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Abstract. This paperdescribespseudo-randomnumbergeneratorsbasedon non-linear
dynamics.The recommendedgeneratorusesa special“re-mapped”form of the logistic equa-
tion at eachof a finite setof nodesarrangedin a 1- or 2-dimensionalring. Eachnodereceives
smallperturbationsfrom adjacentnodesby meansof diffusivecouplingequations� theso-called
coupledmaplattice. Thegeneratoris notableasthefirst to usenon-lineardynamicsin a lattice
with a continuousstateat eachnode. Time andspacearediscrete,but the stateis continuous,
unlikethecellularautomatathatWolframusedto producerandomnumbers.It is anew sourceof
pseudo-randomnumbers,unlike othercurrentsources.Thepapergivesevidencethat this gen-
eratorpossessesgoodstatisticalpropertiesanda very long period,exceptin casesof negligible
probability.

1. Intr oduction

Wolfram[11] usedcellularautomataandchaostheorytoobtainpseudo-randomnumbers,
but therehasbeenlittle work onchaosmethodsutilizing floatingpointnumbers,andsuchwork
wasmostlycarriedout forty yearsago.

An approachusingiterativechaoticequationsandfloatingpointnumbersmustovercome
severalproblems[2], [3], [8]:

(i) Unknowndistribution. Usually the distribution of numbersproducedby thesenon-
linearequationsis not known andprobablynot expressiblein termsof known func-
tions.

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

(iii) No detailedquantitativetheory. Most of thetheoreticalresultsabouttheseequations
arequalitativeandrelateto globalbehavior.

(iv) Theoryonly for real numbers. The existing theoryappliesto infinite precisionreal
numbers.Floatingpointnumbersoftenbehavequitedifferently.

Thispaperhandlesitem(i) usingavariationof thelogisticequation,for whichthedistri-
bution is known. Item (ii) requiresthatoneiterateanequationlong enoughfor thenumberto
fill with noisebeforesamplinga randomnumber. Items(iii) and(iv) canonly beapproached
with a statisticalanalysisof experimentaldataandwith assumptionsthatfloatingpoint num-
berswill behave in somerespectslike infinite precisionnumbers.�

Thismaterialis basedin partuponwork supportedby theTexasAdvancedResearchProgram.



Therehasbeena greatdealof recentwork on pseudo-randomnumbergenerators,of
which [1], [6], and [7] are typical. This paperdescribesa completelynew generator, not
currentlystudiedby otherresearchers.The discussionfocusesfirst on cycle lengthbecause
that is the basicrequirementof a reasonablerandomnumbergenerator. With the approach
in this paper, the sequenceis known to be equidistributed in infinite precision(seebelow).
Assumingoneiteratesto fill thenumberwith noise,oneexpectsgoodstatisticalpropertiesas
longasthecycle lengthis long.

2. The Logistic Equation

The iterative equation
�����	��

�����������	�������������

, known asthe logistic equation,
is historically interestingasoneof theearliestproposedsourcesof pseudo-randomnumbers.
UlamandvonNeumannsuggestedits usein 1947[9], partlybecauseit hadaknown algebraic
distribution,sothatiteratedvaluescouldbetransformedto theuniformdistribution.Theequa-
tion wasmentionedagainin 1949by von Neumann[10] andmuchlaterin 1969by Knuth [5,
Exercise3.4.1-24],but it wasneverused.

2.1. Behaviorin InfinitePrecision

Iteratesof the “tent” function � � �	�!
"�#�%$'& �(�)���+*,$,�-&.���/�0�1�2�
producea uniform

distribution,and � canbetransformedto
�

via 3 � �	�4
6587:9<;=�8��>?*�$,�@�	�
. Both 3 andits inverse3#A � � BC�D
0�E$,*=>?�<FHGJIK587:9L�NM BO�

preserve thecyclestructureof iteratesof
�

and � .

If oneis working with real numbers(infinite precision)thenfor all startingvaluesex-
ceptfor a setof measurezero,iteratesof � areequidistributed(= uniformly distributed)[5],
[10]. Similarly, except for a setof measurezero, iteratesof

�
aredistributedaccordingto�@�-*=>?�<PCQRTS �	*OU ���@�V�W�	�

, and the sequenceX-3#A � �E�+Y<� BC�J��Z
is equidistributed,againfor any

B
outsideasetof measurezero.

