt could be tailored. nt the mom nt n ither 

network is able to meet the desired input-output requirements. 

In a time-delayed neurnl network, the events in a sequenc arc dcfcro•cl in 1ime to ronn a 

static pattern. which is then processed by a pattern classifier. Hence. ii can only rccogni,c a 

equence after the entire sequence has been pres nted. As soon as Lhc tirsl e c111 of th nc 1 

cquence is presented. the output will be immedia1 ly reset. There i. no gr.tdual rise and d • ·a or 

the network output. 

In a ·equential neural network. state 1rnnsilions arc used to reprc · Ill 1h ;mi val of the • ·n1s 

in a sequence. Starting from an idle stale. if the network reaches an ace piing stale after all cvcn1s 

have been presented, then the cquonce is recognized. The n ·ed 10 present all vents means that 1h 

network output remains reset until the entire ·equence has been presented. As ·oon as the ace pi ­

ing state i reached. the output is set to 1 indicating recognition. The output is imm diat •ly res 1 

when the next sequence is presented. Again. there is no gradual ri ·e and decay of th output. 

A gradual system response is preferred to an all-or-none response hccausc it giv s th syst m 

better noise toler.rnce and also th ability to recO!:,'llize partial sequences. A syst m with ,u1 all-or­

none response cannot tolerate any missing event or input noise in a sequence. whereas a system 

with a gradual response i able to generate a partial response when only pans or the scqu nee arc 

presented or when there is noise in the input. 

In a biological y tem. the temporal integration procc · · ·eems 10 play an imrx>rtant role in Lhc 

ability of the brain to proce s time-varying input. Likewise, the high-level vision f r.unework pro­

posed by Tsot ·os makes u e of the temporal integration process ID generate a gradual response 

representing a sequence. This process gives the system the ability to recognize partial s qu m:es, 
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and make · it robust in the prcscnc of noise. 

In principle. both Lhe time-delay and sequential neurdl networks can be tailored to include the 

use of a temporal integrntion process 10 recognize a sequence. This can be achieved by training the 

pallem classifier to genernte an output that con tantJy repons whether the current event presented is 

correct. The results from recognition of individual events in a sequence can then be integrated Lem­

poraUy. to generate a time integral that represents the correct events received. The integral is then 

applied 10 a nonlinear decision function such that the final output remains 0 until enough samples 

arc viewed before the output stans Lo rise from Oto I. 

An implementation of a time-delay neural network with temporal integraLion is shown in Fig. 

3. 1. It has a pattern classifier with N outputs. where N is the number of events in a sequence. The 

outputs of the classifier arc in tum connected to the inputs of an integrator R. Output y, is set to 1 

when correct events E 1• E 2 ••••• £; have been presented to the network. Otherwise it is reset to 0. 

Therefore. a correct sequence will cau e the outputs to be activated one at a time. ·rom y I to YN· A 

response representing the sequence can be generated by temporally integrating tht e output activi­

ties of the pattern classifier. An incorrect sequence causes all outputs to remain quiescent. and the 

time integral of these inactive outputs gives ri e to a zero response. 

An implementation of a general sequential neural network with temporal integration requires 

a pattern classifier that generates N outputs. as hown Fig. 3.2. Outpul y, is set to 1 when events 

£, _1 and E; are correct. and i · reset to 0 otherwise. When a correct sequence is presented. the out­

puts will be activated from ) 1 to YN, one at a time. As a result, the final response representing the 

sequence can be generated by computing the temporal integral of the pattern etas ifier's outputs. 

There is a major problem with these customizations. Both neural network models have an 

already unwieldy pallern classifier. It would be even more so if it were modified to provide an out­

put thal indicates the recognition result of each event in a sequence. This requirement increases the 

number of constraints that the network mu t satisfy. which means that a larger number of hidden 

nodes would be needed. TI1e error or the energy function of the resulting pattern classifier can have 
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many local minima which would make training a difficult process. A neural network with many 

hidden no<lcs is also diflicull to analyze. At this time, there is still no underlying mathematical 

theory to analyze such networks. 

As will be presented in ·ecli n 3. 7. another difficulty with the Lime-delay network model is 

the inherent scaling problem: a large number of time delays are required when the number of 

inputs per event and th number of events in a sequence arc large. In such a case. the pattern 



clas ifter would have many\ eighted interconnects to adju:t during a trJining sc ·sion. and !\!quire a 

longer time to train. 

The general sequential network model docs not have the ·eating problem. Ho, r. it hm; 

several other problems. A general equcntial network has many states that ar: not ·nt"rcd when a 

correct input sequence is presented. An incorrect input due to noise. -. mng ·vents. or impcrfc ·1 

learning. can cause the network to enter one of these states. From there. the net work may follm an 

incorrect trajectory. As a result. the network is intolerant to non•idealiz d conditions. Another 

point is that a correct sequence may be embedded in other sequences and may stan at any 11ml' . 

