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Abstract. This paperdescribegpseudo-randomumbergeneratordasedon non-linear
dynamics. The recommendedeneratomusesa special‘re-mapped’form of the logistic equa-
tion at eachof a finite setof nodesarrangedn a 1- or 2-dimensionaling. Eachnodereceves
smallperturbation$rom adjacenhodeshy meansf diffusive couplingequations-theso-called
coupledmaplattice. The generatois notableasthefirst to usenon-lineardynamicsin alattice
with a continuousstateat eachnode. Time andspaceare discrete but the stateis continuous,
unlike thecellularautomatahatWolfram usedto producerandomnumberslt is anew sourceof
pseudo-randomumbersunlike othercurrentsources.The papergivesevidencethatthis gen-
eratorpossessegoodstatisticalpropertiesanda very long period,exceptin casef negligible
probability

1. Intr oduction

Wolfram[11] usedcellularautomataandchaogheoryto obtainpseudo-randomumbers,
buttherehasbeenlittle work onchaosnethodautilizing floatingpointnumbersandsuchwork
wasmostly carriedout forty yearsago.

An approactusingiterative chaoticequationgndfloatingpointnumbersnustovercome
severalproblemg2], [3], [8]:

(i) Unknowndistribution. Usually the distribution of numbersproducedby thesenon-
linear equationss not known andprobablynot expressiblan termsof known func-
tions.

(i) Basinsof influenceof shortcycles.A numberthatgetscloseto a shortcycle, evenan
unstableone,staysclosefor awhile (dependingon how closeit wasinitially), sothe
equationsexhibit decidedlynon-randonbehaior.

(i) No detailedquantitativetheory Most of thetheoreticakesultsabouttheseequations
arequalitatve andrelateto globalbehaior.

(iv) Theoryonly for real numbes. The existing theoryappliesto infinite precisionreal
numbersFloatingpointnumbersftenbehae quitedifferently.

This paperhandlestem (i) usinga variationof thelogisticequationfor whichthedistri-
butionis known. Item (ii) requiresthatoneiterateanequationong enoughfor the numberto
fill with noisebeforesamplinga randomnumber Items(iii)) and(iv) canonly be approached
with a statisticalanalysisof experimentaldataandwith assumptionghatfloating point num-
berswill behaein somerespectdik e infinite precisionnumbers.

1This materialis basedn partuponwork supportedy the TexasAdvancedResearchProgram.



Therehasbeena greatdeal of recentwork on pseudo-randommumbergeneratorspf
which [1], [6], and[7] aretypical. This paperdescribesa completelynen generatarnot
currently studiedby otherresearchersThe discussiorfocusesfirst on cycle lengthbecause
that is the basicrequiremenibf a reasonableandomnumbergeneratar With the approach
in this paper the sequences known to be equidistrilutedin infinite precision(seebelow).
Assumingoneiteratesto fill the numberwith noise,oneexpectsgoodstatisticalpropertiesas
long asthecycle lengthis long.

2. The Logistic Equation

The iterative equationf(z) = 4z(1 — z),0 < z < 1, known asthe logistic equation,
is historically interestingasoneof the earliestproposedsourceof pseudo-randomumbers.
Ulam andvon Neumanrsuggesteds usein 1947[9], partly becausé hadaknown algebraic
distribution, sothatiteratedvaluescouldbetransformedo the uniformdistribution. Theequa-
tion wasmentionedagainin 1949by von Neumanr{10] andmuchlaterin 1969by Knuth [5,
Exercise3.4.1-24],but it wasneverused.

2.1. Behaviorin Infinite Precision

Iteratesof the “tent” functiong(u) = 1 — 2|u — (1/2)|,0 < u < 1 producea uniform
distribution, andg canbetransformedo f via T'(u) = sin®((7/2)u). Both T andits inverse
T—(v) = (2/n) arcsin(y/v) presere thecycle structureof iteratesof f andg.

If oneis working with real numberg(infinite precision)thenfor all startingvaluesex-
ceptfor a setof measurezero,iteratesof g areequidistrituted (= uniformly distributed)[5],
[10]. Similarly, exceptfor a setof measurezero, iteratesof f are distributed accordingto
(1/m) Jy dz/+/z(1 — z), andthe sequencgT *(f,.(v))} is equidistrituted, againfor ary v
outsidea setof measureero.