Despitebeingequidistributed,the basinsof influenceof the shortcyclesof � produce
significantnon-randombehavior. 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

�
and � is complicated,with cyclesof every

finite length,andwith countablymany distinctstartingvaluesleadinginto eachcycle (except
for the cycle

�E[\*H�\�
). In fact the numberof cyclesof length ] is equalto or a little lessthan

floor
�8�^$ Y �%�-�J* ] �

, dependingon thefactorizationsof
$ YV_ �

.

2.2. Behaviorin Finite Precision

In finite precisionthe behavior of
�

and � above is quite differentfrom the theoretical
resultsfor infinite precision.Usinga typical binaryfloatingpoint unit, iteratesof � from any
startingvalueconvergeimmediatelyto zero.(At eachiteration,anothersignificantbit becomes
zero.) Iteratesof

�
aremoreirregular, producingcyclesasif successive valueswerechosen

“at random.” If successivevaluesof
�

werechosenuniformly from ] availablenumbers,then
onewould expectwith probability

�a`cb
a duplicatevalueafter about

��`d�-e M ] iterationsanda
cycle of lengthabout

�a`cb�f M ] . In actualitythechoicesarenot uniform,andthefloatingpoint
numbersthemselvesarenot uniformly distributed,but thebehavior is not too far from cycles
of theabovelengths.

Table1 shows thecycle lengthsobtainedby experimentsusingdifferentkindsof hard-
wareandprecisions,aswell as the percentof startingvaluesleadinginto the cycle andthe
averageinitial run beforethe cycle starts. The cycle searchin singleprecisionis exhaustive



CycleStructur e 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 g

431 1.0% 251 suchthat
106 0.35% 244 h�ikjLlWmngom p
205 0.1% 83

5 0.002% 31
4 0.0004% 7
3 0.00005% 2
1 0.00002% 0

Weitek double 5 638349 69.4% 54000000 7191
or 1 15.2% 10000000

Mips 14 632801 11.3% 8 500000
or 10 210156 1.5% 5 900000

Sparc 2 625633 1.3% 3 800000
2 441806 1.2% 5 200000
1 311627 0.028% 240000

960057 0.014% 200000
VAX double 86 058517 84.0% 68000000 102

1 16.0% 44000000

qsrutOvxwzyu{
Cyclesof thelogisticequation(boldface= thecycle

�E�\�
).

becauseeverycyclewill eventuallyentertherangefrom
[\*=�

to
�
. Notablein theseexperiments

arethesmallnumberof distinctcyclesthatappear, theirshortlengths,andthenumberof times
theiterationfalls into thecycle

�E�\�
. (All cycle lengthsareexact,but averageinitial runshave

beenrounded.)

The resultsin the tablearehardwaredependent.If the hardwarediffers in any way, or
even in somecasesif the computationsarereorderedor optimized,the resultswill be com-
pletelydifferentin detail,but onestill seesjustasmallnumberof shortcycles.Theentriesfor
doubleprecisiondo not useexhaustive search,sothereareinfrequentlyoccurringcyclesthat
arenot listed. Eachtableentry refersto a uniquecycle of the given length. It is possibleto
have two distinct cyclesof the samelength,but in this paperthat only occurswith cyclesof
length1: in Table1, thecycle

� �\�
(occurring

f,[\|
of thetime),andthecycle

�E[\*H�\�
(occurring�a`}�,�,�,�,$,|

of thetime). Thesoftwarecheckedthataftergettinga first cycle of a givenlength,
eachsubsequentcycleof thesamelengthhadanumberin commonwith thefirst one.

The frequentconvergenceto the cycle
� �\�

can partly be explainedby taking iterated
inverseimagesunder

�
from

�
. In infinite precisiononegetsonly countablymany numbers

leadinginto
�E�\�

, sothattheiterationfalls into thecycle
� �\�

with probability0. Now switchto
finite precisionandconsiderthe identity

��� �a`cbT~%���T
��!���\� ;
. If

�
is small, then

�\� ;
will be

very small,so that roundoff errorwill cause
�z���\� ;

to beexactly
�
. Thusonegetsa whole



�L�x�+�\� wzyu{
Theoriginalandre-mappedlogisticequation.

interval around
�a`cb

mappingto
�
. Similarly therearetwo intervalsmappinginto the interval

around
�a`.b

, andsoforth.

Sofar thelogistic mapsoundsuselessfor pseudo-randomnumbergeneration.For most
startingvalues

B
, thesequenceX-3#A � �E�+Y<� BC�J��Z

will beroughlyequidistributed,but grosslynon-
randomlooking. Moreover, in finite precisionthereis a sizableprobabilityof convergenceto
zero,andotherwiseit maygo into a fairly shortcycle.

