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Abstract

Two cellular automata based computer simulations:
an immune network model on one hand and the
classical game of life on the other hand, despite
similar  algorithmic  presentations,  exhibit
surprisingly distinct time evolution: respectively a
fixed point and the complex dynamics characteristic
of class IV cellular automata. At the conclusion of a
complete investigation to understand better which of
the algorithmic difierences is responsible for this
behavioural diierence, we provide evidence that
asynchronous rather than synchronous updating
turns out to be the key factdExperimenting and
discussing in more detail this stability induction, we
show that the responsibility of asynchrony for
freezing game of life type of simulation can be
theoretically justified in some particular cases by
finding an associate yapunov function whose
monotonous tendency proves the stabilifjhe
implications of such sensitivity to the updating
mechanism for the future of cellular automata based
models are reviewed.

| ntroduction

Given the resemblance between the two models and the
difference between their dynamic regimes, the question that
comes to mind is: what feature present in INM but not in GL
is responsible for the appearance of fixed points and thus the
disappearance of complex regimese Will see that the
asynchrony of INM updating rules turns out to be the key
factor in explaining this behavioural simplification. Since all
distributed systems necessarily have an updating procedure,
the possibility that this procedure could influence the result of
simulations is of interest for all the scientists using this class
of models, especially in the field of artificial life.

The results presented here could hold for gelasumber
of distributed systems. While this paper focuses on a CA
based model, Lumer and Nicolis (1994) have independently
reached a similar conclusion with a coupled map lattice
model. Also the dependence of Hopfield net stability on
updating policy is well known (Hopfield 1982). Similar
results have been reported for ising models (Choi and
Huberman 1984), and for evolutionary game models
(Huberman and Glance 1993; Novak, Bonfereénd May
1994). Thus, if all members of the CA class IV turn out to be
so sensitive to the type of updating, that is, may lose their
dynamical richness by increasing the degree of asynchaony
deeper analysis on the adequacy of pure synchronous

The result discussed in this paper is drawn from theipdating out of respect for biological or physical reality

comparison between two computer models, the game of lifieecomes necessarptherwise their appealing behaviour
(GL) and the immune network model (INM), which althoughmight just appear as pure simulation artifact leading to a
presenting very similar algorithms, display radicallfetiént ~ strong weakening of their scientific realism and potential
dynamic regimes. GL belongs to class IV CAqtkam  interest.

1984), whereas INM always evolves toward fixed point |n section 2 are described the two models from which our
attractors. These two models, both grounded in a spatialfpsylt is inferred. In section 3 their dynamic behaviour is
distributed type of algorithm, assume that the biologicaleported. Then (section 4) thefesft of asynchrony will be
environment can be represented by a two-dimensional latticgnalysed in detail: we will show that the responsibility of
Each site of the lattice represents a biological entity Whos&synchrony for freezing GL type of simulation can in some
state at time can only take two values, 0 or 1, that are oftercases be ” mathematically justified either by finding an
interpreted as “dead or alive”. The same rules applyssociate yapunov function whose monotonous tendency
uniformly for all the sites in the lattice and can be stated agroyes stability gras was done by Mcintosh, by relying on
follows: an entity dies if its local neighbourhood (to begapproximate mean field theory to reveal a hiddergmally
defined in next sections) is overcrowded or if itis em@ig  staple fixed point (Mcintosh 1990). éAfinally discuss the

it is brought to life, or it survives if already born, when thejmpiications of such sensitivity to the updating mechanism

neighbouring population is in a certain range of concentratiofyy the future of the development of CA based models.
i.e. neither too high nor too lo®espite these similarities, the

two models difer however in several aspects and actually on@  Presentation of GL and INM

can see INM as a sophisticated version of GL. The game of life has been presented in gelamumber of
publications (see for example Gardner 1970), but in order to



facilitate further comparisons we will now reintroduce itsviable value ofh;. When the lattice is covered with stripes,
evolution rules in a more generic fashion: the tatefacell  h; sensed by each site not yet occupied can only be either
located at sitei|(j) is determined by the sum of the states superior to the maximal threshold or inferior to the minimal
of its eight nearest neighbours using the following rules:  one. If this is the case, no further cell can appear and no cell
already present has to die. The existence of such a static
equilibrium will indeed be theoretically justified in Section 4.

