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Abstract

We provide the �rst classi�cation of di�eren t types of
Random Boolean Networks (RBNs). We study the dif-
ferencesof RBNs depending on the degreeof synchronic-
it y and determinism of their updating scheme. For doing
so, we �rst de�ne three new types of RBNs. We note
somesimilarities and di�erences betweendi�eren t types
of RBNs with the aid of a public software laboratory we
developed. Particularly , we �nd that the point attrac-
tors are independent of the updating scheme, and that
RBNs are more di�eren t depending on their determin-
ism or non-determinism rather than depending on their
synchronicit y or asynchronicit y. We also show a way of
mapping non-synchronous deterministic RBNs into syn-
chronous RBNs. Our results are important for justifying
the use of speci�c types of RBNs for modelling natural
phenomena.

In tro duction
Random Boolean Networks (RBNs) have been used in
diverseareasto model complexsystems.There hasbeen
a debate on how suitable models they are depending on
their properties, mainly on their updating scheme(Har-
vey & Bossomaier1997;Di Paolo 2001). Here we make
a classi�cation of di�eren t types of RBNs, depending
on their updating scheme (synchronous, asynchronous,
deterministic, non-deterministic), in order to study the
properties, di�erences, and similarities of each one of
them. The aim of this study is to increasethe criteria
for judging which types of RBNs are suitable for mod-
elling particular complex systems.

In the next section we present our classi�cation of
RBNs, �rst mentioning the previously de�ned types of
RBNs, and then de�ning three new types of RBNs. In
Section 3 we present the results of a series of experi-
ments carried out in a software laboratory, developed
by us specially for this purpose, and available to the
public. Particularly , we present our studies on point at-
tractors, statistics of attractor density in di�eren t types
of network, and the homogeneity of RBNs (which vali-
dates our statistical analyses). In Section 4 we propose
a (non-optimal but general) method for mapping deter-
ministic RBNs into synchronous RBNs. In Section 5

we identify further directions for studying and under-
standing di�eren t types of RBNs. We conclude esti-
mating the value of our work, and we use our results
to clarify a controversy on the proper use of RBNs as
models of genetic regulatory networks (Kau�man 1993;
Harvey & Bossomaier1997).

Random Bo olean Net works
There has been no previous classi�cation of di�eren t
types of RBNs, perhaps becauseof the novelty of the
concept, but there has been enough research to allow
us to make a classi�cation of RBNs according to their
updating schemes.

Classical Random Boolean Networks (CRBNs) were
proposed by Stuart Kau�man (1969) to model genetic
regulation in cells. They can be seenas a generalization
of (binary) cellular automata (CA). Thesewere �rst de-
veloped in the late 1940'sby John von Neumann (1966),
for studying self-replicating mechanisms.

A RBN has n nodes, which have connections(k) be-
tweenthem (n; k 2 N; k � n). The state (zero or one) of
a node at time t + 1 depends on the states at time t of
the nodeswhich are connectedto the node. Here we will
limit our study only to homogeneousRBNs, where k is
the samefor all nodes. Logic rules (n2k valuesin lookup
tables) are generatedrandomly, and they determine how
the nodeswill a�ect each other.

In CRBNs, the updating of the nodesis synchronous,
in the sensethat all the nodes in the network are up-
dated at t + 1 depending their states at t. Boolean
random maps are equivalent to CRBNs with n = k.
The dynamics arising from CRBNs are very interest-
ing, since depending on the values of n and k, they
can be ordered, complex, or chaotic (Kau�man 1993;
Wuensche 1998). Therefore, they have beenalso usedto
study thesetypesof dynamics in deterministic systems.
Diverseproperties of CA and CRBNs have beenstudied,
amongothers, by Wuensche (1997;1998)and by Aldana,
Coppersmith and Kadano� (2002). They havebeenused
to model phenomenain physics,biology, cognition, econ-
omy, sociology, computation, arti�cial life, and complex
systemsin general (Wuensche 1998).
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CRBNs have attractors, which consist of a state
(\p oint attractor") or a group of states (\cycle attrac-
tor") which \capture" the dynamics of the network.
SinceCRBNs are deterministic, oncethe state of a net-
work reachesan attractor, it will never havestatesdi�er-
ent from the onesin the attractor. And sincethe number
of statesof a CRBN is also �nite, in theory, an attractor
will always be reached.

Harvey and Bossomaier(1997) studied Asynchronous
Random Boolean Networks (ARBNs) They have the
characteristics of CRBNs, but their updating is asyn-
chronous. Well, in ARBNs, the updating is not only
asynchronous, but also random. Each time step a sin-
gle node is selectedat random in order to be updated.
Becauseof this, in ARBNs there are no cycle attractors
(although there are point attractors). The system can-
not escape from a point attractor, becauseno matter
which node is selected,the state of the network will not
change. ARBNs also have \lo ose attractors" (Harvey
& Bossomaier1997), which are parts of the state space
which alsocapture the dynamics, but sincethe updating
order of the nodesis random, the order of the stateswill
not be repeated deterministically. Although, Di Paolo
(2001) evolved successfullyARBNs for �nding rhythmic
and non- rhythmic attractors, but ARBNs with these
attractors seemto be a very small subsetof all possible
ARBNs.