3. The Re-mappedLogistic Equation

Thelogisticequationyieldsnumbersverycloseto
�

(onthepositiveside)andveryclose
to

�
. Availablefloatingpoint numbers“pile up” near

�
, but thereis no similar behavior near�

. It is possibleto restructuretheequationsothatvaluesoccurringnear
�

arere-mappedto the
negativesideof

�
. Thefollowing definitiondoesthis,mapping[-1, 1] to itself:

�?� 
 �� � $�& �D&x�^$T��& �D&��������,G�& �D&O�������$<���V��& �D&�� ; �����,G��W��& �D&������ �@�-�
where

��
��4���@�+* M $,�
. A graphof theoriginal (expandedby a factorof two) andre-mapped

versionsis shown in Figure1.

In infinite precision,this re-mappedequationbehavesexactly like theoriginal,but with
floatingpoint numbersthereis no longerany convergenceto thecycle

�E�,�
of length

�
. Unlike

theoriginal logistic equation,this versiondoesnot have an interval of numbersmappinginto
this cycle, so it is “well-tuned” to floating point numbers,sinceit requiresandutilizesextra
precisionnear

�
(onbothsides).

Table2 givesthecyclesobtainedby experimentationwith there-mappedequation.No-
tice thatthey aremuchlongeron theaveragethanthecyclesof Table1.

To transformnumbersgeneratedby
�?� ���	�

backto auniformdistributiononecanuse

�V���	��
 �� � �E$,*=>?�<F�G8IK587:9���U �	*�$,���?���,G?� ���/�¡�,��E$,*=>?�<F�G8IK587:9���U �V�	*,$\��~¢�a`.bO�?���,G£�%�z���/�%�C� �^$��
An alternative to the remappedlogistic equationis the “sawtooth” function: ¤ ���	�¥




CycleStructur e Number
Hard- Preci- Cycle Percent Average of starting
ware sion length occurrence initial run values

all single 13753 89.9% 4745 8 388609,
types 3023 5.4% 1150 all g

2928 3.4% 670 suchthat
1552 0.66% 355 h�ikl�m¦g)m p
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% 23 000000

Mips 35599847 4.3% 19 000000
or 1 983078 3.6% 39 000000

Sparc 4 148061 3.3% 60 000000
15023672 2.5% 19 000000
12431135 0.084% 5 500000

705986 0.084% 670000
M68040 double 73573097 80.6% 125000000 475

38326216 16.8% 112000000
6 006146 2.1% 34 000000
5 195797 0.42% 10 000000

Cray double 13641539 61.1% 27 500000 3161
Y-MP 1 281377 20.5% 10 000000

3 861436 10.9% 7 000000
1 630338 2.9% 4 000000
1 344786 2.7% 2 800000
6 034850 1.1% 1 400000

606688 0.66% 2 000000
782542 0.095% 600000
161757 0.032% 200000

VAX double 391307825 99.1% 284000000 110
55897032 0.9% 45 000000

qsrutOvxw4§�{
Cyclesof there-mappedlogisticequation.



� ¨©�	�
mod

�T
�� ¨©�	���
floor

��¨©�	�
, wherë is notaninteger(theonly interestingcase).The

authorcarriedout experimentsin singleanddoubleprecision,with
¨

equalto
�,`.b

, with
¨

takingon two valuescloseto
>

, andwith
¨ª
�[«�u�<�#bHf\$­¬\bH[a`.®

. Theresultingcycle lengths
werevery similar to thosein Figure2, exceptthat round-off error producedshortcyclesfor
thelargevalueof

¨
. It seemslikely thatthisequation,with somesmallnon-integer

¨
, would

makeanacceptablereplacementfor theremappedlogisticequationin Section4.

