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A Topological and Temporal Correlator Network
for Spatiotemporal Pattern Learning,
Recognition, and Recall

Narayan Srinivasaviember, IEEE,and Narendra Ahujafellow, IEEE

Abstract—in this paper, we describe the design of an artificial conventional neural networks such backpropagation[22
pap! n propag
neural network for spatiotemporal pattern recognition and recall.  andradial basis functiong16] or networks with preprocessed
This network has a five-layered architecture and operates in two inputs using tapped delay lines calléitne-delayed neural
modes: pattern learning and recognltlor_mode, andpattern recall networks[23], [2]. These networks belong to a class of neural
mode. In pattern learning and recognition mode, the network ' 1=l 9 ¢
extracts a set of topologically and temporally correlated features networks called thdeedforwardnetwork architectures. Here
from each spatiotemporal input pattern based on a variation of the inputs to a node/neuron at a layer is propogated forward
Kohonen's self-organizing maps. These features are then used totg the nodes of the next layer. The corresponding outputs are
Iclasr?lfy the input |nt(?I categorlers] based onkthe fuzzy ART network. typically fixed pointsin the output feature space and thus can
n the pattern recall mode, the network can reconstruct any e : .
of the learned categories when the appropriate category node be used for the c_Ia55|f|cat|on o_f spa_t|0temporal input patterns.
is excited or probed. The network performance was evaluated There are two disadvantages in using these neural networks.
via computer simulations of time-varying, two-dimensional and The first is that the training time is long when solving large
three-dimensional data. The results show that the network is scale problems (this is true in particular for backpropagation
capable of both recognition and recall of spatiotemporal data 4qqrithms). The other disadvantage is that it is necessary to

in an on-line and self-organized fashion. The network can also train th fi twork wh tt is added. Thi
classify repeated events in the spatiotemporal input and is robust retrain the entire network when a new pattern Is added. 1his

to noise in the input such as distortions in the spatial and Problem was referred to by Grossberg asdtaility/plasticity

temporal content. dilemmal9].
Index Terms—Neural networks, pattern recognition, pattern The second approach to learn spatiotemporal patterns is
recall, self-organizing maps, spatiotemporal patterns. using recurrent neural networks. In these networks, forward,

backward, and self-loop connections are permissible. A key
consequence of these connections is that dynamical behaviors
not possible with strictly feedforward networks, such as cyclic
ECOGNITION of spatiotemporal patterns is an importardutputs (orlimit cycleg and chaos can be produced with
and emerging area in the field of pattern recognition. Thigcurrent networks. Recurrent networks can be divided into
is primarily because several application areas such as spewoh main types based on the symmetry of the connections
processing [19], [24], video image processing [5], sonar [Bhetween neurons in the network. The first type is recurrent
[11], and radar [11], [27] signal processing require systemmgtworks with symmetric connections (such as the Hopfield
that are capable of processsing signals that are varidmitin networks [13]) that always converge to a stable state. The other
space and time. In the recent past, there has been a kigme of recurrent network have assymmetric weight connec-
interest in using neural-network-based approaches to addrgsss. Assymetric recurrent networks [1], [7], [8], [12], [14],
this important problem. This is because neural networks [b7], [18], [21], [25], [26], in general, lead to spatiotemporal
general incorporate learning algorithms that are capable #havior, such as limit cycles rather than a single stable state.
adapting to the presented data as opposed to algorithrAic advantage of recurrent neural networks is that smaller
approaches that are usually based on preprogrammed routinesworks may provide the functionality of much larger feed-
This capability makes learning more flexible than algorithmiforward networks. However, the stability/plasticity problem
approaches. faced by feedforward networks also affects recurrent networks.
There are two primitive approaches to learning spatioterim addition, learning a large set of spatiotemporal patterns
poral patterns using neural networks. The first approach geohibitively increases the training time. These networks also
to convert the spatiotemporal signal into a spatial signal o not scale well when a large number of spatiotemporal
ignoring the temporal component and treating the entire signtterns have to be learned.
as a spatial pattern. These spatial patterns can be learned Bye present a topological and temporal correlator network
(TOTEM) that is capable of learning and recognizing an
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Fig. 1. Feature detectors at the input layer.

performed in an on-line fashion. The network is capable of T
handling repeated occurances of a fixed spatial location in a L, [ ;‘p;;i’,,“:dmm. - J
spatiotemporal pattern (also referred to as a repeated event) L rafem b senng
and is fairly robust to noise in both the spatial and temporal LT™M
content of the pattern. This paper is organized as follows. In — —
Section Il, we define the nature and scope of the learning Ly T?::ﬁ:i‘:*&
task. An overview of the TOTEM network is provided in STM vmm‘.’,f;ﬁmg
Section Ill. In Section 1V, the five-layered network architec-
ture and the learning algorithm is provided. The performance \
of the TOTEM network is then evaluated through computer Ly [ TewpomlOrder )
simulations in Section V. In Section VI, issues related to the . Extraction
network performance are discussed. Concluding remarks are ST™M & ‘ -
provided in Section VII.

Il. PROBLEM DEFINITION L, 8 _;:Z:l;i ;o

Consider a set ofV feature detector$l,---,Ix) as an

input layer of a network as shown in Fig. 1. The spatial content ; LTM
of the spatiotemporal pattern is registered as the amplitude L Input Features - - ’
(|4;]) of the signal while the temporal content is registered by oo attimet
the change in these amplitudes at various time instants. Let us
assume that these detectors are activated by a spatiotemporal