These other sequences. prior to the appearance of the correct sequence at the n ·twork inputs. ·aus 

the network to folJow an incorrect trajectory. When the corr ct sequence is pres nted. th· n t ork 

may start from one of the incorrect talcs and follow an entirely different trajectory. causln, re ·og­

nition failure. Therefore. in order to introduce noise toler.mcc and th abilit IO rcco 111i1e a 

sequence that may ·tart at any time. the incorrect state. need to be recognized 10 res I th n ·twork 

10 its designated initial state. This increases the number of constr.tints that th classifi r must 

satisfy. thus increasing the need for hidden nodes and the comple ity of the trainin, pm ·~:s. 

3.3. Proposed Network Model 

Our objective in this section is to develop a special configuration of the sequential n ·twork 

that overcomes the limitation of the generals quential network model discussed abov ·. This sec• 

tion begirt'i by presenting the architecture of the proposed network. followed by a description nf th· 

design of a node. 

3.3.1. Architecture 

The pattern clas ·ifter of the gencrnl sequential neural network in Fig. 3.2 is required to gcn­

emte the state and the output of the network at the next period based on the network's current state 

and the current input. This requirement increases the number of constrainL'i tJ1at the classifier must 

satisfy. which mcar: that a complex clas ificr with several hidden nodes is needed. On way to 
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simplify the pall.em clac:;s ifier is 10 separate the function of input event recognition and next state 

gencrntion. That is, a pauem classifier can be used to recognize the input events and a state 

machine to account for the tcmpornl order of the recognized events. 

The structure of the enhanced sequential network is shown in Fig. 3.3. The network consists 

of a pattern clac;sifier, a ·tale machine, and a temporal integrator R. The state machine comprises a 

number of nodes S 1, S 2, •••• and SN. Unlike the general sequential network, this network has no 

fccdhack through the pauem classifier which is used strictly for recognizing the pattern in an input 

event. Funhem1orc, the sequential machine has a special structure that uses one memory element 

per state. TI1e function and operation of nodes S 1 • S 2 , .... and SN will be described first, followed 

by node R. Nodes S 1, s~ . .... SN will be named the Seq11e11ce nodes. and R the Result node. 

Output o; of the pattern classifier is connected to the input of sequence node S; by an excita­

tory connection. There arc also excitatory connections from sequence nodes S I to S 2 • S 2 to S 3 , 

etc., fom1ing a forward chain. The state of excitation of each node changes with a fixed time con­

st.mt, which provides the node with a fading memory that introduces the time element used to pro­

cess a temporal sequence. A chain of interconnected sequence nodes is responsible for recognizing 

U1e tempor.1J order of evenis in a sequence. 

Each output of the classifier is trained to recognize only one event of the sequence. When 

cvem £, is presented. output o; associated with the event is activated, and causes node S; to be par­

tially activated. Node S; in tum sends a positive excitation signal to the next node on the <;hain, 

S, 1• via the excitatory connection. which causes node S1+1 to be partially activated. if the next 

event of the sequence is that associated with classifier output o;+1, then node S;+1 will be activated 

funher. Otherwise. the output of ncxie S;+1 decays to zero within a cenain Lime constant. Node S; 

has an inhibitory input from node S;+a • Thus, when node S;+a i excited. node S; is turned off. As a 

result. when a correct sequence is presented. the nodes arc activated one at a time. from left to 

right. The time constam of the fading memory must be larger than the sampling period of the 

inputs to allow the results of the recognition of ucccssive events to be summed (see Section 2.5.1 

in Chapter 2). 
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The use of a chain of interconnected node · in the proposed n 1work model to record the tcm­

pornl order of events in a sequence was in pir d by the work of Barlow and Levick I Barlow 1964, 

Barlow 1965. Dowling 19871. They proposed a chain of interconnect d nodes to account for the 

motion-sensitive propcny of ganglion cell· in rabbits. 

No more than one node can be active at any given time as a correct . cqu nee is pre: nted. 

However. incorrect states. that is states entered as a result of non-idealized input conditions. have 

more than one active node. These incorrect states can cause the network to follow an incorrect trn­

jectory and lead to erroneou recognition. Hence. they ne d to be recognized and inhibit d. This i-. 
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accompli hed by operating the nodes in a winner-take-all fashion. so that there can be only one 

node active at any time. This is achieved by connecting each node to all other node-s. except its 

upstream neighbor. by inhibitory connections. As a result. either a correct event leads to exactly 

one node being acLivatcd or aU nodes arc inhibited bringing the machine to its re ·et state. There­

fore. the proposed network in Fig. 3.3 is clearly a special case of a general sequential network. It 

uses a separnte memory element (i.e. a separate node) for each state along the state trajectory that 

corresponds to a correct sequence. 