Despitebeing equidistriluted, the basinsof influenceof the shortcyclesof g produce
significantnon-randonbehaior. A startingvaluevery closeto a valuein a shortcycle will
stay closeto that cycle for awhile, thoughall cycles are unstable,meaningthat the values
will eventuallydiverge. The cycle structureof f and g is complicatedwith cyclesof every
finite length,andwith countablymary distinctstartingvaluesleadinginto eachcycle (except
for the cycle (3/4)). In factthe numberof cyclesof lengthn is equalto or alittle lessthan
floor((2" — 1)/n), dependingn thefactorizationof 2" + 1.

2.2. Behaviorin Finite Precision

In finite precisionthe behaior of f andg above is quite differentfrom the theoretical
resultsfor infinite precision.Using a typical binaryfloating point unit, iteratesof g from ary
startingvaluecorvergeimmediatelyto zero. (At eachiteration,anothesignificantbit becomes
zero.) Iteratesof f aremoreirregular, producingcyclesasif successie valueswerechosen
“at randon. If successie valuesof f werechoseruniformly from n availablenumbersthen
onewould expectwith probability 0.5 a duplicatevalue after about1.18,/n iterationsanda
cycle of lengthabout0.59+/n. In actualitythe choicesarenot uniform, andthe floating point
numberghemselesarenot uniformly distributed,but the behaior is nottoo far from cycles
of theabove lengths.

Table 1 shaws the cycle lengthsobtainedby experimentsusingdifferentkinds of hard-
ware and precisions,aswell asthe percentof startingvaluesleadinginto the cycle andthe
averageinitial run beforethe cycle starts. The cycle searchin singleprecisionis exhaustve



Cycle Structure Number
Hard- | Preci- Cycle Percent Average of starting
ware | sion length | occurrence| initial run values
all single 1|93.0% 2034 4 194305,
types 930| 5.6% 340 all z
431 1.0% 251 | suchthat
106| 0.35% 2441 0.75 <z <1
205 0.1% 83
5| 0.002% 31
4| 0.0004% 7
3| 0.00005% 2
1| 0.00002% 0
Weitek | double|| 5638349 69.4% 54000000 7191
or 1]15.2% 10000000
Mips 14632801 | 11.3% 8 500000
or 10210156| 1.5% 5900000
Sparc 2625633| 1.3% 3800000
2441806| 1.2% 5200000
1311627| 0.028% 240000
960057 | 0.014% 200000
VAX | double|| 86058517 | 84.0% 68000000 102
1]16.0% 44000000

Table 1: Cyclesof thelogistic equation(boldface= thecycle(0)).

becauseverycyclewill eventuallyentertherangefrom 3/4 to 1. Notablein theseaxperiments
arethesmallnumberof distinctcyclesthatappeaytheir shortlengths,andthenumberof times
theiterationfalls into thecycle (0). (All cycle lengthsareexact, but averageinitial runshave
beenrounded.)

Theresultsin the tableare hardwaredependentlf the hardwarediffersin ary way, or
evenin somecasedf the computationsarereorderedor optimized,the resultswill be com-
pletelydifferentin detail,but onestill seegusta smallnumberof shortcycles. Theentriesfor
doubleprecisiondo not useexhaustve searchsothereareinfrequentlyoccurringcyclesthat
arenot listed. Eachtable entry refersto a uniquecycle of the givenlength. It is possibleto
have two distinct cyclesof the samelength,but in this paperthat only occurswith cyclesof
lengthl: in Tablel, thecycle (0) (occurring93% of thetime), andthecycle (3/4) (occurring
0.00002% of thetime). The softwarechecledthataftergettinga first cycle of a givenlength,
eachsubsequerntycle of thesamdengthhada numberin commonwith thefirst one.

The frequentcornvergenceto the cycle (0) can partly be explainedby taking iterated
inverseimagesunder f from 0. In infinite precisiononegetsonly countablymary numbers
leadinginto (0), sothattheiterationfalls into the cycle (0) with probability0. Now switchto
finite precisionandconsidertheidentity f(0.5 + ¢) = 1 — 4€2. If € is small,then4e? will be
very small, so thatroundof errorwill causel — 4¢? to be exactly 1. Thusonegetsa whole



Figure 1: Theoriginalandre-mappedogistic equation.

interval around0.5 mappingto 1. Similarly therearetwo intervals mappinginto the interval
around0.5, andsoforth.