then no change Complying with Wlfram’s classification, such behaviour

o ifh,. < hij <h

med

if hpeg < hij < Pax thensij =1 is typical of class | CA. It is relevant in the immunological
. ith <n h sh h _ context since the stripes can memorize encounters with
Ity <P OF By >Ny thens; = 0 antigens (see Stewart andrela 1991, Bersini 1992). Then,

whatever their biological utility either as a memory

. _ B B mechanism in immunologyor for the formation of

a Vl\ﬁatg shﬁ”é%anzo UgrdfCE]Pg.?| ;itgnéax = 3. The rules are geometrical patterns existing abundantly in nature, class |

PP Y _ y _ : _ _ CAs are very promising instruments to rely on for the
In the following, other instances defined byfeliént exploration of biological systems (see Meinhart 1982).

threshold values are labelled &l h. . h .- However the key question we wanted to answer was why

Since the biological motivations behind INM are notdespite thelrlmpor_tant rese_mblance in using th_e same type of
required to understand this article, this model will only befhreshold mechanism, the immune modelling just described
described from a formal point of vieReaders interested in and the game of life produce suclfetiént types of behaviour
immunological background should see Stewart aael  that they belong to two dérent classes of CA.

1991, where this model was first introduced. INM obeys the
same transition rule as GL, however the cells are updated
asynchronously (the cell to be updated is chosen at random),
Nrin = Nmeg» @Nd hy is computed in a dérent way Let

(i",) ") be the site symmetrical tgj() relatively to the center of

the lattice (fig.l)hij is defined by:

LL
hi; = z M 1 By
k1

whereL defines the size of the lattice ang ,, is a
gaussian function of the distand®etweeni(,j’ ) and k,l).

Figure 2: Fixed point pattern obtained with INM.

£ jeeTsek 1
Simulations performed with the GL rules have gained
X increasing popularity during these last years due to the
existence of a Ilge family of fancy objects dancing on the
oiy computer screen, and known under the names of “gliders”,
“blinkers”, “starships”, “guns” just to mention a few of them.
They led Poundstone (1985) to say: “predictable as the game
Figure 1: Computation diij for INM. is on a cell-by-cell basis, the ¢gr scale evolution of the
patterns defies intuition”. The complex dynamics caused by
GL rules endows it with universal computation capacities
In case of asynchronyve say that one “time step” has (Berkelamp, Conwayand Wesenfield 1982; Langton 1991)
elapsed wheh*L sites have been updated. and thus opens the door to speculations about how the laws of

It is possible to construct intermediate versions betweel®dic might be grounded into natural systems and even get the
these two models in order to see which feattye, (= h_,,  UPPerhand on the laws of physics (Langton 1991). According
the asynchronythe symmetry ru|e, or the gaussiaﬁrw to several authors (PaCkard and)lmm 1985, .MC|ntOSh
domain) plays the most decisive role in determining at whicd990) GL appears to be an exception in its class and

regime the system operates. systematic exploration over the huge space of possible 2D
. CA transition rules revealed that all members of the class IV
3 Thedynamicsof IMN and GL are trivial variants of the original GL. Indeed such uniqueness

Fig.2 represents a pattern obtained when simulating INMan be explained first by the hard time Conway spent to find
from random initial conditions. The stripes no longer move2 CA dynamics capable, while maintained in non-equilibrium
once established.This steady state is easily explained if o§@ndition, of a certain form of viability i.e. an animate self-
notices that each stripe is coupled with a quasi-symmetric ofggulatory system neither exploding nor collapsing, and
such that both partners mutually guarantee for each othersgcondly by the considerable care which is needed in



selecting initial conditions giving rise to interesting A similar result is observed for the regular GL and its
evolutions. asynchronous counterpart: the asynchronous GL (AGL)