In an ideal case. the state transition diagram of the network is as shown in Fig. 3.4. The net­

work always waits in reset state FR for the arrival of a correct event. After event E; is presented, 

the network exits the re ·ct state and enters state F;. in which the ith node is set and the other nodes 

remain reset. If the next event presented is Ei+I • then the network will evolve from state F; to state 

F,+I · However, if an incorrect event is presented, the network will return to the reset state. As a 

result, a full correct sequence causes the network to evolve from reset state FR to F 1• F 2• F 3 •••• and 

finally F N· In the ca'ic of a paniaJ sequence, the network will evolve from reset state FR to F;. F;+i, 

.... and Fr where I Si < j SN. An incorrect sequence causes the network to remain in state FR· 

Because the network has recurrem connections, the network ·s operation also can be described 

in the same manner as a nonlinear dynamical system. That is, the network has a fixed-point attrac-

1or near the origin of a N-dimcnsional phase space. When a correct sequence is presented, the net­

work . talc leaves the attractor. evolves along a designated trajectory associated with the sequence, 

and then returns to the attractor after the presentation of the last event The trajectory is approxi­

mated by a vector cquencc {F;. F;+i• ... Fj ), when events E;. E;+i• ... and Ej are presented to the 

network. one event at a time. where I S i S j S N. However. an incorrect sequence would cause 

th net\ ork state to evolve along a 1rajectory different from the designated trajectory. 

Since a correct sequence will cau e the nodes to be activated from left to right, one node at a 

time, and an incorrect sequence will cau e most nodes to remain reset, the time integral of the 

weighted sum of all node outputs provides the required infonnation about the degree of confidence 

in recognizing a given input ·cquence. The computation is pcrfom1ed by connecting the node 
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Fig. 3.4 Stale transition diagram of 1he propo. ed sequemial n 1work. 

outputs to the inputs of the result node R by weighted excita1ory connections. ac; shown in ig. 3 .. . 

The weighted outputs arc ummcd and integrated with respcc1 to time in node R. A compl le 

correct sequence causes the internal state of the integrator to rise from O to I. For a partial 

equence, the internal state of the result node will ri ·e to some value between O and I. 

1111.:: result node also has a nonlinear output re pon c 10 it internal state. l1 becomes ac1ive. 

thal is, its output rises above 0.5, when the internal state exceeds 0.5 . The functional parameters of 

the node detcnnine the number of correct input event,; that need to be recognized before t11e result 

node is activated. 

The temporal integration proces · must be designed to reject correct cvenL'i separated by many 

incorrect events. This may be achieved by using a "leaky" integrator. That is. if activation of nod 

S;, with all other nodes inactive, represents tlle correct recognition of input event£,, and if , is t1l 
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internal state of the integrator. the de ·ired behavior can be expre ·scd in the fonn: 

(3.1) 

wh re t, is Lhc time constant of the re. ult node. c, i · the weight of the interconnection from the 

output of nod S, to the r su it node. The rate ill which previous correct evenLS are forgotten is -
1
-. 

'tR 

If each cvem contribute · equally 10th final re ponse. then weight c; is the a.me for alJ intercon-

ncctions. 

8 cau:e ach output L activated only for one input event. the pattern cla sifter in Fig. 3.3 can 

be rcplac cl by N independent classifiers. each auached to one sequence node. as shown in Fig. 3.5. 

Th ·implificd cla:silier at each sequence node is implemented by a set of weighted connections. 

which may be either excitatory or inhibitory. from the external inputs, e 1• e2 • ..•• eM to the node. 

A null input event may be embedded in a sequence that a network is Lrained to recognize. In 

the network of Fig. 3.5. this is handled by u ing an extra input q. which is connected to the output 

of an external null input detector and has a weight of di- lnput q is set to I when the event 

prcscnt~d to th network i. null. and O otherwi e. A sequence node can be trained to recognize a 

null input v nt by adjusting th weight di of the connection from input q to the input of node j. 

onsid r a network of N sequence nodes interconnected as shown in Fig. 3.5. The nodes all 

have the same time constant. t ,. Taking into account the totaJ weighted 'npuLS to a node from other 

nodes and t mal inputs. the dynamics of the internal state of each sequence node, Xj, can be 

c pr ss d in the f om1 

(3.2) 

, here a,1: is the weight of the connection from the output of sequence node k to the input of 

scqu n ·c nod j. bp. is the weight of tho connection from the external input e1;, qi the input tenni­

nal conncctecl t > th output of th· null input detector. di i • the weight of the connection from the 

null input t m1inal to · qu nee node j. and 8 i is the bias of node j. 



o excitatory connection 
inhibitory connection • 

pattern classifier 
I 

Result 

Yr 

. . . 

Current event 

q 

T 

Fig. 3.5 s ·mplified view of the propo · d n t ork. 