Sofarthelogistic mapsoundsuselesgor pseudo-randomumbergenerationFor most
startingvaluesv, thesequencd T (f,(v))} will beroughlyequidistrituted,but grosslynon-
randomlooking. Moreover, in finite precisionthereis a sizableprobability of convergenceto
zero,andotherwisdat maygointo afairly shortcycle.

3. The Re-mappedLogistic Equation

Thelogisticequationyieldsnumbersrery closeto 0 (onthepositive side)andvery close
to 1. Availablefloating point numbers‘pile up” near0, but thereis no similar behaior near
1. It is possibleto restructurghe equationsothatvaluesoccurringnearl arere-mappedo the
negative sideof 0. Thefollowing definitiondoesthis, mapping[-1, 1] to itself:

2|z|(2 — |x|), for |z| < 3,
Fﬂ:{ll( o), for | < 6 "
—2(1 = [o)?, for § < [a] < 1,

whereg = 1 — (1/4/2). A graphof the original (expandedby a factorof two) andre-mapped
versionds shovn in Figurel.

In infinite precision this re-mappecdquationbehaesexactly lik e the original, but with
floatingpoint numberghereis nolongerary convergenceto thecycle (0) of length1. Unlike
the original logistic equationthis versiondoesnot have aninterval of numbersmappinginto
this cycle, soit is “well-tuned” to floating point numbers sinceit requiresand utilizes extra
precisionnear) (on bothsides).

Table2 givesthe cyclesobtainedby experimentatiorwith the re-mappedquation.No-
tice thatthey aremuchlongeron the averagethanthe cyclesof Tablel.

To transformnumbersgeneratedy F(x) backto auniform distribution onecanuse

S(z) = { (2/m) arcsin(y/z/2), for0 <z < 1, @

(2/m) arcsin(y/—z/2) + 0.5, for —1 <z <0,

An alternatve to the remappedogistic equationis the “sawtooth” function: h(z) =



Cycle Structure

Number

Hard- | Preci- Cycle Percent Average of starting
ware sion length occurrence | initial run values
all single 13753| 89.9% 4745| 8388609,
types 3023| 5.4% 1150 all z
2928| 3.4% 670 || suchthat
1552 0.66% 3551 05<x<1
814 0.6% 266
9| 0.035% 191
1| 0.00017% 14
3| 0.000024% 1.5
1| 0.000012% 1
Weitek | double| 112467844 | 80.5% 105000000 || 1189
or 61607666| 5.7% 23000000
Mips 35599847 | 4.3% 19000000
or 1983078| 3.6% 39000000
Sparc 4148061| 3.3% 60000000
15023672| 2.5% 19000000
12431135| 0.084% 5500000
705986| 0.084% 670000
M68040| double| 73573097 80.6% 125000000 || 475
38326216| 16.8% 112000000
6006146| 2.1% 34000000
5195797| 0.42% 10000000
Cray double|| 13641539|61.1% 27500000| 3161
Y-MP 1281377 20.5% 10000000
3861436| 10.9% 7000000
1630338 2.9% 4000000
1344786 2.7% 2 800000
6034850 1.1% 1400000
606688 | 0.66% 2000000
782542 0.095% 600000
161757| 0.032% 200000
VAX double| 391307825 99.1% 284000000 110
55897032| 0.9% 45000000

Table 2: Cyclesof there-mappedogistic equation.




(mz) mod1 = (mz) — floor(maz), wherem is notaninteger(theonly interestingcase).The
authorcarriedout experimentsin single and doubleprecision,with m equalto 1.5, with m
taking on two valuescloseto 7, andwith m = 3 141 592 653.7. Theresultingcycle lengths
werevery similar to thosein Figure 2, exceptthat round-of error producedshortcyclesfor
thelargevalueof m. It seemdik ely thatthis equationwith somesmallnon-integerm, would
malke anacceptableeplacementor theremappedogistic equationin Sectiord.

