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A.b.trad-..'8'
ozr, The mOlt eommoD methodol-

ogy of .oeuraJ oetwork analyai.
i. thAt of .imulation .ioce ..i.
of yet tb~re is no commOD for-
mal framework.' 'Towardl thil
eDd we adopt ODe meagre of Ie-
rial alaoritbms. nar,nely that of
lerial computatioDai complex-
ity and apply it to ~be analy-'
lis of Deural Detworkl. We an-
alyze varioUI Detworks and de-
rive their complexity, thus pro-
vidiDg iDsisbt .. to their com-

t-' . I"" putatioDal roequirementl.
~ ,, . ~ I, INTROD:CTION

"-he m~t common ~thodolo&y used for the
pur~ of demonltratin& a n~ural nelwork's ef.
fecllv~n~ is z,hal. ofaimulalion.'This ~nlaiJs ver.
ifyin&'lh~ pro~ n~twork.. performance in an
~mpiric&llellin& raLher lhan from a_lheor~Lical
slandpoinl. More ri8oro~ analysis' nav~ ~n
carri~d OUl, yieJdin~ improved ~ulLi u ~ var-
ious ..~cu of n~ural n~tworks such as conver-
&~nce rales aDd storase capacities. AI of yet
lhf'~ is no> common Framework ror ualyzinK the
~fI'~llvel\- 01 n~ural ~Iworb '

Towards lhi. ~n"d we adopt one me.ure or ae-
raal alKorithms: namely thal of eeriaJ l1>mputa-
llOnai complexity and apply it tQ the analysis
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or neural net~rk.: While IUch an aDalylia ig-
no~ the p"lelilm i8U~ inherent. in neural
networka, .it nevertbel- provid~ u. with a pic-
lure of ..he computational complex~f a liven
model. ThUI luCh a measure m~ve .. a .

. -luideliDe for jmplementa~ion and compari80n. ,
We ~ 'be ubiqui&oll8 RAM (Random Ac~

Machine) model [1] which mal be dMCribed in .
simple terms .. a Turinl machine with a RAM(Random Ac~ Memory). The instruc~ionf' in . .

thil model are executed lequenlially, unl~ con-. trot flow. altered ~ the execution or a branch. ...

A commqJ1_truction ~~ i. u~ [I} where 8ddi-
lion, IUb~r8Ction and multipliwion are included .
(amonloLhen) .. elementary operatioDi. Note
bowever that ,be ftilhted .um of ~he artificial .
neuron requirs..:lUc~ .of.uch elemen'aryI~. . . . .

~

II. SERIAL .eoMPLEXITY OF NEURAL
NETWORKS

In thil aection we analyae varioll8 network. and

~
..

~

.,

.

~

~.'r...;. ~..

~rive their aerial computati~ll complexity. .
A. TAt H,mm.ft, ftetwo,* . ..
Th~ Hamminl network calculates t'be Hamminl
distance betWeen the input patterD and each
memory'pattern, and .Jette the memory with'.
the .mall_t distance, which i. declared 'the
winner', Tbil network i. the m~t ~sbtror-.
ward u80ciative memory, Oripnalty p~Dt.ed
in [16, 17, 18J, it has reeeiv~ ~C1ewed a.tteD~

.

.~.

~

961 .
..

.

~

Draf
t



..

. '.,

,:.'..~
.::
..,.. .

.'.
;

.,:'

_.'.~:-- -;: '

:J:~.Z~.c~...::~, ' I ". '-:;;':a;~'rc .'.. ...

~:-~~~:.~".~: ;..;~;., .
~~::;i:. : :
,',;;. .

~

;~:!~

...