The u c of one memory clement per s1a1c and a simple pa11cm classili r at ca ·h s qu 11c • 

node make it pos ible 10 analyze the st.ate trclllSition dynamics of then 1work. as will he discus: d 

in Chapter 4. The analysi yield ace ptable ranges for machin paramct rs. thus providing a sys• 

tematic approach 10 design. 

3.3.2. Design of a Node 

A node ha-; one output and sc era! input ·. Each input may be connected 10 th ou1pu1 of 

another node or to an external input by a weighted connection. It has an int mal stale 1ha1 chan •c\ 

with a fixed time con. tant and provides the node with a fading 111 mory. 111 int mal -;tatc. , . of 
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nod j satisfies the equation 

(3.3) 

where t and 01 arc th time constant and internal bias of the node. respectively. The output. Yk, of 

noc.Je k is connected to the input of node j. by weight a ik· External input e* is coMectcd to the input 

of node j by weight bi*· Node j i · connected to N node · and M external input lines. The weight or 

ach conn ct ion is modifiable and may assume values of either sign. A coMection with a positive 

weight is referred to as an excitatory connection and a connection with a negative weight is 

referred IO as an inhibitory connection. 

Each node has a sigmoidal output in response to its internal state. 

I +e ' 
(3.4) 

which is shown in Fig. 3.6. The sigmoidal function i used because it is a non-linear function that 

exhibits the threshold behavior needed for deci ion making. It is preferred to a hard limiter runc­

t ion because Its d rivativc .. which arc used in the tmining algorithm. arc continuous and easily 

computed. 1l1c function also provides a close approximation 10 the transr er function or an 

amplifier. as will be explained in Chapter 7. 

Th output or each node has a continuous value between O and I and a median or 0.5 at 

x1 = 0. :L"i ·hown in Fig. 3.6. In this thesis. a node i · regarded a active whenever it output i ·· 

3.4. Training of the Proposed Network 

The us of one memory clement per tale allows all the intermediate state or the network in 

Fig. .5 10 be enumerated during a tmining · ·sion. As a re ·ult, the network can be trained to 

r ,ogniic a given sequence of event · by adjusting the imercoMection weights using the LMS algo­

rithm dcscri ·d in ppcndi A. Th target alue of the ·talc variable were given in Fig. 3.4. 
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Fig. 3.6 A sigmoidal transfer fum:11on 

Even !hough the sequence nodes arc mutually interconnected. a simpl LMS algorithm can still he 

u ed. because the nodes arc arrmged in a single lay rand th desired node outputs ar; known at all 

Lime . For Lhe same re on, Lhe LMS algorithm can be used to train lh result node. otc that th 

LMS algorilhm presented in the following is an ad hoc training scheme. Modifications arc mad in 

order to impose a certain structural organization in the proposed n twork. 

This section pre ems lhe two phase · of th tmining procedure for the sequent: and result 

nodes in the proposed net ork. 

3.4.1. Sequence Nodes 

Several parameters of the sequence node in Fig. 3.5 need to be adjust d so that the nodes arc 

able 10 keep track of Lhe events in a sequence. They arc: Lh weights or th connections fruni th· 
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external inputs to all the ·cqucnce nodes: the weight of tl1e connection from the output of one 

· quence node to another: and the bias of each node. The time con tam for each node is fixed and 

is defined by T S t s S 2T. 

Before we exan1ine how the weight of each of these different connections is adjusted. the 

general rule for weight adjustment will be con idered first. For each event in a sequence. the 

weights should be adjusted such that only the corresponding sequence node becomes active. Thal 

is. output . , becomes equal 10 I when event £, is pre ented. In each step of the iterative training 

process. the weights ar updated based on the errors in the re ponsc compared to the desired 

values. Upon presentation of an event, Ille weight w;i of the connection from any source j to the 

input of node i is updated using 1J1e following rule 

w,j ( t + 1 ) = w,j ( t ) + TtY; ( Y; - ; )( 1 - Y; ) ei (3.5) 

where ri is a small constant . . Y;, )'; arc the desired and actual outputs of node i. respectively. and ei 

is th external input. which is a: ·umed 10 be constant during each san1pling period. Refer to 

Appendix A for the derivation of this rule. 

While training the network for event i. which should activate sequence node i, node i-1 is 

a. sumcd to remain active from event i-1. due to the memory incorporated in the equence nodes. 

At the ·amc time, the activation of node i should cause node i+I to be panially activated. due to 

th e citatory connections from node/ to node i+I. All other nodes are a · urned to be inactive. 

Thus. the desired rcspons s of the ·equcncc nodes as succe sive events of a training equence are 

pres ·ntcd as given in Fig. 3. 7. In the first period. the first two nodes are partially activated. and all 

th oth r nodes remain reset. In the second period. the econd node is f uJly activated and Ille tllird 

node is panially a ·tive. and ·o on until the N-1 t period. at Ille end of which node N is fully 

acti at d. 

