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1 INTRODUCTION

In this paper, two research papers are reviewed. The first paper suggests a unsupervised
network model, called Recurrent Self-Organizing Map (RSOM), which is a modified
version of the original SOM. The second papers uses similar approach as RSOM to
model the self-organization in the visual cortex of the brain.

1.1 Temporal sequence processing

Temporal sequence processing (TSP) is an active research area, with many applications
in fieds, such as weather forecasting, and speech recognition. In order to create a model
for such temporal process, datais gathered by measuring different variables sequentially
in time. It must be noted that the measured data is often incomplete, erroneous and
contains noise.

Traditional way of using neura networks in TSP to covert the tempora sequence of
input vectors into a longer vector, which is a concatenation of some of the origina
vectors. This vector is then fed into a normal nonlinear neural network. Thisis caled a
time-delay network.

2 TEMPORAL SOM MODELSWITH INTERNAL SHORT-TERM MEMORY

Since SOM itself is not designed to be used with temporal data, a number of extensions
have been suggested. One of the most popular way to extend the basic SOM is to use
some kind of internal short term memory (STM). In interna short-term memory models,
the map units somehow remember the previous activation or input values.

2.1 Temporal Kohonen Map

Temporal Kohonen Map (TKM) is an modification of the origind SOM [TKM]. In
TKM, the involvement of the earlier input vectors in each unit is represented by using a
recursive difference equation, which defines the current unit activity as a function of the
previous activations and the current input vector. The SOM outputs in the TKM are
replaced with leaky integrator outputs, which, once activated, gradualy lose their
activity. Therefore the STM in TKM is in the output of each neuron. The modeling of
the outputs in the TKM is close to the behavior of natural neurons, which retain an
electrical potential on their membranes with decay. In the TKM, this decay is modeled
with the difference equation [TKM]:

a (1) =Aa (t=1) - (W x®) ~w, @), D

where0 < A < 1lisatimeconstant, a (t) isthe activation of theuniti at step t, w, (t)is
the reference of the weight vector in the unit i and x(n) isthe input pattern.

The best-matching unit (BMU) is the unit with highest activity.



3 RECURRENT SOM (RSOM)

Some of the problems of the original TKM have a convenient solution in simply moving
the leaky integrators from the unit outputs into the inputs. This leads to a model called
Recurrent SOM (RSOM), described by Koskela, et.al. Moving the leaky integrators
from outputs into the inputs yields: [RSOM]

yi(t) = @=A)y; [t =1 + AKX —w, (1)), ()

for the temporally leaked difference vector at each map unit. 0 <A <=1 is the leaking
coefficient analogous to the TKM, v, (t) is the leaked difference vector, and w;, (t) and
X(t) have same meaning as in equation (1). Neurons in RSOM and TKM can be viewed
as discrete time filters. Schematic pictures of TKM and RSOM units are shown in
Figure 1 (a) and (b).
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Figure 1. Schematic picture of (a) RSOM unit (b) TKM unit

This means that the feedback term is an vector, instead of an scalar, asin TKM. Because
of this, the direction of the error can be used in updating the weights in the training
stage. In TKM, only the amount of error could be used, and the update was always done
to the direction of the last input vector.

BMU is searched by: [RSOM]

Y, = min{|ly; @)}, €)
The learning rule of the normal SOM is modified so that the difference vector (x(t)-w(t))
is replaced by y.. This means that the unit is moved toward the linear combination of

the sequence of input patterns captured in y,. The equation for the update is shown
below [TSOM].

w;(t+1) = w; (1) + h,, ; (©)y; (D), 4



4 APPLICATIONS OF RSOM

4.1 Temporal sequence classification

The authors test RSOM with a synthetic case, which aims to underline the differences
between TKM and the RSOM. Both RSOM and TKM were trained with five one
dimensional input patterns{1,6,11,16,21}, with additive approximately Gaussian noise.

Figure 2 shows the results of the expreriment where the sequences of length 2 were

used.
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Figure 2. The weightswith A1 ={0.9; 0.8; 0.7} (optimal = 0.8). Optimal weightswith ‘0’,
RSOM weights with *+’ and TKM weights with * X'.

4.2 Other experimentswith RSOM

The authors show two other experiments with RSOM. The first does a clustering of
EEG Patterns, while the latter focuses on time series prediction.