~

~~~

.

.,

..

8j is tbeth~hold in that node..
z1 is elementi.of exempw.j.

. .
III the upper .ubliet:- , .

.~:.,;~~

.4

. . { 1 k = I
:,.,'~ -( k ~ 1 . t < 11m1"

.f ,.. . .
-

'" ia the connectio~ weight fro~' node k tonode 1 in the uppeT subnet. .

An\h~olda are zero inthil lubnet.
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D. A ItCDnd onltr nttwork

.. High order networks, which replace the linear
S IS the sample set sIze. ne\lron with a poiyoomial of the form {Wi +

1$. i,j $ n. .. .. Ej WijZj + Ejt WijtZjZt + ...} have been an
t'l IS the .ynaphc weight from node I to node object of ~ in recent years. It wu demon-

. straled that' .uch oeiwork. achieve improved
Z: is element i of cl- . exemplR andu bi- learning ratel ([6. 13]) and increued .tor. C6-

oary valued (~l~ or.~-l~). I.. -. pacity ([14, 3]). In manycass jt i.euier totrain-
. " a high order network than a multi-layer network

Tl)e complexity of this phaR is O(Sn2). since training thenidden layen is more difficult
([13]). .- ~

The Run phaR coosista of ite~ating unLit ~ We exan)iDed a IeCODd order, fully connected,, "
vergence: - , .:. two layer network compoeed of-an n-neuron iD-

r --.;. putla~r and an ~heuron output layer. The ini':
ri . ti.lir.atjon pbaR.conaiata or a 'ODe-ihot' Bebbiaa..

Uj(t + I) = 1.(2: f'j-u.-('» rule (6] and ita complexity ii O(Smn') where S
i=1 -,is t~ Bile of the-sample ~t. The roD pJaaR

coDiista of a lingle f~forward .w~p and is
O(mn2). Thus the;t()t.a! complexity of the Det- .
work is O(Smn2). ~

III. CONCLUSIONS

table llUmmaiiSe8 our ftDdinp of the previous .
section. We can compare the complexiti~ of the
backpropacation Detwork, for a.liven learn time
of, lay TI..,;witn that of the 8eCODd order-Det-
wor~. Tbaa, O(Smnl) < O(TI..~/nm) yield.: ..

j.

ISiSn' ..

ui(I) is the output of node i at time t,','
fA is the hard limiter function,
The procell is repeated until convergence.

ConvergeDu is defined at ~he; tl~ at which Dode
. outputs r~main unchang~.

pl~xily of lh~ run phue is:
The lotaleerial complexil

work is therefore 0(5"2 + "

~

C. A m.lt,-/o,tr. 6oct-,ro~,otio" trullled

~~,troll

ant of the mM comWlOD models of neural ne~-

.works is that of a multi-layer beck-propagation

trained perceptron ([15). This model bas reo

c~iv~ wid~ attention ([8. 11. 10) and has been

studied extensively. w~ consia~r a three'lay~r

p~rceptron with n neuron, in th~ input layer ,.1

n~urons in ~he hidden layer and m neurons in

th~ output layer.. . Th~ complex,ity of the backprop~a1IOD net-

work is due entirely to the learn phase, which

is iterative. A forward p.. is of complexity

O(i(n + m») ~hile a backward.p~ which. in-

volves the e",or computations i&-O(Jnm) and

thus th~ total complexity is O(lnm) for a "II-

,It forward and backward p... A, of yet there

is no formal ~ult as ~ the convergenc~ rate.
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,SuCh a comparieon reveall the point. at whiCh it

ii more efficient to use a two-layered eecond -or-
" der network instead. of a three-layered first "order

netwOrk. This point OCCUf1I when the number of
hidden layen exoeeds the number given by theabove exp~ion. .

It is a1lO p<8ible to compare the Hopfield
model and the Hammin& model. In JD opti-

~~& (i.e. where the network'. memory
capacity i.~not exceeded) n = O(logm) for the
Hammin& network [4) and n = O(m), S = O(m)
for the Hopfield network 19J. Thus the Hammin&
,lerial complex.ity is O( m log( m !os m)) an~ the
Hopfield Rrial complexity i. O(m3),oeo that the
Hopfield ~etwork '.lerial complexity is lower (i.e.
better). . " . .

, Th~'main moti.V&tion of the 8D~)'8i8 carried
oat in thia paper haa been to derive a formal

. .

.
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