4. The Logistic Lattice

Thecoupledmaplatticeis adynamicakystenwith discretdime andspaceandacontin-
uousstate.In recentyearstherehasbeenatremendouamountof researclonthesesystems—
hundredsof articles,of which [4] is typical. The modelsstudiedare usuallyin oneor two
dimensionswith “periodic boundaryconditions; i.e., the boundarywrappedin a circle or a
torus. Researchergsuallyemploy alogistic mapat eachlattice pointanduselLaplaciancou-
pling. In thisway they studya simplemodelfor fluid mechanicsvhich preseresthe essential
featuresof the partial differentialequationswhile remainingmoretractablenumerically In
onedimensiontheequationhave theform:

zh o= f(@h) +v[f(ih) — 2f (2h) + f(z5h)], for 0 <4 < m,

Herem is thenumberof nodesandv is a constanknown asthe viscosity All subscriptsare
calculatednodulom. Thecomputatiomproceedg$rom stepn to stepn + 1. It is importantthat
v bevery smallsothattheequatiorwill continueto have (almost)the samedistribution asthe
unmodifiedlogistic equation. Also small valuesfor v give the “fully developedturbulence”
thatis desirabldor pseudo-randomumbergenerationCombiningtermsgives:

xﬁlH = (1 —2v)f(z%) +v[f(") + f(22h)], for 0 < i < m, (3)

In two dimensionsandaftercombiningterms,theequationbecomes:

whs = (U= 4w)f(2p?) + vlf (@) + Fap) + fa ) + f (o)),
for0 <i<m,0<j<m, (4)

The authorhascarriedout variousexperimentswith theseequationsusingfor f the
remappedogistic equationof section3 (equation(1)), andusingr = 10 ¢ in singleprecision,
v = 10~'* in doubleprecision,andlargervaluesof v for smallerprecisionshataresoftware
simulated. In one dimensionthe experimentsemployed ring sizesm of 3, 4, and5, andin
two dimensionghey usedm = 3, i.e.,, a3 x 3 torus. Thefirst basicpropertyto studyis the
cycle length. This is found for a sequencdz,, } by looking for thefirst valueof » for which
x, = Za,. (Thecycle lengthis thena divisor of n.) Evenin single precisiona cycle never
occurredsoonemustbesatisfiedwvith asearctor simplerevents.lterateeither{z¢ } or {z%/}
forn =1,2,3,...lookingfor oneof thefollowing events.(Herethenotationis 1-dimensional,
but the samedefinitionsapplyin thetwo-dimensionatase.)

e full hit (or m-hit) event: {z7} = {z},}, forall 0 < j < m, wheren is fixedandas
smallaspossible.(This is whatoneis looking for: a cycle whoselengthis a divisor

of n.)

e k-hitevent: {z7} = {x},}, for k valuesof j, k < m. (Thisis only of interestin
sayinghow likely afull hit mightbe.)

e singledupevent: {z7} = {z!}, for somej # I, andfor somen.



| Configuration | Precision| # of iterations | # of hits | # of dups |

1-dim, ring of 5 single 26.1 x 10° 1531 3024
1-dim, ring of 5 double 39.7 x 10’ 0 0
2-dim,ringof 3 x 3| single 4.1 x 10° 401 1667
2-dim,ringof 3 x 3| double 4.35 x 10° 0 0

Table 3: Experimentwith coupledequations.

e dupevent: Therearedisjointsubsets/, Js, ..., Jy of {0,1,...,m — 1}, whereeach
J; hassize at least2, and wherefor each: andfor eachj; # j, in J;, it is true
that{z/'} = {z7}. (Dup eventsaresignificantbecauseertaindupsleadto a stable
duplicatedstate.)

e full dupevent: A dupeventwith k = 1andJ; = {0,1,...,m — 1}.
e k-dupevent: Therearek duplicatedpairs.

e stabledup event: a dup eventwherethe duplicatednodesremainduplicatedfor all
subsequenterations. (Of coursea full dupis stable.For m = 3, ary singledupis
stable.For m = 4, ary singledup of oppositenodesis stable,while a singledup of
adjacennodess notstable.)

Table3 summarizesheresultsof onesetof experimentsusingm = 5 in onedimension,
m = 3 in two dimensionsandtheremapppedbgisticequation.n singleprecisiononly single
hit andsingledupeventsoccurred.In doubleprecisiontherewereno hit or dupeventsatall.

After finitely mary iterationstheremustbea cycle. This couldoccurasa singlefull-hit
eventwithout ary initial stabledup event, but this outcomehasnggligible probability. Instead
with high probability (essentiallyl), therewill be somestabledup event, i.e., duplications
continuingwith all subsequeriterations.