signal(I1(k),- - -, In(k)) at any timek. Further, let us assume _ _ _
that the activity at these detectors is not affected by its activifjf- 2 ©Overview of the TOTEM architecture.
at previous time (¢ < k). The objective is to recognize the
spatiotemporal activity pattern that impinges on these featugpatiotemporal pattern. In terms of feature values, a repeated
detectors in a self-organized manner. In other words, the geaent implies that the activityl; (¢), - - -, Ix(t)) across all the
is to design a learning architecture that can use the shdgature detectors at a given tinteis the same as that at a
term spatiotemporal activity across all the feature detectgreevious timet — At.
to extract and classify them into spatiotemporal categories
without any external supervision. Further, the network must Ill. OVERVIEW OF TOTEM
also be_ able to recall the Iearned.categ.ories with high_fidelity.-rhe TOTEM contains five layers{ throughLs) as shown
In this paper, we will study this design problem with the, i 5 | et us assume that the spatiotemporal input in the
foIIO\_/vmg constraints imposed on the characteristics of thg.1,"of a two-dimensional (2-D) trajectoryz(t), y(t)) for
spatiotemporal signal. t =1,--- N is being processed by the TOTEM network. The
* The spatiotemporal signals are presegmented. This igbordinates(x,y) represent the features of the input pattern
plies that the beginning and end of a signal are cleariat spank? (i.e., set of real numbers in 2-D). Before any pro-
marked or provided. cessing, an off-line preprocessing step is required to organize
* The spatiotemporal signals belonging to the same catfe input features into clusters based on Kohonen's self-
gory are approximately of the same duration and speegrganizing maps (SOM) [15]. During the clustering process,
¢ The spatiotemporal patterns belonging to the same cafput features(x,y) (uniformly sampled inR? space) are
egory have approximately the same number of samgigesented to thé&, layer. Each input sample selects a winner
points. among a 2-D lattice of nodes ih, that best matches (i.e.,
Under these constraints, the goal is to design a network thamgmimum Euclidean distance) the state of the winner node.
able to recognize and recall arbitrary number of spatiotempofidie state of each node i, is defined by its synaptic
patterns even in the presence of noise. In addition, the netwstkength/weight (also referred to as the long-term memory
must also be capable of handling repeated events within tthdM)). Initially, these weights are assigned randomly. After a
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winner is selected, the weights of the winner and its neighbat a given time step will activate the same lattice node or a
are updated such that the Euclidean distance between the irtppblogically close neighbor despite distortions. This results
sample and the weights is decreased (also cd#adhing). in a very minimal change in the lattice position of the excited
After many input samples have been presented tdithlayer, L3 node and thus translates into minimal activity change
its nodes become organized such that neighboring nodesfan the input vector atl, after sequential uploading. The
the L, layer correspond to neighboring inputs B? space. second transformation occursia where the temporal order is
Thus, the nodes ak, define a topology-preserving map of theextracted. This transformation provides robustness to error in
input. This completes the preprocessing step. The network thigme. This is because features of two similar input patterns that
begins the processing of spatiotemporal inputs during whichoiccurred at approximately the same time would result in very
can operate in two modes: tpattern learning and recogniton similar magnitudes of response Iry. Thus, the input vector
mode (or the PLR mode) and tlpattern recallmode (or the at L, (extracted during the sequential uploading process) will
PR mode). We will first outline the working principle duringnot be affected.

the PLR mode and then the PR mode.

B. PR Mode

A. The PLR Mode The PR mode is ac_tivated only if the; layer contains
_ i _ learned classes of spatiotemporal input patterns. In this mode,

The input (z(¢),y(t)) is sequentially presented b, for  hare js no input at thé, layer. Instead, a category node in the
t=1,---,N. The input at each time step is classified into §_ |aver is excited. This excitation results in the activation of
node (winner node) in the 2-D lattice of nodeslip based on 5| the nodes in.,. The magnitude of response (or activity) for
the minimum Euclidean distance between the input featurgscny,, node is equal to the weight connecting it to the excited
and its states defined by its weights. The winner node at e3eh hoge, TheL, node activities provides both the temporal
time step excites the nodes in the layer. The Ly layer o ger in which the lattice positions dfs should be excited.
consists of a lattice of nodes with a one-to-one connection¢,o resulting sequence of excitation of the nodes in ke
nodes inLy. Thus, anL, layer winner node at any time |aver is then transferred directly to tHe, layer by the one-
excites a node in the same lattice position/as to-one connections that exist between theand L, layers.

The magnitude of response (or the short-term MeMOR,|ly, the activity of theL, nodes is utilized to recall the

(STM) activity) of the excited nodes (fof = 1,---,N)  gpatiotemporal pattern by using the learned weights between
in L3 is inversely proportional to time& at which it was L, and L, layers.

excited. Thus, if the activity of arL; node corresponding
to an input(x(¢),y(¢)) is denoted by4,, then 4; > A4, >
oo > An_q1 > Ay for t = 1,---,N. This property thus
enables thd .3 layer to store the temporal order in which the We will first provide the network dynamics for the pre-
input featuregx(¢), y(¢)) were presented to the, layer. At processor stage based on the SOM. This will be followed by
the end of input presentation (i.e.,= N), the activity of the details of the network architecture and network dynamics
L3 nodes is propagated tb, layer. This process creates arduring the PLR mode. Finally, the network dynamics during
input vector toL, that consists of the lattice positions 6 PR mode will be provided.

nodes juxtaposed in decreasing ordef.gfnode activity (this

process is referred to as tisequential uploadingrocess in A, Preprocessor for Topology Extraction

Section IV-B3). TheL, input vector (or its STM activity)
is then classified into categories I, using the fuzzy-ART
learning algorithm [4]. Each category i represents a class
of similar spatiotemporal input patterns. The template for ea

learned class is stored in the weights (or the LTM) connectlrh%umnS inL, layer via the weight vectoRV;, (where (i, j)

the input vector at., to the category node dt;. . . ; . JN
An interesting aspect of the TOTEM network is that th('as the lattice location). These weights are initialized to random

. . . . and small values. The input vector at each time inslan
length of the input vector i, is always twice the number P Ty

) ) . . . is then | winner latice n i, 7*) in L
of time steps (i.e.2/N) at which the spatiotemporal input Sht © us_ec:]t& se er::t ah | © aEtcei_d eun(@;‘_w ) I >
was sampled but not on the number of features in it Thig oo° WEIGMWar - as the least Euclidean distance © .
. . . . " .. as shown in Fig. 3. In this figure, the input is shown as a point
is because the input features at any given time are stored in.an, . :

o . in the input feature space for clarity purposes.