As a matter of fact, using GL in the same way as th&°nveges to a fixed point forany initial conditions.
immunological model namely initiating the simulation with a oteworthy the flnal co_nﬁguratlons are qualltatlveI)fe]‘ént
random occupation of the plane drives rapidly either to affo™ those obtained with the synchronous GL (SGL) (fig. 3a,
emptying of this plane or to the survival of sparsely?) Since all the available space is populated (fig. 3c).
distributed rigid or/and oscillating objects (see fig.3 a,b forl Nerefore the main message of this paper is that, depending
one of these simulations’ final state). In order to raise interesth it updating procedure, GL can belong either to the first or
GL initial conditions must be selected with care (indeed thi&C the fourth CA class.
is a lage part of the fun (see Poundstone 1985)) since a
random selection of these conditions drives the simulation, h

. - - . . . . , N 0 1 2 3 4 5 6 7 8
into fixed point or oscillatory configurations (as is the case for M’ min

the first and the second CA classes). (1) 162 *
2 13 14 *
. b c 3 12 16 113 22
I:r_l = I:l:| E = |I'T 4 8 11 16 = n
0 0 I 2 5 7 13 9 150 n n
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Figure 3: a,b) Snapshots of the period 2 final situation of one GL  Table 2: Dynamics of the asynchronous GLxandom initial
simulation started from random initial conditions (the blinker conditionsL =20. The number of time steps before a fixed point is
oscillating) - ¢) An asynchronous GL final fixed point state obtainedeached (averaged over 25 runs) is listed. Thresholds conditions

from similar initial conditions. marked by “*” produce dynamics that remain chaotic for more than
. 25000 time steps when a lattice with 20*20 site is used. However
4  Asynchrony freezesthe game of life these conditions lead to fixed points within reasonable time when

Now in order to better understand why the two modeldun on smaller latticel( = 7).
operate at such dérent dynamic regime (at least for properly
chosen initial conditions), we undertook agmumber of Can this be justified in a more formal way2ridus
simulations, adding to GL successively the features whichythors have noticed the strong similarities existing between
differentiate it from IMN: first the symmetricalfafity, then  the two popular computational models: CA and neural
the gaussian neighbourhood and finally the asynchrony @fetworks (NN) (see Garzon 1990). Their architecture is
updating. The two first features have no influence on thgimjlarly omanized in a set of interconnected elementary
regime at which the system operates. Finally we came to thgtomata and their interesting behaviour easrfrom the
conclusion that the key factor for inducing stability in INM ¢gjective action of these automata. Basifedénces remain
was the asynchronyThe various dynamical behaviours powever Whereas locality and uniformity of rules are key
obtained when varying the thresholds of the synchronous Ghroperties of CA, they disappear in NN since neurons present

(with the constraint,, = h, ) are listed table 1. Chaotic 3 parametrized activation mechanism which depends on their
dynamics are obtained for 13 thresholds conditions. Thi§ndividualized” synaptic connections vector (the most

number drops to 0 with asynchronous updating (table 2).  sensitive NN architectural element). Moreover the range of
connections is not limited to the immediate neighbourhood,
and the activation mechanisms generally include slightly

hmaX(')hmin 2 12 3 4 5 6 7 8 more complicated mathematical operations.

1 o ¢ Among the great number of NN characterized by distinct
2 o ¢ ¢ architecture and activation mechanisms, the closest to CA
3 o ¢ ¢ n ought to be the Hopfield network (Hopfield 1982) since:

4 o] c c c n

5 o ¢ ¢ ¢ n n e it is completely interconnected so that, despite the
6 O O ¢ ¢ n n n synaptic individuation of the neurons, it shows the
7 o o O o n n n n greatest degree of homogeneity

8 s s s s 0 n n n n e its standard activation mechanism involves threshold
Table 1: Dynamics of the synchronous GLxsgndom initial functions;

conditions,L = 20. Depending on the thresholds thesd#haviour « in addition, what makes it very attractive in the present

can be oscillatory (0), chaotic (c), steady (s), or null (n, all sites equal  context is that like for GL, asynchrony is a key factor of

t0 0). stability, and mainly that the formal proof of stability i.e.
the existence of a monotonougapunov function can be
transposed in a very faithful way for proving stability of



the family of CA models (including INM and AGL) seem to exert no attraction. This view is consistent with the
defined by the rules introduced in the previsestion. fact that a long time is often needed before a stable
configuration is reached (the duration of transients varies