4. The Logistic Lattice

Thecoupledmaplattice is adynamicalsystemwith discretetimeandspace,andacontin-
uousstate.In recentyearstherehasbeenatremendousamountof researchonthesesystems̄
hundredsof articles,of which [4] is typical. The modelsstudiedareusually in oneor two
dimensions,with “periodic boundaryconditions,” i.e., the boundarywrappedin a circle or a
torus.Researchersusuallyemploy a logistic mapat eachlatticepoint anduseLaplaciancou-
pling. In thisway they studyasimplemodelfor fluid mechanicswhichpreservestheessential
featuresof the partial differentialequations,while remainingmoretractablenumerically. In
onedimensiontheequationshave theform:�±°Y-² � 
����k�±°Y ��~¢³�´µ�����±° A �Y �¶�¢$������±°Y ��~����k�±° ² �Y �N·^�����,G?�¸�%¹���¨¥�
Here

¨
is thenumberof nodes,and

³
is a constantknown astheviscosity. All subscriptsare

calculatedmodulo
¨

. Thecomputationproceedsfrom step] to step] ~º�
. It is importantthat³

beverysmallsothattheequationwill continueto have (almost)thesamedistributionasthe
unmodifiedlogistic equation.Also small valuesfor

³
give the “fully developedturbulence”

thatis desirablefor pseudo-randomnumbergeneration.Combiningtermsgives:� °Yu² � 
0���V�º$�³±�8����� °Y ��~1³�´µ����� ° A �Y ��~����k� ° ² �Y ��·E�����,G¶�»�%¹���¨¥� �E[,�
In two dimensionsandaftercombiningterms,theequationbecomes:

� °:¼ ½Y-² � 
 �@�V�¾�\³<�J���k�±°:¼ ½Y ��~1³�´µ�����±°d¼ ½ A �Y ��~1�����±°:¼ ½ ² �Y ��~��¶���±° A � ¼ ½Y ��~��¶���±° ² � ¼ ½Y ��·E����,G?�»�¿¹D��¨¥���»�¢À«��¨¥� � �\�
The authorhascarriedout variousexperimentswith theseequations,using for

�
the

remappedlogisticequationof section3 (equation(1)), andusing
³«
��-� AOÁ in singleprecision,³/
��u� A �EÂ

in doubleprecision,andlargervaluesof
³

for smallerprecisionsthataresoftware
simulated. In onedimensionthe experimentsemployed ring sizes

¨
of

[
,

�
, and

b
, and in

two dimensionsthey used̈

�[

, i.e., a
[ÄÃW[

torus. Thefirst basicpropertyto studyis the
cycle length. This is found for a sequenceX �±YOZ

by looking for thefirst valueof ] for which�±YÅ
Æ� ; Y . (The cycle lengthis thena divisor of ] .) Even in singleprecisiona cycle never
occurred,soonemustbesatisfiedwith asearchfor simplerevents.Iterateeither X � °Y Z

or X � °:¼ ½Y Z
for ] 
��,��$C��[C�u`u`u`

lookingfor oneof thefollowingevents.(Herethenotationis 1-dimensional,
but thesamedefinitionsapplyin thetwo-dimensionalcase.)Ç full hit (or m-hit) event: X � ½ Y ZÈ
 X � ½ ; Y Z

, for all
�/�)ÀÉ�Ê¨

, where ] is fixedandas
smallaspossible.(This is whatoneis looking for: a cycle whoselengthis a divisor
of ] .)Ç k-hit event: X � ½ Y ZÅ
 X � ½ ; Y Z

, for Ë valuesof
À
, Ë �Æ¨

. (This is only of interestin
sayinghow likely a full hit mightbe.)Ç singledupevent: X � ½ Y Z�
 X �'ÌY Z

, for some
À/Í
¿Î

, andfor some] .



Configuration Precision # of iterations # of hits # of dups
1-dim,ring of 5 single 26.1 Ï2pCh�Ð 1531 3024
1-dim,ring of 5 double 39.7 Ï2pCh Ð 0 0
2-dim,ring of 3 Ï 3 single 4.1 Ï2pCh Ð 401 1667
2-dim,ring of 3 Ï 3 double 4.35 Ï2pCh�Ð 0 0

qsrutOvxw4Ñ�{
Experimentswith coupledequations.

Ç dupevent: TherearedisjointsubsetsÒ � � Ò ; �u`u`u`Ó� Ò,Ô of X �a�u�,�K`u`u`��Õ¨��%��Z
, whereeachÒ ° hassize at least

$
, and wherefor each

¹
and for each

À � Í
¦À ; in Ò ° , it is true
that X � ½ �Y Z�
 X � ½×ÖY Z

. (Dup eventsaresignificantbecausecertaindupsleadto a stable
duplicatedstate.)Ç full dupevent:A dupeventwith Ë 
Ê�

and Ò � 
 X �a�u���u`u`u`��Õ¨�����Z
.Ç k-dupevent:Thereare Ë duplicatedpairs.Ç stabledup event: a dup event wherethe duplicatednodesremainduplicatedfor all

subsequentiterations.(Of coursea full dup is stable.For
¨ª
Ø[

, any singledup is
stable.For

¨Ù
0�
, any singledupof oppositenodesis stable,while a singledupof

adjacentnodesis notstable.)