L3 node whose 2-D position is then storedlinin a temporal ) . . :

. . The weight vector for the winner and its neighbors are then
order of occcurance. The input vector &t is far more undated inL, as
robust to noise such as distortions in input features and theﬁ 2
temporal occurance than the original input. This is because AW,; = ahie o (D[I(E) — Wi(1)] (1)
the input undergoes two transformations before reaching the
L, layer. The first transformation is di, where the input where h;-;-(¢) is the Gaussian weighting function for the
is compressed into a 2-D lattice of neurons. This compressiameight update. This function modifies the weights for the
creates robustness to small distortions (due to noise) in featunésner and its neighboring lattice neurons in proportion to

of the input because input features of two similar input pattertseir Euclidean distance from the winr@t, *). This function

IV. NETWORK ARCHITECTURE AND DYNAMICS

The preprocesor is based on the Kohonen's SOM [15].
Initially, spatiotemporal patterns that have very little or no
t%mporal order is presented to thle, layer. The feature
Getectors at thé.; layer are fully connected to a 2-D lattice of
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1) L, — L, Dynamics: The spatiotemporal inputs at each

L . :
In%':aﬁgam r% : time instant are presented to the feature detectors of the
h

layer as an inpufl(¢). This input activates a lattice neuron
wimer (0 J7) In the Ly layer that is closest td(¢) by Euclidean
@~  distance. The frequency of the winngr ;- is then updated as

Jirge = firge +1 2

Initially, f;; = 0 for all (4, j) in the 2-D lattice of theL, layer.
The frequency information is useful for detecting if any lattice
neuron has been excited repeatedly (i.e., repeated event) during
the processing of a spatiotemporal trajectory. This information
is exploited by thelLs layer as described in Section IV-B2.

In Fig. 4, a sequence of lattice neuron activations is shown
during the course of an example spatiotemporal input trajec-

e tory presentation. It can be seen that at any given time, only

is defined agh, ;- (1) = e~ 5>~ whereo defines the ONe neuron is active in the; layer. This is exactly how the

size of the neighborhood for the weight update. The Gaussia@M [15] is designed to operate once the learning of topology
weighting update process is illustrated in Fig. 3. The amouh@s been completed. This means that the activity of all previous
of weight update for the winner and the neighboring latticéme steps is lost at the current time step. To prevent this, the
neurons is depicted by the size of neurons in Fig. 3. THe$tivity of a neuron in thel, layer at any given time step
update essentially shifts the weight vect®; ;- (¢) toward is transferreq immediately to .thég layer. It s_hould t_)e notgd
the inputI(¢). The parameter controls the rate of weight that the termination of a spatiotemporal trajectory is provided
update and is called the learning rate. via a gateS (refer to Fig. 2) to thel,; layer. This gate is set
After each weight update, the parametersand « are by the user such thai = 1.0 when the input has reached its
decreased by small amounts before the spatiotemporal ing0fl @nd is zero otherwise. If the input is terminated afi.e.,
at the next time step is processed. This is necessary for= 1.0), then no neurons are excited in the layer.
the network to asymptotically reach a stable state [15]. An2) L2 — Lz Dynamics: The neurons in thels layer are
appropriate choice for the rate of decreasenofind o with ~ @lso organized in the form of a 2-D lattice much like the
each weight update is important for good results and ragayer- In fact, at the beginning of each spatiotemporal input
convergence (the choice for decreasing these parameters ilP&dentation, thel; layer contains exactly the same number
our simulations will be provided in Section V). This training®f attice neurons as thé, layer. There exists a one-to-one
process is continued untiW;; is smaller than a user definedcorrespondence in lattice position between the neurons;of
threshold for all lattice neurong&, ;). If the exact topology andLs layers and they are connected by one-to-one pathways
of the input space is knowm priori, then this threshold @s shown in Fig. 5 (all pathways are not shown).
for termination of learning can be set in terms of faulty The winner neuron(;*,;) in the L, layer at each time
connections between neurons in the lattice as follows. FJ€Pt sends an excitatory signal via the one-to-one pathways
a 2-D lattice, it is straightforward to show thak(n — 1) !0 activate the corresponding lattice neuroniip layer. In
connections exist between its lattice neurons (as shown afdition to this excitatory input, the winner neur¢it, j*)
Fig. 3). The termn corresponds to the total number of neuron§ Ls also receives inhibitory inputs (not shown in Fig. 5)
per dimension. So, the learning can be terminated whigm all the nonwinners withinLs. An interesting aspect of
the total number of faulty connnections (measured by th@e Ls layer is that the number of neurons at a given lattice
Euclidean distance between the weights of neighboring latti@€ation can be increased in a dynamic manner. This feature is
neurons) is below a user defined threshold. At the end of tfRauired to handle repeated events in a spatiotemporal input.
training process, the projection of the weight vec®r; onto If a spatiote.mporal input at the currer_1t timteocpurred at
the input feature space maintains neighborhood relationship®revious time step — At, then the winner lattice neuron
in that space. Therefore, the SOM is also calledggmlogy corresponding té — At would once again win at the current
preservingmap [20]. After training is completed, the finaltime. In this case, the winner neuron Wou_ld have a frequency
weightsW; represent the LTM between tg andL, layers Jfi+j+ = 2. When the frequency of any lattice neurti;) in
(refer to Fig. 2) and store the topology information of the inpuf2 increases by one, a new lattice neuron is recruited at the

Fig. 3. Preprocessing using the Kohonen self-organizing map.

feature space. corresponding lattice locatiofi, j) in Ls. This recruitment is
accomodated in our notation by using a third indefor each
B. Network Dynamics for PLR Mode lattice position inLy wherek = fi. ;..

The activity of the winner neurom;- ;- (t), can be modeled

Once the topology of the input feature space is extractﬁging the shunting equations of Grossberg [10] as
using SOM, the TOTEM is ready for learning and recognition

of spatiotemporal patterns. We now provide a detailed expo- dxj«x(t) - o -
sure to the network architecture and dynamics during the PLR dt —Braiejen(t) + (Ar = wi () i jo
mode. —(CH+zp ()X (3)
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Fig. 5. The network architecture at thes and L3 layers.
where J;-;+, = ~ (v is an attenuation constant and isxcite since it has no activity at previous time steps. The

<1) is the strength of the one-to-one excitatory pathwaytivity of all the nonwinning neurons;;.(¢t) can also be
between the winner neurons in the, and Ls layers at modeled using the shunting equations as
time . The term X denotes the net inhibition at the winner
received from all the nonwinners at tinteand is given by —
X =20 005 .’l:ij-k(t). In.(3), the e_:xcitat(_)ry _inputs_drive dt
x;- j+1(t) toward a finite maximum while the inhibitory inputs
drives it toward a finite minimum. In particular, the value ofpe activity % (t — 1) corresponds to a self-loop connection
i-j+x(t) in (3) remains bounded within the range C', A1)  (refer to Fig. 5) and represents the nonwinning neuron’s
and decays to the resting level zero in the absence of agtivity. It should be noted that no neuron in layer can
inputs. ever win at two different time steps because of the dynamic
The nonwinning neurons in the; layer do not receive any recruitment process iths.
excitatory input from thel, layer. Instead, they self-excite In this paper, we assume that the integration rate for these
using their activity,z;;,(t — 1), at the previous time step.two differential equations is extremely fast and thus we can
They also receive inhibitory inputs from all the remaininglirectly obtain the activity of the winning and nonwinning

nonwinners withinLz. The winning neuron i3 cannot self- neurons by the settinﬁ’”“é;"(t) = d“”*ji';'(t) = 0in (3) and