2 5 . . L.
Indeed consider the CA counterpart of the Hopfield neP€tween5 10" andlo” time steps depending on initial
i.e. a one-threshold CA (the update rule can boil down tgeonditions). Moreover the analysis of the damage caused by

s =1ifh <h s =0ifh >h ), and associate to this the flipping of a single site has revealed a very weak
rlle. the yapuﬁg‘v é‘negy functionk Written below: robustness of the fixed points to small changes. Actually 60%

of the 200 single site perturbations performed on stabilized
0 h. systems I(=20) led to avalanches involving all the sites. Th(_a
E= _Z Sithmin—%D duration of these avalanches was comparable to the duration
0 of the transient just mentioned, i.e. the perturbation of one site
N ) had the same fefct as starting from a new random initial
In case of asynchronous transition, one cell is selected Htate. In the remaining 40%, the disturbance was restricted to
a random or deterministic way to be updated (the selectio@ss than 10 sites in the neighbourhood of the perturbation.

order can be sequential or random, it is in no way a crucial Variants of GL with INM-like thresholds (i.e. GLxxy),

int). D h n f self-interaction and th > :
gym;)wetryugf é%\ ;tﬁjcgﬁzewcee otc))tairsf teraction and (\e/vere very much faster to stabilize as compared with AGL.

Indeed as fig.4 shows, the final fixed point seems to really
exert a strong attraction (a situation quitdetént than for
h.As. = S's, [Ah AGL fixed points). A damage spreading analysis has
we ; K demonstrated a strong robustness of the steady states to
perturbations: avalanches triggered by a single site flip never
wherekl indexes the eight neighboursipfThus updating  spread throughout the whole lattice and remain nearly always
E as a result of updating the selected ag)l gives confined to less than 10% of the cells. Also it is necessary to
disturb more than 20% of the sites in order to observe
significant change in the global shape of the patterns. In
general the lgrer the thresholds window the easier to obtain
and more robust the fixed points turn out to be. This could be
roughly justified by observing that for tiee- 1 transitions,
the strength of the E expression first term increases with the
lagement of the windowMNe may reasonably hypothesize
that in our current situation i.e in the absence of a decreasing
_ ) Lyapunov function, the speed of comyemce and the
In contrast, if more thresholds appear in the rules thgiapility of the fixed points could be dependent on the

discovery of a Yapunov function is a non trivial problem. .o ion of the local increases (E > 0) and plateau (E =
: . ; prop p
Let's associate with a two threshold CA of the form GLxxy() to be encountered by the functi@nwhile showing a

AE = —As;; (hyyp = hyy)

In consequence for each transition: E 0. Given that the
asynchronous form of this CA family causEsto be a
monotonous decreasing function, the stability is proved: sta
changes will continue until a ledsts reached.

the function: general decreasing tendency
) s. s. Interestingly enough, Hopfield networks present the same
_ 1j ij . H L
E = Zs”.hij—zihijhmin—thijhmax+ SN Nmax type of pathological behaviour as CA: in its synchronous
J] 1] 1]

1] version a lot of initial conditions cause the dynamics to be
N ] trapped into a periodic attractor (cycle of length at most 2
any transition results in: when the connections are symmetric). Howgwarrying on
with the similarities, when the system evolves from more
favourable initial conditions, the network settles in a fixed
point following a transient shorter than in the asynchronous
case. Clearly synchronous updating makegelastep in the

We easily observe that although E is always negative for attractive road towards fixed point than asynchronous
al - 0 transition, problems appear foba. 1 transition for ~ updating, and this too rapid progression in the basin of
which the second term has a positive contribution conflictingttraction might explain both their rapid coryence when
then with the first one. Though a fixed point was alway$0nveging butalso their oscillatory or even chaotic to and fro
reached in our computer simulations, the existence of &otion around the fixed points when not cogueg. In a
monotonously decreasingyapunov function associated to Similar way it is well known that a gradient descent running
the two-thresholds CA becomes questionable. At least With too important a learning rate can be responsible for
seems that its existence could be highly dependent on ti§ératic motion around the extremum.
thresholds values. All these common properties between CA and Hopfield

