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Abstract—A network based on the Inverse Function

Delayed (ID) model which can recall complex temporal se- . % _ Zn: WX — U 1)
quences of patterns, is proposed. Complex pattern can be Yt T &

dealt with by extending the network, for each main unit, .

with buffer units that carries the role of a memory. Replac- TX% = Ui — g(x) @)
ing the cross correlated weight matrix with a matrix com- dt ’

puted from a linear separation problem point of view, theseherer, andry are time constants{ << ), Ui andx; is

pattern can be stored and recalled even if they are highllge inner potential and the neuron output, respectively,
correlated. It is shown that for a rather big network comis the connection strength from tfte neuron to théh one
plex patterns of degree 3, consisting of highly correlatednd typicallyg(x) = %arctanh(x) — Kx, whereg andK are

patterns, can be recalled. constants.
Note that the dynamics of the ID model are equal
1. Introduction to those for the conventional dynamics of the Hopfield

model [2] if rx — 0 in Eq. (2). Further, the ID neuron
The dynamics of autocorrelation associative memorgan be compared to a two-state hysteretic neuron [5] when

can be extended to deal with temporal sequences of p@t— oo andry — 0. Calling this neuron themit ID (LID)
terns by storing pairs between consecutive states, makinguron, here is its equations
the recall move from pattern to pattern istead of reaching an N
equilibrium point. Time in form otemporal order, hence, du; Yy

. . Tu——ZW|]X]—U|, 3)
plays a big part in temporal sequences of patterns. Another dt j
important time aspect igme duration. When for exam-
ple a melody is to be recalled, since half notes are played

for one half the duration of the whole note, that should be -1 u() < -K
taken into consideration when dealing with melodies. Here, X(t) = 1 u(t) > K )
nochange otherwise

the focus is layed on temporal order and how patterns that

appear more than once in the same sequence can be deglieretic properties have previously been implemented in
with by extending input space, from knowledge of only thgne autocorrelation associative memory model [5] and the
present state, to include association to memories. LID neuron itself has shown to improve the performance on
optimization problems, namely thé-queen problem and
2. Basic Equations the 4-colouring problem [6]. With the two-state neuron
) ) _ ~ hysteretic transfer function [7] the behaviour of the net-
The model in this paper is based on the Hopfielgyork Jies very close to the discrete model, in that sense
model [1][2], making it a Hopfield-type sequential assothat the two state neuron suddenly makes a switch of out-
ciative model for complex patterns in continuous time. put. Hence, the capacity in the continuous time case can be
as high as in discrete time. The model in question, is con-
2.1. 1D model structed by LID neurons and conventional neur¢ahl)
The ID model, which includes the biologically plau-connected pairwise and defined as tH®N-CN model,

sible BVP model [3], was proposed by Nakajima andiving the equations

Hayakawa [4] in 2002. The model has negative resistance . n

characteristics, which gives it interesting abilitiesrtfer, Tcdﬁ - sgn ZWi'X' e (5)
it allows the output function to be of an S-shape, hence it dt ; I v

can have hysteresis characteristics. The ID model is ex-

pressed by the following ffierential equations X’ = tanh(B- up), (6)
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dui c

Tugp =X~ U (7)
CN
-1 ut) < -K
X(t) = 1 ut) > K (8)

nochange otherwise

whereuf andx® are the inner potential and the output, re-
spectively, of the conventional neuron, a time constant
andB >> 1.

The weighted external input sum varies for each neuron,
causing them to approach the switching of states asynchro-
nously. It is imported to make this approach synchronised,
hence, the sign function can be used, making the flow for
each LID neuron coincide in strength. Realising this func-
tion with a continuous neuron (Egs. (5) and (6)), however,
another feature of great importance is added - detay,
which is an €ective tool when it comes to dealing whith

distortion in the network. Adding initial distortion to the _
inner potential of the LID neuron, the neurons are initallyi9uré 1: The LIDN-CN network for recall of complex

unsynchronisedr. is then used to created a time frame ifemporal sequences of patterns. Three main units an.d four
which the neurons can switch, however unsyncronised, aRyffér units (two shaded) are plotted. The conventional
still making the network to be able to reach the next pafleuron of the main unit has connections from all other
tern in the sequence [7]. Without the conventional neurok!P néurons (main and kter). The main unit at the bot-
paired with the LID neuron, temporal sequences of patterf@M Of the figure has two liters unit serially connected.

cannot be recalled. The bufer units are not connected to any other main units’
buffer units.