= —Bowijr(t) + (A2 — ziju(t))zijn(t — 1)
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/é’jt;":‘l‘:"o A : Fig. 7. Coding the featureg in K5 using the fuzzy ART algorithm.
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' _ ' N ' When the input is terminated &t (as signified bys = 1.0),
Fig. 6. Sequential uploading df; activity using gate; . the net activity,>" =, ;% at the L3 layer, reaches a steady state.
This causes the gat&; to open (i.e.(; = 1.0). The opening
(4). Thus, the activity of the winning neuron & can be Of gateG, can also be expressed as
algebraically computed by >z =constant>0 Az, =0.0=> Gy = 1.0,
J (5) ( )

&£ Jk() Bi+ X + Jivjen

The opening ofG; initiates a sequential uploading process
Similarly, the activity of the nonwinners i3 can be obtained from L; to L, as shown in Fig. 6. During this process,
algebraically as the lattice location(z, j) of the neurons are normalized and
downloaded to the 4 layer in an order of decreasing activit
_ Agxijk(t — 1) - CX + 1y 9 y

Tin(t) = . . (6) i (i.e., the temporal order). The normalized activity of
By + X +zij(t— 1) neurons atL, can be realized as
By selecting4; < 1.0, 4y < 1.0, By = By, = 1.0 i J .
L L 1= — Y= fori=1,---M 9
and C = 0, the activity of winning neurons becomes a A ) ' ©

monotonically decreasing function of time. The temporal ord@fheren is the size of each dimension of the 2-D latticelat
is then extracted by using this decreasing pattern of activifd A7 is the total number of active neurons in thg layer
in the winning neurons. Depending on the choice of constariien, opened for the first time. It should be noted tigais
[A1, A2, By, By, C], the winning neurons can also achieve g 23/ dimensional vector since for each lattice location there
monotonically increasing or parabolic pattern of activity agre two component;, j). After each upload, the activity of
a function of time during the processing of spatiotemporghe uploaded lattice location ifi; is set to zero as shown in
inputs in theL3 layer. Among these patterns of activity, only,:ig_ 6. WhenY_ z;;; = 0.0, the gateG, is closed and the
the monotonically decreasing or increasing cases are desiraBi@yuential uploading process is complete. The activity of the
This is because for a parabolic case, there can exist two tipe neurons is then reset to zero.
instants (one in the past and one in the present or future) fory) 7, — 1. Dynamics: The L4 layer contains a set aff
which the activities of the winning neuron can be identicg|ctive nodes whose activity is governed by (9). This activity
and this will destroy the temporal order information in the  contains the temporal order of excitation of the lattice locations
layer. In this paper, we selected the constants so as to simulgte .. Thus,y represents a set of topologically and temporally
a decreasing pattern of activity for the winning neurons.  correlated features. The is then coded into the LTMZ in

3) L3 — L, Dynamics: Unlike the activation of the neu- Fig. 7) between thel, and L; layers using the fuzzy ART
rons inL; at each time step, the neuronsatare not activated g|gorithm [4]. This coding is initiated by gat@. (shown in

at every time step. The activation of the neuronslin is Fig. 7). The conditions for closing and opening of this gate is
controlled by gateZ; (shown in Fig. 6) betweeil.s and Ly governed by the following equations:

layers. Gate7; is closed(G; = 0.0) if the net activity,> @
at theLs layer has either not reached a steady state or is zero. AY_y=»_ y(H)— Y y(t—1)#00 OR

This can be expressed as Z v =00=>G, =00 (10)
A quk = Z a:”k(t) — Z a:ijk(t — 1) #£0.0 OR @) and
> @ik =0.0=> Gy = 0.0. S y=constant-0 AS y=00=>G,=10. (11)

This ensures that there is no transfer of activity frémto .,  The condition in (10) implies that the fuzzy ART coding will
during the processing of a spatiotemporal input. not be initiated (i.e.G2> = 0.0) either when the sequential
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downloading process is taking place (i.&\> y # 0.0) TABLE |
or there is no activity in the neurons dt. Similarly, the GENETR':\iEET'i:TZ%Eg;TIg'TCESES\R’if#JSEJE’E?ORES
condition in (11) implies that the fuzzy ART coding process

is initiated (i.e.,G2> = 1.0) when the sequential downnloading [,
| i o urve Number x(t) y(t)

process is completed (i.&\ >y = 0.0) and the activity of the
L4 neurons reaches a steady state (R€y = constant> 0). ! 0.5¢c05%6(t) 0.55in38(t)

Once the gatg7, is open, the inputy is coded into the 2 0.5(8(t) - sinf(t)) 0.5(1 - cosf(t))
L layer using the fuzzy ART algorithm. The fuzzy ART . :
algorithm [4] is capable of unsupervised classification of botl ? 0-5eosf(t)(1 - cosh(®) 0.55inb(1)1 - sinél(t))
binary and analog inputs in real time as opposed to the 4 0.5cosf(t)(1 + cosf(t)) | 0.5sind(t)(1 + sinb(t))
original ART-1 algorithm [3] that can handle only binary 5 0.5sin36(t)cosf(t) 0.5sin36(t)sind(t)
inputs. The main advantage of this network is that it is very ) ) _
stable to previously stored inputs but at the same time plast & 0.55inB0(t)cosd(t) 0 Sein50(t)sin/()
to new inputs. This implies that new classes can be allocated 7 0.75cos8(t) - 0.5cos1.50(t) | 0.75sind(t) - 0.5sin2.50(t)
dynamically and the number of classes that can be formegd 8 1.25c0s8(t) - 0.5c0s2.50(t) | 1.25sin8(t) - 0.5sin2.56(t)
is only limited by the total memory available. Thus, this
network provides TOTEM with the capability of handling the
stability/plasticity dilemma that was addressed in Section I. TABLE I