As a matter of fact, the existence ofympunov function Networks tend to suggest that in its synchronous version the
should imply that the fixed points of the system havgelar GL type of CA sufiers from the same sort of instability as
basins of attraction, which is unlikely for the thresholdSynchronous Hopfield networks: if the corgieg rate is too
conditions resulting in extremely long transient time (table 2)important, it prevents the congence and induces an erratic
This later remark also concerns AGL since the steady stat¥4ndering around the fixed point. The fact that the complex

2
AE = —As;; (hy = hpgin) O(pg, —hy) + ;Smﬂhm



behaviour of SGL may be attributed to a giaal stability at An obvious question coming to mind is (originally raised

a fixed point was already conjectured by Mcintosh (1990)n Huberman and Glance 1993, and Lumer and Nicolis 1994):
relying on mean field thearBased on a careful observation “are the observed interesting regimes not just mere artifacts
of the mean field curve for probabilistic self-consisteriicy of the discretisation of the biological reality these models aim
has been noticed that in general the actual transitioat reproducing?”. Indeed, if reality is better captured by
probabilities characterizing class IV CA were located close teontinuous dferential equations, Hopfield networks testify
the theoretical solutions of the self-consistency problem antb the greater adequacy of asynchronous updating as
in a very stable region of the curve. This is why one magompared with the synchronous one for giving the most
consider class IV CA behaviour as maally stable, and accurate version of the tBfrential equations solutions.

why a reinforcement of the asynchrony contributes to

suppress this mginality.

Differential equations are in principle synchronous

(although some asynchrony might be introduced by adding a
probabilistic term), but because of the rough discretisation
that their computer simulation demands, neither a

synchronous nor an asynchronous form of updating can
ensure a better fidelity to the actual temporal evolution that a
lack of analytical solutions may keep hidden. The ideal

solution would see the synchronous and asynchronous
updating giving rise to similar spatiotemporal evolution. But

when this is not the case, which one is telling the truth: the
fixed point or the complex regime?

In facing this delicate synchronous versus asynchronous

problem which might concern numerous computer
simulations behaving in a complex mannewo attitudes can
be adopted but need to be clearly distinguished. A first one
consists in the development of very interesting computer
simulations capable of teaching us a great deal about complex
systems but it must not be confused with a physical or
biological scientific endeavour since no external physical or
biological reality is expected to be reproduced and deeply
understood in one way or another by these simulations. This
attitude has much more to do with a creative or artistortef
and is more in line with a mathematical rather than a physical
Figure 4: Tme evolution of AGL223. gpproac_:h. SGL.’ L.angt“‘!CA’ Chen and Bak'toy model of
interacting ballistic particles in no way try to match any
5 Discussion and conclusion particular physical or biological system. Needless tq say
In a very recent work, Lumer and Nicolis (1994)th€se computer simulations share the same appeal (and
discussed the induction of stability the switching fromindeed gliders, guns, starships, fiafights, shuttles don
synchrony to asynchrony is responsible for in a model ofck Of such appeal) for the same reasons and remain worth
coupled map lattice originally presented by Kaneko (1989§;smentmc attention. They are perfect illustrations of how

i)
l H‘Il_-"l' I ” I

[

and observed to generate complex spatiotemporal dynamifgiure can be layered in multiple levels of coarseness, and
when using a synchronous updating. Huberman and Glan w elementary laws at a low level can be. responsible for
have noticed that the same conclusion applies to simulatioy9MP!ex behaviour at upper levels. They nicely show how
of evolutionary spatial games. Here we have shown that th|*i~:m3red'(.:tablllty can still be gr_ounde;d In p_redlctable but finer
result also holds for a whole class of threshold CA. In the ladfiéchanisms, and why keeping things simple but observed
few years an important number of spatially distribute rough'a microscope can in some circumstances be the most
systems, generally grounded into CA models, have be propriate strategy to confront apparently complex systems.
largely appreciated and discussed for their capacity to evol/& thiS IS the attitude being adopted, the problem posed by the
neither in an oscillatory way nor in a full chaotic way butcpntrastlng_behawour betweenfd_rbnt updating pfoceqwes
somewhere in between, in a transition region called “the edgdMP!y vanishes. If not constrained by any biological or
of chaos” (Langton 1991: Bakafig, and Wesenfield 1988; | ysma} realityjust use the quatlng p(ocedure which (esults
Chen and Bak 1989: Kaafan and Johnsen 1991). Such aln the kind of behaviour which better illustrates what in fact
critical behavioural regime is capable of storage (locaYOU @m atillustrating.