Table3 summarizestheresultsof onesetof experiments,using
¨

�b

in onedimension,¨

�[
in two dimensions,andtheremapppedlogisticequation.In singleprecision,only single

hit andsingledupeventsoccurred.In doubleprecisiontherewerenohit or dupeventsatall.

After finitely many iterations,theremustbea cycle. Thiscouldoccurasasinglefull-hit
eventwithout any initial stabledupevent,but this outcomehasnegligible probability. Instead
with high probability (essentially1), therewill be somestabledup event, i.e., duplications
continuingwith all subsequentiterations.

THEOREM.

(a) In a 1-dimensionalring of sizë , thesmallestinitial stabledupeventinvolvesat leastË 

floor

�8� ¨����+�J*,$��
duplicatedpairs.

(b) In a
[(Ãº[

torus, the smallestinitial stabledup eventinvolvesat least
[

duplicated
pairs.

PROOF (Sketch of (a)). Startwith aring of
¨

nodes.Supposethereis aninitial stabledup
with a minimumnumberof duplications.This meanstherearetwo nodeswith thesamevalue
repeatedindefinitely. (For thisargument,startwith any duplicatepair.) Sincethesenodesmust
getthesameperturbationsateachiteration,they musteachhave two neighborswith thesame
valuesrepeatedindefinitely, andsoon. (Actually, thesumof thevaluesof perturbationsmust
bethesame,but thissumcannotstaythesameunlesstheindividualvaluesarethesame.Also a
givenperturbationcouldbezeroonceor a few times,but cannotremainzeroindefinitely.) The
initial duplicatepairsplitsthering into two remainingsegmentsof length

¹
and

À
, both

�%¨��¸$
andboth Ú �

. Suppose
�

below markstheoriginalduplicatedpair. Additionalduplicatedpairs
onbothsidesof the

�
’scanoccurin two ways.They canbenested, like

�@`u`K`JÛ���ÜV`K`u`ÕÜH�'ÛT`u`u`c�
or

they canbealternating, like
�@`u`K`JÛ���ÜV`K`u`JÛ���Ü�`u`u`c�

. In casë is odd,oneof
¹

or
À

mustbeeven
(includes

�
) andtheotherodd. Herethesimpleststabledupmustbenested,with

� ¨
���+�J*�$
duplicatedpairs,andonenodeleft over on the odd side. In casë is even, therearethree



cases.Onecanhaveboth
¹
and

À
oddand

��¨Ý*,$,���Þ�
nestedpairs.Or onecanhaveboth

¹
and

À
even(onepossibly

�
), with

¨Ý*�$
nestedpairs.Finally, onecanhave

¹�
�À
and

¨Ý*,$
alternating

pairs.This completestheproof.

In particular, the theoremsaysthat a generatorwith at least
¨ 
ª®

nodesin onedi-
mensionor

[«ÃÉ[
nodesin two dimensionsrequiresthreesimultaneousduplicatedpairsasthe

smallestinitial stabledup event. In singleprecision,the resultsof Table3 give estimatesof
very roughly

�-� AOß for theprobabilityof a singlehit at a givennodeor a singledupat a given
pair of nodes.Becauseof thevery smallcouplingsinvolved,it is plausibleto conjecturethat
actionsatseparatenodesarestatisticallyindependentof oneanother. Giventhis independence,
onegets

�-� A ;Nà
asa very roughestimatefor theprobabilityof thefirst stabledupevent,using

singleprecision.Similar estimatesfor a full hit eventbeforeany stabledupsgive probability�-� A à Á , soonecandiscountthechanceof thishappeningbeforeastabledup.

In doubleprecision,the experimentsin Table 3 producedno hit or dup eventsat all
in

�<`}�©Ã1�-� �^R
iterations,so thereareno estimatesof their likelihood,but theprobabilitiesare

certainlyverymuchsmallerthanin singleprecision.For practicalpurposesonecancompletely
discountthechanceof astabledupor full hit eventin doubleprecision.

Extensive experimentswerealsorun in softwarewith simulatedprecisionsof
e

and
�+$

significantbits, and were fully consistentwith the above conclusions. Here as one would
expect, the systemeventually fell into an initial stableduplicatedstate. From sucha state,
furtherstabledupsor a full hit weremuchmorelikely. Of coursethesystemmustterminate
with a full hit anda cycle, but the full hit alwaysinvolvedonly oneor two separatevaluesat
all nodes.