THEOREM.

(a) In a 1-dimensionating of sizem, thesmallesinitial stabledupeventinvolvesat least
k = floor((m — 1)/2) duplicatedpairs.

(b) In a 3 x 3 torus, the smallestinitial stabledup eventinvolvesat least3 duplicated
pairs.

ProoF (Slketdh of (a)). Startwith aring of m nodes.Supposehereis aninitial stabledup
with a minimumnumberof duplications.This meangherearetwo nodeswith the samevalue
repeatedndefinitely (For thisargument startwith any duplicatepair.) Sincethesenodesmust
getthe sameperturbationst eachiteration,they musteachhave two neighborswith thesame
valuesrepeatedndefinitely, andsoon. (Actually, the sumof the valuesof perturbationsnust
bethesameput thissumcannotstaythesameunlesgheindividualvaluesarethesame Also a
givenperturbatiorcouldbe zeroonceor afew times,but cannotremainzeroindefinitely) The
initial duplicatepair splitsthering into two remainingsggmentsof length: andj, both< m —2
andboth> 0. Suppose: belov markstheoriginal duplicatedpair. Additionalduplicatedpairs
onbothsidesof thexz’s canoccurin two ways. They canbenestedlike(...yzz...zzy...) or
they canbealternating like (...yzz...yzz...). In casem is odd,oneof i or j mustbeeven
(includes0) andthe otherodd. Herethe simpleststabledup mustbe nestedwith (m — 1)/2
duplicatedpairs,and one nodeleft over on the odd side. In casem is even, therearethree



casesOnecanhave bothi andj oddand(m/2) — 1 nestedairs.Or onecanhave bothi andy
even(onepossibly0), with m /2 nestedpairs.Finally, onecanhave i = j andm/2 alternating
pairs. This completeghe proof.

In particular the theoremsaysthat a generatomwith at leastm = 7 nodesin one di-
mensionor 3 x 3 nodesin two dimensiongequireshreesimultaneousluplicatedpairsasthe
smallestinitial stabledup event. In single precision,the resultsof Table 3 give estimatesf
very roughly 10~® for the probability of a singlehit ata givennodeor a singledupat a given
pair of nodes.Becausef the very smallcouplingsinvolved,it is plausibleto conjecturehat
actionsatseparat@odesarestatisticallyindependendf oneanother Giventhisindependence,
onegets10~% asavery roughestimatefor the probability of thefirst stabledup event, using
singleprecision.Similar estimategor a full hit eventbeforeary stabledupsgive probability
10~%%, soonecandiscountthe chanceof this happenindeforea stabledup.

In double precision,the experimentsin Table 3 producedno hit or dup eventsat all
in 4.4 x 10 iterations,sothereareno estimatef their likelihood,but the probabilitiesare
certainlyverymuchsmallerthanin singleprecision.For practicalpurpose®necancompletely
discountthe chanceof a stabledupor full hit eventin doubleprecision.

Extensve experimentsverealsorunin softwarewith simulatedprecisionsof 8 and12
significantbits, and were fully consistentwith the above conclusions. Here as one would
expect, the systemeventually fell into an initial stableduplicatedstate. From sucha state,
further stabledupsor a full hit weremuchmorelikely. Of coursethe systemmustterminate
with afull hit anda cycle, but the full hit alwaysinvolvedonly oneor two separatevaluesat
all nodes.

5. Recommendedsenerator

Therecommendedeneratgrascodedin C in the Appendix,usesa coupledmaplattice
with atleastm = 7 nodesin onedimensionor 3 x 3 nodesin two dimensions.It alsouses
theremappedogistic equationandusesdecimationi.e., valuesaresampledonly afterevery
56 iterations,alwaysfrom the samenode. The“seed”for this randomnumbergeneratois an
arrayof m double-precisiomealsin therangefrom —1 to 1. Eachseparatearrayof m reals
providesadifferentstartingpointfor thegeneratarSomevaluesarepoorchoicedor astarting
point: all thesamevaluegivesthe equialentof justasinglelogisticequationandall 0’s gives
afixedpoint. In practice,nitializing the seedarrayusingaauxiliary generatovill work well,
asshavn in the Appendix. The authorconjectureshatthe nodesarestatisticallyindependent
of oneanotheysoby samplingall nodesat onceonewould geta speedugby afactorof m.