The fuzzy ART network consists of two processing layers THE Six GEOMETRIC CURVES USED TO GENERATE
(L, and L3 in Fig. 7). TheL, layer corresponds to the input THE 3-D SPATIOTEMPORAL TRAJECTORIES
layer while the Ly layer corresponds to the category layer. Curve Number " I 0
The two layers are fully connected by adaptive weights
(fully connected architecture is not shown in Fig. 7 for clarity). ! 0.5c05%6(t) 0.5sin’(t) 0-5c0s26(1)
The learning algorithm for the fuzzy ART is outlined below. 2 0.5(6(t) - sind(t)) 0.5(1 - cosd(t)) 0.5c0326(t)
Before any learning takes place, all the components of the 3 0.5c0s8(t)(1 - cosd(t)) | 0.Bsinf(t)(1 - sind(t)) | 0.5cos26(t)

weight vectorZ are initialized to 1.0. Then, the input vector 4 0.5cos(t)(1 + cosf(t)) | 0.5sinf(t)(1 + sind(t)) | 0.5cos26(t)
y (of dimension23{) and its complemeny© are stored in

K g . 5 0.5sin56(t )cosh(t) 0.5sin36(t)sinf(t) 0.5¢c0826(t)
L4 as a4M dimensional input vectolY = (y, y°) where p P vonnanoan Toseoma
y° = 1.0 — y. This process of storing both the input and Sein58(t)eoedle) Seinb(t)oind(t) ) 08cos2(t)
its complement is callecomplement codingand helps in

preventing a category proliferation problem [4]. Initial 250 Inputs 750 Inputs 1250 Inputs

The input atL, activates the nodesin L; or the category
layer as

oo [YAZ| 5 min(Yi, Zy)
A S

where 6 is a parameter that minimizes recoding [4] and
the operatorA represents the fuzzy AND operator [28] as
defined in the above equation. The definition of the term
|z = M & where M is the total number of features in 1750 Inputs 2750 Inputs
z. The network then makes a hypothesis by selecting the nofleg®~® -~ p—
J that has the maximurif; to be the category that stores the ;/

presented input. In case of a tie, the node with the least ind ’.

(12)

%
is chosen.
Then, this hypothesis is tested using a similarity test called

the vigilance criterionas follows: Fig. 8. The projection of¥;; onto input space during topology abstraction
of the 2-D spatiotemporal data by SOM.

(13)
value of the weight is retained by a factor @f — /) while
wherep is called the vigilance parameter. The ratio on the lefhe current inpufY affects the weight by a factor of.
of the above inequality represents the degree of match betweef node ./ does not satisfy the vigilance criterion, it is shut
Y and the category in L;. If node J satisfies the vigilance down. Then, a search process is initiatedZinto see if any
criterion, then the weightZ, are updated by using thfast other node satisfies the vigilance criterion. If there exists one
learning rule [4] as such node, then its weights are updated using (14). If there
Zy=B|Zs NY|+(1— B)Zy (14) exists no nodc_as 17753 that satisfy the vigilance_ criterion, then
a new node is recruited to store the spatiotemporal input.
where 3 (<1.0) is called the forgetting factor. This equatioriThus, the vectofY is classified into a category node in the
tells us that the weighZ is modified such that the previousL; layer. It should be noted that the LTM weights remain
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Neuranal Activation
°
s

Fig. 9. lllustration of network dynamics. (a) Noise-free 2-D spatiotemporal trajectory.s(l¢vel neuron activation at the end of the trajectory presentation.
(c) L4 level neron activation after sequential uppload process.

permanently modified when the next spatiotemporal input This ensures that there is no transfer of activity frémto L3

presented. However, the activiy at L, is also stored in the during the recovery of the vector from L;. Similarly, the

STM. Also, all the gates are closed before processing the neghdition for theG; to be open is given by

input.
Y y=constant>0, A) y=00=>G3=10. (16)

C. Network Dynamics for PR Mode The sequence of lattice nodes that are activated during the se-
In addition to learning and recognition of a given spatiotengfuential download process activates the corresponding lattice

poral input, the TOTEM is also capable of pattern recall. \Weodes in L.

now provide a detailed exposure to the network dynamics3) L. — L; Recall Dynamics:For each activated lattice

during the PR mode of operation. neuron (¢,j) in Lo, the corresponding chunk of the spatio-
1) Ls — L4 Recall Dynamics:In the pattern recall mode, temporal pattern is recovered using the LTW,; between

the network does not receive any inputs in the layer. the L, and L; layers. The entire spatio-temporal pattern

Instead, the category nodes at thg layer can be probed is recovered when the pattern corresponding to the entire

to recall or reproduce the spatiotemporal patterns that thegquence of lattice nodes activatediin(due to the sequential

represent. When a category nodelig is probed, then this download process) has been recovered.

results in a top-down excitation of the nodes in the layer

via the LTM Z. The activity’Y can be recovered a¥ = Z. V. COMPUTER SIMULATIONS

2) Ly = L Recall Dynamics:Once the activityY is re- In order to test the performance of TOTEM, we performed

covered, then a sequential download process is initiated t():%'m uter simulations using two different data sets. The first
tween theL, and L3 layers. This process is the inverse of the, P 9 .

sequential uploading process described in Section 1V-B3. F%ar\ta set consisted of 2-D spatiotemporal data that was gen-

. ) . : . ) erated using a set of eight 2-D geometric curves (listed in

this process, only the firs2M dimensional inputy is used. g ase 9 9 ) (. i
. ; . . . .Table 1) as primitives and selecting different combinations
This vector is then sequentially downloaded in an increasin . .
of these curves for different segments of the spatiotemporal

order of its indices. The downloading process is Contm"e[rajectory. Originally, this data set consisted @f(t), y(t))
by a gateGs betweenLs and Ly layers. Gatels is closed o0t duration that was randomly selected between 45
(G5 = 0.0) if the net activity,y at theLs layer, has either not pes . : y

! ; ' and 55 time units. The sampling rate was randomly selected
reached a steady state or is zero. This can be expressed Setween one and three samples per time unit. This data was
then converted to spatial direction data as a function of time,

AY y#00 OR > y=00=>G3=00. (15) (n.(t),n,(t)), that essentially consists of the unit directional
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Fig. 10. TOTEM dynamics for two similar spatiotemporal trajectories. (a) The two spatiotemporal trajectorires and their corredpondimgnal activity.
(b) The L, activities of the two trajectories and the error from the ideal trajectory.

vector components of the:(¢), y(¢)) data. These components The second data set consisted of three-dimensional (3-D)

were computed as spatiotemporal data that was generated using a set of several
(2(t) — 2(t — 1)) 3-D geometric curves derived from a combination of six 3-
ng(t) = (20 = 2(t— 1))° + (y{b) — gt — D" D geometric curves listed in Table Il as primitives. This data
(17) was also converted into a set of 3-D spatial direction data
ny(t) = (y(t)2_ y(t = 1) 505 as a function of time. We will first analyze the performance
[(2(t) = a(t = 1))2 + (y(t) — w(t = 1) during the PLR mode for the 2-D case. Then, we shall