quiescent state) and transmission of information (the Now a second and to some extent much more demanding
propagating structures). Indeed manipulating these storingftitude is the physical one: There is some physical or
and propagating computational objects in a proper way cabpological reality whose structure and functionalities one
code for the elementary logical operations. SGL likewants to better grasp by means of computer simulation. It is
Langtons transitory stochastic CA (Langton 1991) and likesupposed that such systems are continuous with direct
Bak’s sand pile (Bak,dng, and Wesenfield 1988) or trivial consequence that any coarsening of the space and time
universe (Chen and Bak 1989) are alfilig universal. resolution required by the computer simulation is not immune



of artifacts. It is well known for instance that the logistic map Huberman, B.A. and N.S. Glance. 1993. Evolutionary

is chaotic only in its discrete time form, and that continuoussames and Computer SimulatiorZroc. Nat. Acad. Sci.

systems need to possess at least three dimensions to exhib®A. vol. 90. 7716-7718.

s[milar chaos. Since there is no specific reason to privilege Kaneko, K. 1989. Pattern Dynamics in Spatiotemporal

e_lther t_he synchronc_)us_or asyn_chrc_mo_us updatlng of th@haosPhysicaD34 1-41.

simulation for observing its evolution in time, and given that .

the two updating procedures generate totallyfeckht Kauffman, S.A. and S. Johns_en. 1991. Co-Evolution to

spatiotemporal trajectories, a hard problem is raised: whicl®é Edge of Chaos: Coupled Fitness Landscapes, Poised

behaviour is the most faithful to realityf possible, a States, and Co-Evolutionarwalanches. In Artificial Life I_I.

Popperian type of validation might be the supreme judge ik&ngton, Bylor, Farmer and Rasmussen (eds.). Addison-

some cases, but nevertheless a high sensitivity to the updati¥{gsley Publishing Company

procedure should call for an increased attention and prudence Langton, C. 1991. Life at the Edge of Chaos. In Artificial

while running the simulation. Life Il - Langton, Bylor, Farmer and Rasmussen (eds.).
Some of these “edge of chaos”, “critical” or uphaseAddlson—V\ESIey Publishing CompaniRedwood City CA .

transition” computer simulations do have physical or41-91.

biological counterparts like Per Bakpile of sand (Bak, Lumer, E.D. and G. Nicolis 1994. Synchronouersus

Tang, and Wesenfield 1988), earthquake models (SornettAsynchronous Dynamics in Spatially Distributed Systems.

and Sornette 1989), Kduofan's interconnected fitness PhysicaD 71. 440-452.

Ia;rr:dschap%s (K(t':\tman and ioﬁm?en %991) arl1nd c.)theﬂrs. tOnt.the Mcintosh, H.VV 1990: Wlfram’s Class IV Automata and

other hand, nature seems full of systems showing fluctuations~ - 4 Life.Physica D 45, 105-121.

with dimension following a power law and showing spatial ) ) .

self-similarity as well, which are two key diagnostic factors ~Meinhart, H. 1982. Models of Biological Pattern

for “criticality” and “phase transition” which these computer Formation. Academic Pres. London.

toy simulations aim at reproducing. Although the existence of  Novak, M.A., S. Bonhodér and R.M. May1994. More
these natural phenomena gives high legimitity to thespatial Gamesnternational J. of Bifurcation and Chaos. Vol
computer simulations endowed with the same characteristicg, no 1. 33-56.

the existence of a contrasting behaviour depending on the . .
updating procedure, and the crucial fact that this sensitivit ”Plackard, N";J' gnd PSh Wg%ml 139585' Wo-dimesional
often turns out to be the indicator of a hidden stability (andt®'/@r automatal. Jat. Phys. 38. 1-35.

thus a potential outstanding behavioural simplification) is the Poundstone, W1985.The Recursive Universe. Morrow,
main agument for advocating increased attention from theéNew York.

developers of these simulations. Sornette, A. and D. Sornette 1989. Selg@nvized
Criticality and Earthquake&urophysics Letters 9 (3). 197-
202
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