The clustering of EEG patterns is somewhat better with RSOM compared to normal
SOM. Theresults are not that convincing, though.



In the time series prediction, RSOM is compared to a auto regressive model (AR) and
Multilayer Perceptron (MLP) model. The tested timeseries is data from measurements
of the intensity of an infrared laser in a chaotic state. The MLP is amost 7 times better
in prediction compared to RSOM, which in turn, is 4 times better than the AR model.
The authors claim that MLP benefits from noise-free data, but they do not show an
example with noisy data.

5 USING RECURRENT SOM TO MODEL SELF-ORGANIZATION IN
VISUAL CORTEX

Farkas and Miikkulainen have used a similar model as RSOM, to mode the self-
organization of directional selectivity in the primary visual cortex [FARKAS]. It also
includes a leaky integrator in the inputs of each neuron and they claim that the model is
similar to RSOM.

In their model, the input comes from a square retina of R X R receptors and the SOM
lattice is a square of N x N neurons. Every neuron gets its input from a receptive field
(RF), which is acircular areain the retina, centered on its projection. The diameter s of
RFisusualy s=(1/2)R, and the RFs of neighboring neurons overlap significantly. The
RFs of neurons near to a boundary of the lattice are not circular, but cut on one or two
sides, as shown in Figure 3.
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Figure 3. The architecture of the visual cortex model [FARKAS
In their model, the activation a of each neuron (i,)) is at discrete timet is computed as:

a () =@-Ma - +A(Q |1 oWwo) ©)

rir2

where 0< A <1 is the memory- or leaking coefficient parameter and |, ,,is the input
from input unit (r1,r2). The output y, of neuron | is defined by the standard sigmoid
function:



1
1+exp(-x(a (1) = 6,(1))

yit)=o()= (6)

where > 0is the slope of the sigmoid, and & (t) is a threshold, that must be properly
set to achieve the right amount of activaton in the map. The authors have specified that
6(t) is wupdated a every time step with &(t) =%a™ (), where
g™ (t) = max .{a(7)}.

The BMU is the one with the strongest accumulated response after the whole sequence
has been presented to the network:

Yoma (T) = maX; ¥, (T) , (7)

where T is the length of the sequence. After resolving the BMU, the winner and its
neighborhood are updated using the Oja’s rule (while they say that the standard SOM
rule would also work):

AW 5.5 () = a )Y, O] 52 =W O, 0), (8
where a(t) > 0 is the learning rate and |7, is the accumulated input computed at the
end of sequence presentation as follows:..

e =AY @ADL, 9

So in this model, al inputs are taken into account when updating the weights of the
neurons. The learning is based on the accumulated inputs, and neurons are said to
generate responses throughout the sequence.

5.1 Experiment

In the experiments, the input consists of moving normalized Gaussian bars, whose
direction of motion is perpendicular to their orientation. Sequences have a fixed length
that covers a part of the retina, and they start at randomly chosen positions in the retina.
The direction is also randomly chosen from 16 possible directions with corresponding 8
orientations. The bars move in a constant speed (1 receptor per time step).

The final direction and orientation map is shown in Figure 4. It shows that ailmost all
units are orientation selective, and most of these are also direction selective. Most of the
units have orientation preference perpendicular to its direction preference.

The authors clam that the result has most of the features found in biological
counterparts, including:

* Most of the orientation-selective neurons are also direction selective

* Neurons preference to a direction of motion is perpendicular to its preferred
orientation



d the quite high response of a neuron

INEs an

that have similar shape as biological conterpart
ty |

iNui

nuities

tion opposite to the preferred one.

The map contain discont

irec

They aso list some differences between the model and its biological counterpart,

namely some features of the discont

tod

TS ST TS T S S T T TS ST T IS S s ST ISR TR R R AR R S AAAAAR TR DRSS
Yttvxv.adiiil|<fvf.n-n--.;ala;»P}lpFFF»ii!yrxifuxt/xextxyryvy
tY\\wv.a+4iI}l41.----a;;-.xﬁluukFilrLkLuf}/:iiV/X//AAAAKAlVYVVVV
wwxwxv‘4¢iii>|41‘-.;..n-n‘.a...r»#q>»b¥>1;rrrerAAAAKAKKA‘yryvyJ
wawv\w;4i4dlll44da‘.AﬂA:J;JA...'*.-sbbrr.Jar’VYVXAXAKAzAIVVVYvy?
\)xwwww\1+44Ii|4.4a.‘;-‘».‘...«u-\‘-bk»;;;;y;yrAAXAxxxxrrerVy?
P Y Y P Y rraprressesyidanauuusnivrprborples sl d AR AXNNARTVI VLSS 2R
\HY(\Y\\Piﬂ-.1Ann411111..lni.;x-xnn\i\\\.‘tlltzxAAv-v,.rap.;;)sv
Y!*Y\\n.»i«daxn..‘..;1...141.>>>>>>x-\h\..s£1::x44y.|-»r;»rs.rp