The advantage of using unit directional data samples is thagtalyze the performance of TOTEM during the PR mode for
provides robustness to scale and translation in the spatiotgéhe 2-D case. This will be followed by a similar analysis
poral data. for the 3-D spatiotemporal trajectory data. While the 2-D
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Fig. 11. The classification of eight 2-D spatiotemporal trajectories by TOTEM during the PLR mode.
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Fig. 12. Recall of the eight gemoetric curves by TOTEM for= 0.025.

and 3-D data in these computer simulations were chos€éhe L, layer that consists of 25 (five along each dimension)
for ease of visualization and understanding, the network ligtice neurons (the issue of selecting this number is discussed
not restricted by the dimensionality of the spatiotemporgi Section VI). It is possible to verify if the preprocessor
input data. learns the topology because the 2-D spatial directional data
must lie on a unit circle. The various stages of learning is
A. 2-D Topology Extraction Using SOM presented in the form of projection of the weight vect¥¥s;
Before the PLR mode was initiated, the preprocessor badé® of them) onto the 2-D unit directional space as shown in
on SOM was trained in order to learn the topology of the 2-Big. 8. The location of the lattice neurons are depicted by an
spatial direction data. The training was performed using 2-D” mark. The connections between the lattice neurons are
spatial direction data with very little or no temporal orderonly shown to visualize how the 2-D lattice projects onto
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the input space. By the first 1250 input presentations, the
network has abstracted a rough estimate of the input space
topology. The learning is terminated after 3500 iterations. At
this stage, all the lattice neurons except one lie on the unit
circle. Thus, there are only four faulty connections between
the lattice neurons (the four lines inside the unit circle of the
rightmost image of second row in Fig. 8) among the 80 lattice @ (b)
connections inL, layer (i.e., an error of 5% in topology). In Fig. 13. The effect of recalled pattern due ® (a) 3 = 0.025. (b)
all our simulations, the parametersindo were decreased as:? = 0.05. (¢) 5 = 0.2.

e = 0.99995 * ¢ and sigma = 0.999 95 = ¢. This choice pro-

vided us with a rapid and accurate convergence as illustrated | .. 500 Inputs 1250 Inputs

by Fig. 8.

B. 2-D Spatiotemporal Pattern Learning and Recognition
After the input topology is extracted, the processing o

the 2-D spatiotemporal inputs is initiated. A total of 200

different spatiotemporal trajectories were presented to TOTEM
(these were generated by various combinations of curves in
Table 1). Each pattern was also corrupted by gaussian noise
with zero mean and a variance ranging from 5% to 20% of the
spatiotemporal input at each frame. This created an additiona
800 distorted spatiotemporal input trajectories. Some of thes
trajectories were also subjected to translations and scali
At each frame, the spatiotemporal trajectory excites a lattige
neuron (i.e., one among the 25 neurons) based on minimum
Euclidean distance. This in turn is fed forwardig were the
temporal order of excitation is stored in the form of decreasirmy. 14. The projection ofV;; onto input space during topology abstraction
amounts of excitation of thé lattice neurons. of the 3-D spatiotemporal data by SOM.

In order to visualize the network dynamics, consider a
spatiotemporal trajectory as shown in Fig. 9(a). This trajectowas selected inl.; among the 200 created categories. For
starts at the point marked “*” and terminates (i.€.= 1.0) at the example shown in Fig. 10(b), the vigilance criterion was
the point marked “0.” The total duration of the trajectory is 58atisfied at 0.83 for both the noisy versions. Thus, at this
time units and the sampling rate is one point per time step. Thigilance, the noisy versions are accepted into the same
L3 level neuronal activity at the onset of sequential uploadirgategory as the ideal trajectory.
(i.e.,G; = 1.0) is plotted in Fig. 9(b). From this activity, itcan In order to illustrate the robustness of TOTEM to noise,
be inferred that the first (lattice neuron with most activity) ankgt us consider the two spatiotemporal trajectories shown in
last (lattice neuron with least activity) frames were capturdelg. 10(a). These are two noisy versions of the noise-free
at the lattice position$2,4) and(0,4), respectively. Some of (or ideal) spatiotemporal trajectory shown in Fig. 9(a). The
the lattice positions have multiple activities. These correspofitst trajectory (top left in Fig. 10(a)) is corrupted by a 8%
to the occurance of a repeated event in the spatiotempadBussian noise and is scaled and translated with respect to the
trajectory. After the completion of the sequential uploadinigleal trajectory. The second trajectory (top right in Fig. 10(a))
process (i.e.,Gi = 0.0), the resulting activityy of the is corrupted by a 6% Gaussian noise and is also scaled and
neurons in thel, layer is shown in Fig. 9(c). At each frame translated with respect to the ideal trajectory. The sampling
there are two bars to indicate the normalized lattice positialurations for the first and second trajectories are 47 and 48
(i,7) [refer to (9)]. It can be seen from Fig. 9(b) that the¢ime units and the sampling rate was fixed at one point per
lattice positions range from zero to four along each dimensidname. The correspondings; and L, activities are plotted in
Thus, if a lattice positior(2,4) was uploaded fronLs, then the second row of Fig. 10(a) and the first row of Fig. 10(b),
its normalized activity would be represented by.4,0.8) respectively. The last row of Fig. 10(b) corresponds to the
in Fig. 9(c). error in L activity between the ideal and noisy spatiotemporal

The activity at L4 is used by the fuzzy ART algorithm trajectories.
to classify the spatiotemporal input di;. The vigilance  The classification results for the eight primitive geometric
parameter setting for classification of thekg activities was curves (listed in Table 1) and their noisy versions are shown
determined as follows. The vigilance parameter to classify tie Fig. 11. The first column corresponds to ideal trajectories
first 200 noise free spatiotemporal trajectories was determinéice., one among the first 200 trajectories) and the remain-
For the simulations reported here, this was found to be 0ifg columns correspond to noisy versions. Each input is
Then, for processing the noisy versions, the vigilance wdsrectly coded into thd.; layer by using the TOTEM network
lowered until a winner that satisfied the vigilance criteriodynamics (described above) after a single presentation. If