5. RecommendedGenerator

Therecommendedgenerator, ascodedin C in theAppendix,usesa coupledmaplattice
with at least

¨á
�®
nodesin onedimension,or

[©ÃW[
nodesin two dimensions.It alsouses

theremappedlogistic equation,andusesdecimation, i.e., valuesaresampledonly aftereveryb�¬
iterations,alwaysfrom thesamenode.The“seed”for this randomnumbergeneratoris an

arrayof
¨

double-precisionrealsin the rangefrom
�­�

to
�
. Eachseparatearrayof

¨
reals

providesadifferentstartingpoint for thegenerator. Somevaluesarepoorchoicesfor astarting
point: all thesamevaluegivestheequivalentof justasinglelogisticequation,andall

�
’sgives

afixedpoint. In practice,initializing theseedarrayusingaauxiliarygeneratorwill work well,
asshown in theAppendix.Theauthorconjecturesthat thenodesarestatisticallyindependent
of oneanother, soby samplingall nodesatonceonewouldgetaspeedupby a factorof

¨
.

As coded,thegeneratoryieldedgoodresultswhensubjectedto standardstatisticaltests.
For example,theKolmogoroff-Smirnov testwasrun with

�-���,�,�
setsof

�-�,�,�
numberseach

(for
�u�����,�­���,�

iterationstotal), comparingthedistribution of the
�-�­���,�

testresultswith the
expecteddistribution,asdescribedin [5]. Goodperformanceonstatisticaltestsis now anold-
fashionedwayto certify apseudo-randomnumbergenerator[6], but this is thebestonecando
with thegeneratordescribedhere.

6. Conclusions

This articlehaspresenteda new pseudo-randomnumbergeneratorbasedon aninterest-
ing problemfrom non-lineardynamics̄ namelytheuseof a variationof thelogistic equation
ateachnodeof acoupled1-dimensionalor 2-dimensionallattice.Thereis statisticalandtheo-
reticalevidencethatthisgeneratorprovidesexcellentpseudo-randomnumbers.
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Appendix. Sourcefor the recommendedgenerator (ANSI C).
Theheaderfile “random.h”

#define NMAX 7 /* NMAX should be >= 7 */
double chaotic_uniform (double [NMAX]);
/****************************************************************************
* Generates uniformly 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_uniform repeatedly.*
* 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 provides storage for the seed array t. *
* Typical usage by an application--to produce 100 random numbers: *
* #include "random.h" *
* double ran(void); *
* double t[NMAX]; *
* long i; *
* double result[100]; *
* for (i = 0; i < NMAX; i++) *
* t[i] = 2.0*ran() - 1.0; *
* for (i = 0; i < 100; i++) *
* result[i] = chaotic_uniform(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”
#include <math.h> /* Needed for asin, sqrt and fabs */
#include "random.h" /* Header file */
#define BETA 0.292893218813452476 /* Magic number used in f */
#define NU 1.0e-14 /* Viscosity constant in step */
#define TWO_DIV_PI 0.636619772367581343 /* 2/Pi used in S */
#define NSTEP 28 /* Half the # of steps to iterate */
/*=========================================================================*/
static long mod (long i, long j) /* If i is negative, then i%j */
{ /* may be negative. In general, */

long k = i%j; /* result is machine dependent. */
if (k < 0) k = k + j; /* Check your own architecture. */
return(k);

}
/*----------------------------------------------------Equation (1)---------*/
static double f (double x) /* Remapped logistic equation */
{

double temp = fabs(x);
if ( temp <= BETA ) return(2.0*temp*(2.0-temp));
else return(-2.0*(1.0-temp)*(1.0-temp));

}
/*----------------------------------------------------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[mod(i-1,NMAX)]+t[mod(i+1,NMAX)]);
}
/*----------------------------------------------------Equation (2)---------*/
static double S (double x) /* Change distribution to uniform */
{

if (x >= 0) return(TWO_DIV_PI*asin(sqrt(x/2)));
else return(TWO_DIV_PI*asin(sqrt(-x/2)) + 0.5);

}
/*-------------------------------------------------------------------------*/
double chaotic_uniform (double t[NMAX]) /* Iterate step 2*NSTEP times */
{

long i;
double tn[NMAX]; /* Extra copy of seed array t */
for (i = 0; i < NSTEP; i++) {

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

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

}
/*=========================================================================*/