Th' weights of the conn ctions of th links between the external inputs and sequence nodes 

arc a ljustcd using Eqn. .5 at each time tep. The bias of each node can be regarded as a per­

manentJy arti e sourc with an adjustable weighted connection to the node. This weight is adjusted 
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Fig. .7 Desired re ·pon ·e during 1rainin •. 

in the same way as the weigh1s f oth r conn ctions 10 the node. 

The weight of the excitatory connect ion a ,, .. 1)1 i · updated according to th conlrihutiun Imm 

node i to the output of node i + I when event i i · presented. Although th outpul of node , 1s nm 

const.ant during period i. Eqn. 3.5 ; ~1 still be u cd for trnining. bccau: it pro id s the right direc ­

tion to change the weight to minimize the error function (sec Appcndi A ford ·tail). 
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When node i is being trained 10 recognize an event i. all lhe olher nodes except node i+I 

should be inaclive. If another node is active. then the inhibitory input from that node to node i is 

strengthened slighLJy. using lhe same rule. 

Training of Lhe sequence nodes in the network is completed for one event. lhen for anolher. 

tc. in sequential order. by changing the weight of every interconnection in smaJl incremems. The 

training procedure is repeated after aJI the events in a sequence have been presented. This is pcr­

fom1ed until all the sequence nodes have been trnined 10 keep track of the events in a sequence. 

The training algorithm requires au the weights of lhe sequence nodes in lhe network to be 

modified in small increments simultaneously. Simulation re ·ults show lhat many iterations are 

required to train the proposed network. To speed up lhe training process. another training aJgo­

rithm. which requires only ·ome of the interconnect weights to be adjusted. is given in Chapter 4. 

3.4.2. Result Node 

The output from each sequence node is connected to the input of the result node R. by an 

citatory connection having a fixed weight c, (see F4n. 3.1). After aJI the sequence nodes have 

be n trained 10 respond correclly to a sequence. U1e result node will be trained such that it will only 

be a ·ti ated after the correct number of event · have been presented to the network. The result node 

has only one adju ·1able parameter. namely the node bias, 8r. Time constant tr of the result node is 

Ii ed. :md is delined by 11 xT where II S N and N is the number of sequence nodes. 

Before th . training begins. the weight c, is given a fixed vaJue. An estimate of c; can be 

obtain"d usin ' the analysis given in Chapter 4. To train the result node, a temporal sequence is 

pre ·"ntcd. At the end of the sequence. 8r is updated based on the error of lhe output compared to 

the desired response. The bias is de•· .l!ased lightly if the output of the result node reaches the level 

of I before the predclined numl:x!r of correct event . It is increased slightly otherwise. This training 

procedure is repeated for many iteration until the re ult node has been trained. 
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3.5. Multi-Module Network 

Then 1, ork in Fig. 3.5 can be trained 10 recognize only one temporal s 'llU n ·r. and it will 

be named a temporal nu;dule. An 1, ork withs veral t mpoml modules can he us d tn rccogni,c 

multiple sequences. The u ·c of modules in a n twork allows the si1.e of a net, ork to s ·ale up 

easily. 

This section presents tJlC modular organization of the proposed n 1, ork amt the training of 

the network to recognize multiple tempornl sequences. 

3.5. I. Architecture 

A modular network is ho n in Fig. .8. T\! o temporal mmlules arc ·onnr ·t ·d to th· s:tllll' 

external inputs via a common bus. The result node of each modul • rec ·iv s inhibitory inputs fm111 

the result node of the other modul . ·uch that th two modules opera!· in a winn r-tak ·-all fa.'ihicm. 

The module recognizing a correct ·equence achi c · th ma imun, output. hil • output ul the 

other modules is inhibited. 

The network shown in Fig. 3.8 has only t om dul ·. Ho c r. bccau:· cf the ~ gular strur ­

ture. the network can be easily c tended to ha more than two modul s. 

3.5.2. Training 

When there arc several modules in an t ork. th resull nock in ·ach module rec · 1 ·s inhibi ­

tory inputs from 1J1e rcsull node · of other modules. Th weights of these inhibitory conn ·ctiom, 

mu ·t be adju ted s that the modules ork in a inn r-take-all fa.'ihion. Th module rc.'ipondin • to 

Lhe correct sc4ucncc ·hould have an output of I. and th OLhcr module · should hav an output of 0. 