2000 Inputs 4000 inputs 5000 Inputs
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Fig. 15. lllustration of network dymanics. (a) Noise-free 3-D spatiotemporal trajectorys(lg§vel neuron activation at the end of the trajectory presentation
(c) L4 level neuron activation after sequential upload process.

any of the existing categories ih; does not match the D. 3-D Topology Extraction Using SOM

spatiotemporal trajectory, then a new category is created onThe SOM-based preprocessor was trained on 3-D spatiotem-
line to accomodate the new spatiotemporal input (i.e., plasticiiral data in order to learn the topology of the 3-D spatial
property). These results illustrate that TOTEM is capable @frection data. The training was performed similar to the 2-
learning spatiotemporal inputs in an on-line and self-organizgfcase using 3-D spatial direction data with very little or no
manner and is also robust/stable to noise in both spatial ag¢hporal order. Thed., layer consists of 625 (25 along each
temporal content. dimension) lattice neurons. The topology of lattice neurons
must assume the shape of a unit sphere because of the 3-
D spatial directional data. The various stages of learning is
During the pattern recall mode, the category nodessimre presented in the form of projection of the weight vect®s;
probed and then the network tracks its way down to the LTi25 of them) onto the 3-D unit directional space as shown in
between thelL, and L, layers to recall the spatiotemporalFig. 14. The connections between the lattice neurons are only
pattern (refer to Section IV-C). The recalled spatiotemporghown to visualize how the 2-D lattice projects onto the input
patterns after the presentation of the 1000 spatiotemposplce. By the first 2000 input presentations, the network has
inputs (i.e., 200 noise-free and 800 noisy versions) for the eigliistracted a rough estimate of the unit sphere. The learning is
primitive geometric curves are shown in Fig. 12. The recalledrminated after 5000 iterations. At this stage, all the lattice
patterns match the noise-free version of their trajectories witleurons except 12 lie on the unit sphere. Thus, there are only
high fidelity. The quality of this match depends upon th&7 faulty connections between the lattice neurons among the
forgetting factor3 [refer to (14)] that is used to adapt the LTM1200 lattice connections ifi, layer (i.e., an error of less than
weightsZ during PLR mode. A high value fag# (i.e.,5 > 0.2) 4% in topology).
implies that the network will modify the stored template (i.e.,
Z) for each category by more than 20% during the pattern ) ) .
recogntion mode. The modifed weights can affect the recil 3-D Spatiotemporal Pattern Learning and Recognition
dynamics considerably as highlighted by Fig. 13. The patternA total of 150 different 3-D spatiotemporal trajectories were
recalled in Figs. 13(a) and (b) correspongitealues of 0.025 presented to TOTEM (these were generated by various combi-
and 0.05, respectively. It can be seen that these two recalfetions of the six geometric curves in Table Il). Each pattern
patterns have a very good match with its noise-free version (tvas also corrupted (similar to the 2-D case) by Gaussian
plot in the second row, first column of Fig. 11). On the othatoise ranging from 5% to 20% of the spatiotemporal input
hand, if 3 = 0.2, the recalled pattern is poor as illustrated imt each frame. This created an additional 750 distorted 3-D
Fig. 13(c). spatiotemporal input trajectories. Some of these trajectories

C. 2-D Spatiotemporal Pattern Recall
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Fig. 16. TOTEM dynamics for two similar 3-D spatiotemoral trajectories. (a) The two trajectories and their correspbndirgronal activity. (b) The
L4 activities of the two trajectories and the error from the ideal trajectory.

were also subjected to translations and scaling. At each frarnempletion of the sequential uploading process, the actjvity
the spatiotemporal trajectory excites a lattice neuron (i.e., ooethe neurons in thd. 4 layer is shown in Fig. 15(c). The
among the 625 neurons) based on minimum Euclidean distivity at L, is used by the fuzzy ART algorithm to classify
tance. In order to illustrate the network performance, considie spatiotemporal input at;.

a spatiotemporal trajectory as shown in Fig. 15(a). The totalln order to illustrate the robustness of TOTEM to noise,
duration of the trajectory is 50 time units and the sampling ratensider the two 3-D spatiotemporal trajectories shown in
is one point per time step. The; level neuronal activity at the Fig. 16(a). These are two noisy versions of the noise-free
onset of sequential uploading is plotted in Fig. 15(b). After th@r ideal) spatiotemporal trajectory shown in Fig. 15(a). The
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Fig. 17. The classification of the six 3-D spatiotemporal trajectories by TOTEM during the PLR mode.

first trajectory [top left in Fig. 16(a)] is corrupted by a 5% VI. DISCUSSION

Gaussian noise and is scaled and translated with respect to thg, 41 our simulations, we have used spatial direction data
ideal trajectory. The second trajectory [top right in Fig. 16(a)}istead of directly using the absolute position data. This was
is corrupted by a 9% Gaussian noise and is also scaled @ghe to achieve high robustness to translations and scaling
translated with respect to the ideal trajectory. The samplipg ihe spatiotemporal data. However, if absolute position is
durations for the first and second are both 46 time uniigportant, we propose two approaches to handle the situation.
and the sampling rate was fixed at one point per framgne opvious approach is to present spatiotemporal data without
The correspondingls and L activities are plotted in the exiracting the spatial directions. If this is done, the network
second row of Fig. 16(a) and the first row of Fig. 16(byi| not be as robust to translations and scaling as shown
respectively. The last row of Fig. 16(b) corresponds to thg this paper. The other approach could be to combine the
error in L4 activity between the ideal and noisy spatiotemporalpsolute position information i, along with the features
trajectories. The noisy versions are accepted into the sag)ady extracted by TOTEM (using the direction information)
category as the ideal trajectory for a vigilance of 0.83 fajefore learning the spatiotemporal input.
the first and 0.81 for the second trajectory, respectively. TheThe inclusion of gateS in the TOTEM network might
classification results for the six primitive 3-D geometric curvegdicate that the network is actually operating in a supervised
(listed in Table 1) and their noisy versions are shown i@nd not in a self-organized manner. This is because the
Fig. 17. opening of gates indicates the termination of the input signal.
However, unlike supervised learning networks, the network
does not receive external feedback as to which category the
The recalled 3-D spatiotemporal patterns after the presenigut belongs to. The TOTEM network extracts the topological
tion of the 900 spatiotemporal inputs (i.e., 150 noise-free an@d temporal information and then classifies the input without
750 noisy versions) for the six primitive geometric curves akexternal supervision. The network only uses the gétéor
shown in Fig. 18 fo3 = 0.025. These recalled patterns matclsegmenting the spatiotemporal input. Thus, the network indeed
well with the noise-free version of their trajectories (compargperates in an unsupervised or self-organized manner. Another
with the first column of Fig. 17). The effect @f for the 3-D issue of importance is the selection of the number of neurons
spatiotemporal inputs is similar to the 2-D case. in the L, layer. If there are too many neurons, the benefit

F. 3-D Spatiotemporal Pattern Recall
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Fig. 18. Recall of the six gemoretric curves by TOTEM fér= 0.025.

is that the mapping is more acurate but at the cost of latibn and recall of spatiotemporal inputs in a self-organized and
of adequate compression of the input information and viam-line manner. The results also demonstrate that the network
versa. Data compression is important because it provides theapable of handling repeated events as well as noise in the
network with robustness to noise in the spatial content of tispatiotemporal data.
spatiotemporal input. Thus, there is a tradeoff between these
two factors. The number of neurons i in all our computer
simulations were determined on a trial and error basis.