2.2. Weight matrix

A sequence om patterns,.g?1 - 57 - .= Em, is typi-
cally stored in the connection weights of a fully connected W = gl 9)
network, where the pattern vecigf is patternu, andé = _

u N n . wherey = 1,..., m, would in case of complex patterns take
(g—‘l,..., §n) € {-1,1)", wherenis the total number of neu- ‘% ©_

rons and where superscript T denotes the transpose. Fur-

Err:grl,;;eg?flqlzjegf:e is cyclic so that the first pattern follows WLE 4 W2B1 4 4 WOgHoL — gl (10)
The shortest subsequence of patterns that deterifinesFrom here, the behaviour of each neuron through the se-

is called thedegree, g, of gﬂ [11]. Hence, the degree of quence is considered as a separate problem, each creating

the entire sequence is the maximum degree of its individ matrix of dimensiom x (nx g + 1). These matrices are

ual components. For simple sequence, where each pat- converted into reduced row-echelon form, from which the

tern is unigue, the transition from one pattern to its sucveight matricesW* ... W9, can be computed row by row.

cessor is decided by the present state of the network and is

thus classified as degree 1. However, to recall a sequered- Complex sequences

that contains duplicated patterns, knowledge of the ptesen o ghort-term memory model stores information about

state alone is not longer Sicient, additional associations {,¢ past components of a given input sequence, which al-
to previous memory statea,short-term memory, have 10 |5 the network to establish a temporal association be-
be implemented. Such a sequence is of degree greater thgRlan, consecutive patterns in a sequence. A simple way of

1 and is defined as@mplex sequence[11]. . _ defining the dynamics in discrete time is by [10]
Storing the sequence in a cross-correlation matrix [1] lies

very close to what would result from iteration by the Hebb N .

rule [8]. However, since diculties arise when dealing with ' _ 1y 20 (e _

non-random patterns that have a lot of features in common X(k+1)= zjl Wi (k) + z]: wWixk=1)+ ..
(letters of the alphabet etc.), the weight matfkis com- n

puted from a linear separation problem point of view, that " Z woxj(k—g—1). (11)
guarantees the storage [9]. The equation Y
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Figure 2: The complex sequence of patterns used in the exasylled out S-E-N-D-A-l, F-U-K-U-S-H-I-M-A, T-O-
H-O-K-U. The network is 1& 10 neurons in size, with three sequences of total 21 patterns

One can create a simple short-time memory, by using& Results
buffer of g units that storeg past states. In discrete time,
these are updated each time step [11], in continuous time, Visual images of the letters in the alphabet are stored
however, one have to depend on time delay. In the modePnsisting of 10< 10 neurons. In the example Japanese
presented here, each main unit is not only fully connectédgmes from the Miyagi prefecture are chossNDAI,
to each other main unit, they are also connected to eafly KUSHIMA, TOHOKU. The patterns can be seen in
buffer unit, as seen in Fig. 1. The fber units themselves Fig. 2. Adding these words one by one for recall of the
are serially linked one after another from the main unit thelgtters in a sequence, a network with degree 1, 2 and 3,
are bufering, but are not connected to other main unitsfepspectively, is in need, according to
buffer units.

For a network ofy = 2, the main units operates accord- * degree(SENDAI) =max(1,1,1,1,1,1)=1

ing to the equations o degree(SENDAI[FUKUSHIMA)
—max(2,1,1,1,2,21,2,1,2,2,1,2,1,2) = 2

n n
Tchll = sgn Zwlllle + ZWIZJXf —uct, (12) o degree(SENDAI|IFUKUSHIMATOHOKU)
dt - - =max(2,1,1,1,2,2/11,2,2,3,2,2,2,1,2/1,2,2,2,2,3)
=3
cl
= tanh(By - ur), (13) In order to recall a sequence of higher degree for a rather
large network, all the neurons have to be initialised from
d 1 1 the start i.e. not only the starting pattern (letter) is pre-
dt =% - u (14) sented to the main units, but also previoius patterns have to
be presented for the fer units. After that, recall works
Xt = sgn (U.l + leil) (15) s_mothly, each biier unit remembering one state back in
time when the network goes through the sequence. The

and the béfer units, delayed one pattern in time, accordingtate transition of the network can be seen in Fig. 3.
to

duCZ 4. Conclusion
Te =X —u?, (16)
Two things were especially important in order to com-
) © plete the presented model.
X = tanh(Bz - u™), (17) Implement short-term memory. In order to recall com-
plex sequences, in where patterns appear more than once,
du? some kind of short-term memaory needs to be implemented.

T“d_tl = X7 -, (18)  In discrete time this can easily be made with deuofg
units, that stores the most receninputs. In continuous
2 2 2 time, however the time step has to be replaced with time
S =sgn(uf + Kox). 19 ) i . ;
X = (u, * ZX') (19) delay. This was made possible withffar units that feed
A network ofg = 3 only adds another Ifier unit. past states to the main units with the same time delay it
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