Individual module · arc trained cparat ly to recognize their corrc ·pcmding scqu n · s. Th n. 

they arc put together and trained to operate in a winner-take-all fashion by adjusting the inhibitory 

weights between them. At the end of the pr ·entation of a particular ·c4ucncc. the module trained 

Lo respond to that ·equencc should be activat d. and all tJic oth r modul s should remain qui sccnl. 
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That i . . the de ired output of th winning module is 1 and the desired outputs of all other modules 

arc 0. Th" inhibitory weights from the winning module to the other modules are increased slightly 

at th· end of a sequence when the other modules are wrongly activated. Otherwise the weights are 

d creased. 

Training of the modules is completed for one sequence, then for another. etc. After applying 

all the sequcn cs. the training procc s is repeated until the network behave · in a winner-take-all 

fashion . 



An alternative and easier approach for dctem1ining th inhibitory weights hcl\ crn modull's 

will be pre ented in Chapter 4. 

3.6. A Simple Example 

To demonstrnte the operation of th propos d n twork . : • •rJI n 'twnrks of diff ·r 111 sitl'S 

were imulated and tesled. The simulation rcsulls will be prcscnicd in hapt rs 5 and ti. lkrc. a 

network having three sequence nodes and a result nod will be us ·d 10 illustrate the appmad1. Tlw 

network wa · trained 10 recognize a sequence of three evem ·. / = I£ 1• £ ~. £ 1 I. pr ·s ntcd in sur• 

ccssive ·ampling period . The time constants of cqucncc and rcsull m d s arc t 1 = IO -1 amt 

'tr = 3x I o-i ·econd. and the sampling period is T = I 0 - -1 sec md. Th~ folio Ing d ·s -r1I ·:-. thl' 

response of the nelwork when a correct scqu nee and a re er ·e :c4ucnce ar pres ntcd. 

The node. · responses. when a correct · quencc r 1 = I£ 1 • £ ~. E 1 } is pres nt d to th • net -

work. arc given in Fig. 3.9. Since ts I i · the same as th training s qu ·nc ·. th· diff, ri·n · • D (I., r, 1) 

i · zero. Each node re ponds with a (i cd ris and decay 1im constant. The . cquen · nod s arc 

activaied one at a lime. from left 10 righl. ode S I is partially activated hy event £ 1• folio d h 

full activation of sub:equent nodes S2 and S 3 by events £ 2 and £ 3• rcspccti ely. od ·S I is par­

tially ac1iva1ed because a node will be fully acti ated when it rec i cs hoLh th· JX>Sitt ' stimulus 

from ii as. ociated input event and a po. itive c ci1a1ion from its upstr ·am n •i 1hbor. as in th· ·;L-; • 

of nodes S2 and S . 

The lime integrnl of 1h ·e4u nee node ou1puL~ causes the result nod 10 he act iv at ·ti. pmduc­

ing an output of I at lime to+ T. 

A reverse ·equencc r 2 = (£1 • £ 2 • £ 1 } and D IJ. r 2 ) > 01 is pre: nt ·d lO th· nc1work . 

where 81 is the threshold above which 1he two · quences are regarded as incorrect. Th· n ·twork '!-> 

response 10 sequence ts2 i · gi en in Fig. 3.10. When event £ i · present d to 1h n twork durin • 

the first period node S i only panially ac1iva1cd, because node S 2 ups1rcam is inac1ivc. Due 10 1h • 

inhibitory inpuls from node S • the panial ac1i al ion of S keep. nodes S 2 and S I n ar reset durin , 
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I.OJ 
S2 0.5 _ ~ 

0.0-1------===:_--------==--

1.07 
S 0.5] ~ 

0.0-1----------===---------

R ~:~] ~ 
0.0-'-------,---====~=-------------, 

to to +T to +2T to +3T 
time 

Fig. 3.9 Outputs of nodes S 1• S 2. S 3 and R when a correct sequence is presented. 

the second and third periods. even though they receive their corresponding input events £ 2 and E 1• 

respectively. The result node R is only slightly activated at the end of the whole sequence due to 

the lack of continuous c citation signals from the equence nodes. 

3.7. Network's Capability 

This purpose of this section i · 10 address the network ·s capability on the types of temporal 

· qu nee thut t11e proposed network can be trained to recognize. To simplify the di cussion. a 

scqu nc • of events i treated as a ·iring of ·ymbols whose occurrences may be repeated in the 
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R 

' 
0.5 
l.Oj 
0.0--L-------------------=====-=--

0.5 
l.Ol 

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

l.Oj 
0.5 -----------------0.0_._--==::::.._ _______________ _ 

1.01 0.5 -
0.0 ...!------..... ,-----===:;::, ===========----, 

to I o + T Io + 2T I o + JT 
time 

Fig. 3. IO OutpuL5 of nodes S 1• S 2• S and R wh n a reverse scqu nee is prcscn1c<1 . 