Y P hrr ettt s s sd be st s vt AAC AAMAARACSAL SR sNGRARRIEd L2 o RARNE S Y
Wxx\kaasxan.n.x.»..‘..,.far_‘71.‘-a.»a.xx.;xﬁnraxxln-..-»)7rrr
\w\»;\a.\xmx;a\-uvu.‘...rvav.‘..~‘->;a-..;.,x;trL;LLL‘..rrrrrrv

PrArY P ardAAAan iALs b NP RN s A AP P v adLssans s bUAARRLIdAd spanbbarbas
K\\\\\\x\\h\\n‘.LL».-«:v.ruvuxn-\-»».-p..:n/r’ry..La.—7r"..s»'
11 PP T i PP rit sl fiassssossssnstasmvuver i Abbasavuahitddddiosagstie
1ALL_‘~n-us.‘.‘.;¢._.,..-f-.<+kb.‘~vn..,p-1‘.4..(4.4";»vvv7?—-
H ;‘_\ﬁn‘.w.$‘~._¢*4.:.........u}\\\vv.avrvs,~....4:44—-+vvrvT+r
thA\\-‘.w.“‘._xx‘¢.4.r.;a4»'r-.uil.n‘rrrrm.-...vuf.-—-vvvvv_:
;;*_-_\\‘.s‘W“.TTT‘_t..g¢AL—vr\.-l\A..rvrr‘...aiort..._,-fv,.ﬁ;
Badesrdtenvzprds bbby ndddd bhbasbsasasbpbhbnsyyryess s (AN EERRE
Bidiesrpsadda4dabrrnneasndddbbbbrbpbmcaanbblasyrreryrers bl AARL
,ALL‘\“*1¢u...,.4.¢.(.r.LLv;‘,.Trv;;;;rr?f,_444444444..,»v.f,,,
Fhbkberd bkH T L I T I T R R N A A s L EE R A A RE & 5 5 S ittt
T1fr~‘.fv,_+.._....-».rr.r.,..b,.t_.LL«.4,4..4{444<+<iau—r-rr,'¢
Trrvxx.vvv¢..aa:;;.»—.:r#r..:.».«...k-',—...|.<144444>»u,—444a.-
Tfrr-—v$‘m,;Allji‘..»‘.4;...;...¢-,‘fv.,.+ALx..444!.4;;:;-*444-
vrrr.».»-..nai:)a,r>t.t;,,.4_......v’..k;;....144.AA»-:—-‘A‘«..
Ihisstnaaaddansnsnsssinssnnrsrnsbbbbbbdtadsrsoddosanatnsnsnnnesh
rr.-.11A4F111141x|4‘.‘4-.-...c.r’——vrfv;q.‘s.pFrhltiikyaliaa.-'
rv.xxv\lAchvotfiatug....r-...-u..vTTTTTr\N‘nv.bb\n4+llbnu4-..'
i b iz PYsarrrrybrrinussenansaatdos AGbbbhbbrrsdssrcsasvasdddananseil)
Hitsrrsprredddpn—anas sesssnnsnsnedddd bbbbbisddsacwypaiandass Y
;h..rv..-nb»bb»na;;).:;/-vriaa.aaLLL*wv..>$....4i<alsa-\\ . h A
.“rv_.v.‘.\»Pbbiqnllnl‘avaf!d-.aA;L;A.A‘..“‘._44¢:f444xu.|..»a
‘u‘vv—»,...nxrknffftJJJaJ;ivvi-.ﬁ“LLﬁaq‘.‘.-\..iih»LP1ann~;n;x.
rdrrfddilivsrragyrrrrstamadesrs 4 dd4divrorraarerrs=bliiirjgursrrds
..‘1‘Lu*¢...nbbdtfithH*dvvv-....LLLL\"_~\‘.5\H\1FFFP»A\1«‘<~\:
ssarrddivianrtdassnyy Pﬂ4441-.,a.L1L4.‘q.»v\\\\\\lrrkh\.|4|l-x\
..;.‘LL.v?/zx.ffl«d%d}kb1+4dnn,’p«¢¢‘“‘.,\vnn\\\-u-tvail4ehr‘;a
P e e et & S L R R R [ S o O T
s arqqa s aRXYYNTenxgpprrrTress bRA NN Ad b Ay T o o o O e I R
sqgcqgrtm=ss¥nsanwaypryrrrressc bEEv v bdd s pdra P T 1 e LA
;AAAAAJJJ;:rlﬁ;tt:4444qa.~\-.rr;...¢;\ss-\.n|-\v»rruka»>»h»;f:.
At 4SS s bbanannsapyppeaees ¢y FAidid v sirosaanaparbibidsatlansny
A‘AAAAJJ;Jfr.f;ffffdi*i.\l..‘.4<uan‘qi“1‘n1nxuiiiclkhibs;.151‘.