The vigilance parameter of the fuzzy ART network plays thd1] L. B. Almeida, “A learning rule for asynchronous perceptrons with

imilari i ; feedback in a combinatorial environment,” Rroc. Int. Conf. Neural
role of a threshold on the similarity function and determines Networks 1987, pp. 609618,

if a spatiotemporal input belongs to a given category Ofz] u.Bodenhausen, “Learning internal representations of pattern sequences
not. The value of the vigilance parameter in our network in a neural network with adaptive time-delays,” Rroc. Int. Conf.

; Neural Networks 1990, pp. 113-118.
was selected based on the setting that creates a seper, eG.A. Carpenter and S. Grossberg, “A massively parallel architecture for

class for each noise-free spatiotemporal pattern. This may a self-organizing neural pattern recognition machir@gmput. Vision,

not be possible in real situations were there may not be an Graphics, Image Processingol. 37, pp. 54-115, 1987.

. . . . [4] G. A. Carpenter, S. Grossberg, and D. B. Rosen, “Fuzzy ART: Fast
eXpIICIt knOWIedge of whether an Input Is noise-free or not. stable learning and categorization of analog patterns by an adaptive

In that case, a possible approach may be to first classify resonance systemNeural Networksvol. 4, pp. 759-771, 1991.
the inputs at multiple vigilance values. When a new input ig5] T. Darrell and A. Pentland, “Space-time gestures,Pinc. [IEEE Conf.

L. . Comput. Vision Pattern Recognitioh993, pp. 335-340.
presented, it is recognized based on the network that match@ql . paugmann, “Uncertainty relation for resolution in space, spatial

the input with the highest vigilance. This approach is however frequency, and orientation optimized by two-dimensional visual cortical
; ; filters,” J. Opt. Soc. Amervol. 2, p. 1160, 1985.

CompUtatlona”y EXpensive. [7] J. L. Elman, “Finding structure in time,Cognitive Sci. vol. 14, pp.

179-211, 1990.
VIl. CONCLUSION [8] C. L. Giles, C. B. Miller, D. Chen, G. Z. Sun, and Y. C. Lee, “Learning
and extracting finite-state automata with second order recurrent neural
We presented a novel five-layered self-organizing neural —networks,"Neural Comput.vol. 4, pp. 395-405, 1992.
network for spatiotemporal pattern recognition and recall. Thi§! sc.)lGrgc)?ssgsrgl,_stwlgggs a brain build a cognitive cod®2jch. Rey.
network can operate in either a pattern learning and recognitipn] S. GrossbergStudies of Mind and Brain: Neural Principles of Learning,

mode or a pattern recall mode. During the pattern recogntion Perception, Development, Cognition, and Motor ContraBoston, MA:

. . . . . Reidel, 1982.
and learning mode, the first layer is the input layer. It consi $1] R. Hecht-Nielsen, “Nearest matched filter classification of spatiotempo-

of feature detectors that receive the spatiotemporal input. The ral patterns,”Appl. Opt, vol. 26, pp. 1892-1899, 1987.

; J. Hertz, A. Krogh, and R. G. Palmeintroduction to the Theory of
second layer extracts the topology of the features at each tifh@ Neural Computation Reading, MA: Addison-Wesley, 1001,

step based on Kohonen’s self-organizing maps. The sequenee J. J. Hopfield, “Neural networks and physical systems with emergent

of excitation of the neurons in the second layer is then collective computational abilities,” ifProc. Nat. Academy Sci., USA
- . ; 1982, pp. 2554-2558.

Ut”'z.ed by the third layer to extract th? tempo_ral order in th M. I. Jordan, “Attractor dynamics and parallelism in a conectionist

spatiotemporal pattern. The topology information extracted at” sequential machine,” iRroc. 8th Annu. Conf. Cognitive Sci. SOE986,

the second layer is combined with the temporal order extracted pp. 531-546.

. . - . T. Kohonen, “Self-organized formation of topologically correct feature
in the third layer to (_jerlve a set of topologically and tempor_all maps,”Biol. Cybern, vol. 43, pp. 59-69, 1982.
correlated features in the fourth layer. These features are finglly] J. Moody and’ C. Darken, “Fast learning in networks of locally-tuned

classified in the fifth layer using the fuzzy ART network, _ Processing units,Neural Comput.vol. 1, pp. 281-294, 1989.
B. A. Pearlmutter, “Learning state space trajectories in recurrent neural

: . ; 17
During pattern recall, the categories at the fifth layer are probgd] networks,”Neural Comput.vol. 1, pp. 263—269, 1989.
and the network is then able to reconstruct the spatiotempoli@ J. B. Pollack, “Recursive distributed representatiostificial Intell.,
; vol. 46, pp. 77-105, 1990.
pattern that belo_ngs to the pro_bed category by using the LT 9] L. Rabiner and B. Juandgsundamentals of Speech RecognitiofEn-
The quality of this reconstruction depends on the value of the ™ glewood Cliffs, NJ: Prentice-Hall, 1993.
forgetting factors. The network was evaluated via computel20] g IfR(i)tter, T. Mﬂtinetzﬁe ar:jq K. MS:h;I\l(tjzmeur\Z\ll Clompllggtlion and
. . . . . elf-Organizing Maps Reading, : ison-Wesley, .
simulations using both 2-D and_3'D spauotempora] Inputs. Tfﬂ;ﬁ] R. Rohwer and B. Forrest, “Training time-dependence in neural net-
results show that the network is capable of learning, recogni- works,” in Proc. Int. Conf. Neural Network<987, pp. 701-708.
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