string and the elapsed time bclwcen cvcms in a . cqu nee is not taken into consideration. 
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Let z; e Z. i = 1.2 .... ,U. be the irh ·ymbol in a : 1 of symbols. Z, and U is the total number of 

symbol in the sci. Strings are constructed from symbols by the opcra1ion of concaicnation. For 

inslance, the concatenation of two . ymbols: 1 and z9 , wriuen a'i: 1 : 9 , is the ordered ·cqucnc ol 

the symbols. There are three possible ways that a string can be constructed. irs1. aJl symbols in a 

tring are unique. An example is string z1z2z3z4. Second, some ymbol have one or more lhan 

one consecutive occurrence ·. An example is given by ·tring z I z 1;: 1 z2 .: 1 . And third . some symbol. 

have one or more than one repeated occurrcm:c · anywhere in the string. An example is o;tring 
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z 1 2 2 z I z 3 where symbol : 1 occurs twice in the first and third symbol. 

With one memory clement per ·talc. the proposed network con isting of N sequence nodes 

has N active state · (F 1• F 2 ..... F ) and one reset state (FR). as shown in Fig. 3.4. As a result, it is 

easy to train the network 10 recognize any string of length N as long as all N symbols in the tring 

arc different from each 0U1er and each symbol can be represented uniquely by one of the active net­

work state. When such a string is presented. the network evolves from reset slate FR to active states 

F 1• F 2• F and finally F . The time integral of these active states generate a result that represents 

th recognition of tl1e tring. 

The unique representation of each symbol by one of the active states is no longer valid when 

thrre arc repeated symbol in the string. The presentation of such symbol to the network causes 

two or more sequence nodes to be activated al the same time. Since each node is connected to other 

nodes. except for the node upstream. by inhibitory connections, the simultaneous activation of the 

sequence nodes causes their node outputs to be lower than one. The more sequence nodes are 

activated simultaneously. the lower their outputs. The time integral of these partially activated out­

puts causes the result node to generate a partial response. Therefore. trings with repeated symbols 

can cause the proposed network to be poorly trained. 

3.8. Comparison With Other Neural Networks 

As mentioned in section 3.2. it is possible to adapt both the time-delay and general sequential 

neural n tworks to have the same input-output behavior as the proposed network by adding a result 

node 10 the network to implement temporal integration. The main difficulty with this approach is 

the need for a comple and unwieldy pattern etas ·ifier. The presence of local minima in the error or 

nergy function of a large and complex pattern classifier makes it difficult to train. A network with 

a complc pauern clu · ·ifier is also difficult to analyze due to the lack of mathematical tools to 

:malyz nonlinear systems. 
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The purpose f this ·ection is to compare the nhan · d tim -d lay and g n .,t ~ qucniiat 

neural networks ith the net-. ork proposed in thi · thesis. based on the require I numhcr of nodes. 

memory cl mcnt . and intcrconn ct, •ights. Th compari son i. pcrfonned for a 11 -·1, ork ha ing 1\if 

inputs and fi r a temporal · qucnce consisting of events. The required number of nodes. 111 ·111or , 

elements. and imcrconn ct-. ights for each n twork will be ·prcssccl int ·nns of and ,, . 

3.8.1. Time-delay Neural Networks 

In the time-delay neural n twork shown in Fig. . I. if all c cnts in a scqucn · • ar • stor ·d 

before they are procc sed, then NM time delay · or memory cl m nts arc n dcd. 

Two types of pattern cla ·sificrs have been used in tim -delay n ural n t-. orks. Th lirst is a 

multi-layer feed-forward neural network, which by far the mo ·t popular dassili r. It is us d in th· 

networks proposed by [Watrous 1987. Lang 1988, Waibel 1988. Widrow 1988, Bcngio 1989. Roit ­

blat 1989. Bouou 1990. Hamp ·hirc 19901. The second is a dyn:uuic recurrent n ural n t ork . A 

recurrent ncurnl network propo, d by Hoplield tHopfi Id 19821 was used by Tank and Hopli Id as 

part of their time-delay neural network lTank 19891. 

The multi-layer feed-forward pattern cla ·si li r in Fig. 3. 1 has output nod ·s and scv ral 

layers of hidden node . Let H; be the number of nodes in the ith hid lcn lay r. Then. th 11u111hcr ol 

nodes in the network is the ·um of the number of output nodes and hidd n nodes in ach lay r. •iv ­

L 
ing a total of ('I:,H; + N) nodes. where L i · the number of hidden la ers. Th number of int n:on­

i= I 

nect weights between two layers i the product of the numbers of nod : in the 1wo layers. ·n1a1 1s. 

there are NM H I interconnection belween Lhe input and th rirst hidden layer, H I H 2 in1 rconncc­

tion between the ·econd and third hidden layers . ... and NHL intcrconn ctioru hctwc n the last 

hidden layer and the output layer. There~ re. the network ·s ·pace complexi ty can he summarized iL'> 

follow : 

L 
number of node = 'I:,H, + N 

1=1 



number of memory elem nt · = MN 

L 

number of interconnect eight · = NMH 1 + I,H,H, _1 + NHL 
1- 2 
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(3.6) 

To implement the patlem classifier with MN inputs and N outputs u ·ing the Hopfield network 

requir s a total or N node . . connected 10 each other by N2 interconnections. Each ncxle is al o con­

nected t th outputs of MN time delays by MN external interconnections. Then for N nodes. there 

ali • a IOlaJ of MN 2 ext mat interconnections. Thus. 

number of node = 

number of memory element = M (3.7) 

number of interconnect weights= N2 +M/1/ 2 

Note that th Hopficld net ork doc not have any hidden nodes. 