l.||4|b;-irrfffvfilPFFlAAAA._.‘.q.x_qi‘.‘-anxu\14444rbitg‘lajr..
;.Ly.;.,.-.vv-cv111FFFFlL*lt..L.-‘».“‘-nnun\44444r1ﬂ|‘AL;a;...
t».;;lta.‘..;sz-u;okbkbxaaa\.h‘.h.\-qqq.\\\\.A44%44r4r-..L...4-4
A R L A L R R g FrsrrrdTIirAadddveyyrryrrrsandddonnn
R R R L e sy RFYrITIIrA P Y v ey Laitannddivany
NS TN Pt hhprdddlecssdacdd FafAFFFPFFYdAasyyYiiindcnnsviny
Itffldxzfa.—::;-vfrbbbhii\:\n-n\\\\\k\-\!11\\l\i44.uv..—...<¢f¢.
L xnun il tEbbifd] erddligurddatdssrrddds PP PFFP2rppolsianrvrainsv iyl
2 18 i B b B T et B A A A A b A
Mwesesxy b4 44444880 shddgrusrtsrarseren e Y XAV Y PR e rvadusn o VTN Y
Altzxzyvya..;.;".xl.tbt!ll\\\k\4444iu~t\&x¥\\\\\\4..«......4«..
AR o N T R B B R A Lol LA 4 AR DI &
Yxe;/rrrr....44<.¢a.|Fbtrlllnr»4;anqunxxmxx\Hw-‘Tff4<4..’,.f_¢
B vy PR S SR Y 1 A A R A A A AR R R R R N
own v athksinyrernvvesreeadd A T A FEVYEI S 2400
S Y e dd it T ans EEERNE LT Y L,
YA AR RRFF PP I YT apammd v (X e rr s F I AALYYI VA bR fAAAA
1/{/!/1/’14‘114114;...Annsiill41.4#1141..\\*\\Y!*tt«;;;rrr.w.\x
RVVV/JUI.-¢4<‘44444.‘Aln¢!44411411414J.|Ax«\1k¥‘!111‘-._‘.‘-‘\\

Figure 4. The self-organized direction and orientation map. [FARKAY
A modified RSOM by Farkas et. a. has been used quite successfully to model the self-

difference to TKM is the form of the recurrent term. In RSOM the term is a vector,
organization of the biological visual cortex.

RSOM is a modified TKM that seems to fix some problems in the model. The main
which enables the use of direction of error when updating the neuron weights.

See Table 1 for comparison of featuresin the TKM, RSOM and Farkas models.

6 CONCLUSIONS



Table 1: Comparison of featuresin TKM, RSOM, and FARKAS models.

TKM

Match between
weight and input +
earlier matches

Activity

RSOM

V ector of
accumul ated error

FARKAS

Match between
weight and input +
earlier matches

Output Activity

Length of error vector

Sigmoid of activity

Memory Scalar

V ector

Scalar + Vector

BMU search Highest activation

Minimum error
vector

Highest activation

Normal SOM

Update

Neuron is moved
towards the linear
combination of inputs

Neuron is moved
towards the linear
combination of inputs

Update freq. Every step

Every step

After whole seq.

All neurons see dll
inputs

I nput

All neurons see all
inputs

Only input from RF
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