As codedthe generatoyieldedgoodresultswhensubjectedo standardstatisticaltests.
For example,the Kolmogorof-Smirnov testwasrun with 10 000 setsof 1000 numberseach
(for 10 000 000 iterationstotal), comparingthe distribution of the 10 000 testresultswith the
expecteddistribution, asdescribedn [5]. Goodperformancen statisticaltestsis now anold-
fashionedvay to certify apseudo-randomumbergeneratof6], but thisis thebestonecando
with thegeneratodescribedere.

6. Conclusions

This article haspresente@ new pseudo-randomumbergeneratobasedon aninterest-
ing problemfrom non-lineardynamics—hamelythe useof a variationof the logistic equation
ateachnodeof acoupledl-dimensionabr 2-dimensionalattice. Thereis statisticalandtheo-
reticalevidencethatthis generatoprovidesexcellentpseudo-randomumbers.
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Appendix. Sourcefor the recommendedyenerator (ANSI C).

Theheadeffile “random.h”

#define NVAX 7 /* NMAX should be >= 7 */
doubl e chaoti c_uni form (doubl e [ NVAX]);

/****************************************************************************

* Generates uniformy distributed pseudorandom doubles in (0,1). *
* First initialize the array t. One could use an auxiliary generator ran() *
* that produces doubles in (0,1). Then invoke chaotic_uniformrepeatedly.*
* Thus the "seed" is an array t of NMAX doubles in (-1,1). Like any *
* seed for a RNG the array t will change after each call. *
* The applications program provi des storage for the seed array t. *
* Typi cal usage by an application--to produce 100 random nunbers: *
* #i ncl ude "random h" *
* doubl e ran(voi d); *
* doubl e t[ NMAX] ; *
* long i; *
* doubl e resul t[100]; *
* for (i = 0; i < NMAX; i++) *
* t[i] = 2.0*ran() - 1.0; *
* for (i =0; i < 100; i++) *
* result[i] = chaotic_uniforn(t); *
* The constant NMAX, the seed array t, and its initialization could all be *
* buried in the source file for unsophisticated users. *
***************************************************************************/
Thesourcefile “random.c”

#i ncl ude <mat h. h> /* Needed for asin, sqrt and fabs */
#i ncl ude "random h" /* Header file */
#defi ne BETA 0.292893218813452476 /* Magi c nunber used in f */
#define NU 1. Oe- 14 /* Viscosity constant in step */
#define TWO DIV_PI 0.636619772367581343 /* 2/Pi used in S */
#defi ne NSTEP 28 /* Half the # of steps to iterate */
/* */
static long nod (long i, long j) /* 1f i is negative, then i % */
{ /* may be negative. |In general, */

long k = i%; /* result is machine dependent. */

if (k<0 k=k+j; /* Check your own architecture. */

return(k);
A e R T R R Equation (1)--------- */
static double f (double x) /* Remapped | ogi stic equation */
{

doubl e tenp = fabs(x);

if ( temp <= BETA ) return(2.0*tenp*(2.0-tenp));

el se return(-2.0*(1.0-tenmp)*(1.0-tenp));
}
A e e Equation (3)--------- */
static void step (double t[], double tn[]) /* Coupled map lattice */
{

long i;

for (i =0; i < NMAX; i++) t[i] = f(t[i]);

for (i = 0; i < NMAX; i++)

tn[i] = (1.0-2.0*NU)*t[i] + NU*(t[nod(i-1, NVAX)]+t[nmod(i+1, NMAX)]);

R e e T T Equation (2)--------- */
static double S (double x) /* Change distribution to uniform*/
{

if (x >=0) return(TWD DI V_Pl*asin(sqrt(x/2)));

el se return(TWO_ DI V_PI *asin(sqrt(-x/2)) + 0.5);
}
/* _________________________________________________________________________ */
doubl e chaoti c_uni form (doubl e t[ NMAX]) /* lterate step 2*NSTEP tinmes */
{

long i;

doubl e t n[ NMAX] ; /* Extra copy of seed array t */

for (i = 0; i < NSTEP; i++) {

step(t, tn);
step(tn, t);

}

return (S(t[0]));
}
/* */