3.8.2. General Sequential Neural Networks 

A ·equcntial neural network can be used 10 cla ify a equencc of even1s by repre. enting the 

arrival of on input e cnt after another in a equcncc as an evolution of the network from one tate 

to another. Temporal infom1ation of a equence i torcd as the state of a equentfal network. 

Th ·rcforc. unlike a tim -dcla n ural net ork. a sequential network needs between log2N and N 

m ·mory clements. Th re arc diffi rent organizations for a sequential neural network. We wiU con­

sider a fi ,. h re. 

Th :"qu ntial n ural nelv ork in Fig. 3.2. propo cd by Prager. Harrison and Fall idc has 

ll g2 memory d mcm · !Prager 19861. 111 Bollzmann machine was u cd 10 implemenl the panem 

·lassilicr 111111 ir n'twork. To add an integrator I the network. a paucm classifier ha (M + log2N) 

inputs and ( + lo,. output!\. L I H be th number of hidden node in the Boltzmann machine. 

TI1cn. tJ1c pall ·m classili r has ( + log. output node and H hidden nodes. yielding to a total 

(H + 1 + lcl£. ) no J s. The node · arc conn c1ed to each other by (H + N + log2N)2 intcrconncc­

lions. a ·h node is also conn c1cd 10 a h of the (M + log2N) inpu~ by an external 



interconnection. To conne t H + + log1 nodes in the n~1work IO ( J I lg:! 1) inpuIs rcquin·s 

M + log~ (H + + log~ ) c l "mtll intcn.:01111e ·1ions. Thl•rcforc, Ihc spare ·omplcxity of thl· 

ncl ork can be c pre. :cd m, follow: : 

numhcr f nod : = H ., log:, + 

number of memory cl m nt , = log2 

number of interconn cl w ighIs = (M + log2 )(fl + log2 

J ., ) 

) + (// 

ever .I nc1, ork, which u · a mulli -la r f d-for. ard ncur.tl n ·1, ork 10 implcmrnl tht· pat • 

tern cla ·:ificr in a · qucntial net ork wcr propo: ·d !Jordan ll 89. El111an llJlXll . Mrmory dc ­

mcnt tJ1at store th I mporal infonnation in a :·quencl: urc i111pk111 nt ·d h a la 1cr of sl'lf­

fccdba k conte t nod s. a shown in Fig. 3. 11 . Th pall m ·las:,;ili ·r ma hav · : · c.:ral la l'r'S ol 

hidden node: and on• lay r of ou1pu1 nod s. Th ligurc show: a 11 1 urk ilh onl lllll' la · rot 

hidden node . . To add an mtcgrntur 10 lh n 1, ork. ou1pu1 and ·onIc I nod ·s ar required . A 

taking th conte t node · as m 111ory elem nts. tJ1 ·n th multi -la er lc-<1 -lorwartl da:-.-.,ti ·r h;L<; 

outputs and M + inputs. ·ing th · sum arl!um 111 ford ri in, the number of nmks an I inI ·n.:011-

n ct ighl required by th multi -la r re d-for.var I das:ili r pre: ·nt ·d in th· pr· ious, • ·tion. 

Lhe number of nod ·• mcmor d mcnts. and interconnect w ·ighLS required h th· 1110d ·I ar · as lol -

lo s: 

L 
number of nod · = "'f,H, ,., 
number of m 11101)1 cl mcnt: = 

L 
numberofintcrconn ·t ~i 1h1s = (M+ )// 1 'J:.H,ll,_, 111. 

t=1 

< 3.9) 

01 all · quclllial neural n twork · an be adaptc J 10 have Lh r quired inpu1 -ou1pu1 ha ior 

spe ified in Chapter I. One e an1ple i · th n twork pmpos d by wme11a. Hogg and Hubcnnan 

( tometta 19871. Th n t ork 11' a lay r or :elr-recdback input nod s and a pall m chr'i It r 

implemented by a multi-layer feed-forward n t ork . It is dirficult to modif the network 10 111 ·ct 

the required input-ou1pu1 requir mcnl. becau: ach input n xlc is onnc ·1 d 10 only on mput hn 