In order to have a more complete taxonomy of RBNs,
we de�ne three types of RBNs, setting all of them and
the previously exposed under Discrete Dynamic Net-
works (DDNs), a term intro ducedby Wuensche1 (1997),
sincewe can say that DDNs have all the properties com-
mon in all typesof RBNs: they havediscretetime, space,
and values. DDNs outside of our scope would be multi-
valued networks, but they would be DDNs also. Real-
valued networks would not be DDNs, since their values
are not discrete, but continuous. Dynamical Systems
Theory studies such systems.

We de�ne Deterministic Asynchronous Random
Boolean Networks (DARBNs) as ARBNs which do not
selectat random which node to update. Each node has
associated two parameters: p and q (p;q 2 N; q < p),
which determine the period of the update (how many
time steps the node will wait in order to be updated),
and the translation of the update, respectively. A node
will be updated when the modulus of time t over p is
equal to q. If two or more nodes will be updated at
a speci�c time, the �rst node is updated, and then the
secondis updated taking into account the new state of
the network. This order is arbitrary , but since there is
no restriction in the connectionof the nodesby their lo-
cality (as with CA), we can have any kind of possible
DARBNs with this updating scheme. The advantage

1Although he studied only synchronic DDNs in (1997),
the terminology is appropriate.
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Figure 1: Classi�cation of Random Boolean Networks

is that with DARBNs we can model asynchronous phe-
nomena which are not random, a thing which is quite
di�cult with ARBNs. Therefore, DARBNs have cycle
(and point) attractors.

ARBNs haveanother limitation: they only update one
node at a time. We de�ne Generalized Asynchronous
Random BooleanNetworks (GARBNs) asARBNs which
can update any number of nodes, picked at random,
at each time step. This means that GARBNs can go
from not updating any node at a time step, passingto
updating only one (as ARBNs), updating some nodes
synchronously, to updating all the nodessynchronously
(as CRBNs). As ARBNs, they are non-deterministic, so
again there are no cycle attractors, only point and loose
attractors.

As wedid with DARBNs, weintro ducethe parameters
p and q associated to each node to de�ne Deterministic
Generalized Asynchronous Random Boolean Networks
(DGARBNs). They do not have the arbitrary restriction
of DARBNs, so if two or more nodesare determined by
their p's to be updated at the sametime step, they will
be updated synchronously, i.e. they will all be updated
at time t + 1 taking into account the state of the network
at time t. Note that DGARBNs and DARBNs overlap
in the speci�c caseswhen p and q are such that oneand
only onenode is updated each time step (for example,a
network of two nodes(n = 2), onebeing updated at even
time steps(p = 2; q = 0), and another being updated at
uneven time steps(p = 2; q = 1)).

Also other speci�c con�gurations produce the same
behaviour for all the types of network independently of
their updating schemes(e.g. when k = 0, or when all
states are point attractors).

Figure 1 shows a graphic representation of the classi-
�cation just described above.

As we stated, we classify all RBNs under DDNs. The
most generalare GARBNs, sinceall the others are par-
ticular casesof them. If on one hand, we make them
deterministic with parameters p and q, we will have
DGARBNs. Random maps are emerging when n = k,
and for all nodes p = 1 and q = 0. These ones can
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RBN updating scheme

CRBNs synchronous, deterministic
ARBNs asynchronous, non-deterministic
DARBNs asynchronous, deterministic
GARBNs semi-synchronous, non-deterministic
DGARBNs semi-synchronous, deterministic

Table 1: Updating schemesof RBNs

net(t) net(t + 1)

11 11
10 01
01 00
00 10

Table 2: Transition table for a RBN n = 2; k = 2.

simulate with redundancy any CRBN, but not other-
wise. Therefore, CRBNs can be seenas a subsetof ran-
dom maps. Boolean CA are speci�c casesof CRBNs,
where the connectivity is limited by the spatial orga-
nization of the nodes. On the other hand, if we limit
GARBNs for updating only one node at a time, we will
have ARBNs. If we make them deterministic, we will
have DARBNs. There are also special casesof ARBNs
with rhythmic and non-rhythmic attractors. Very prob-
ably GARBNs with rhythmic and non-rhythmic attrac-
tors can be found. Most types of RBNs can behave in
the sameway in limit cases(e.g. when k equalszero, or
when the number of attractors equalsn).

Here we will study the properties of CRBNs, ARBNs,
DARBNs, GARBNs, and DGARBNs. Table 1 shows
the characteristics of the updating schemesfor each one
of these RBNs. Note that there are no synchronous,
non-deterministic RBNs. We say that GARBNs and
DGARBNs have semi-synchronous updating becausein
somecasesthey can behave synchronously (all nodesup-
dated at once), and in some casesas asynchronously
(only one node is updated at once), but mainly in all
the possibilities in between, i.e. when some nodes are
updated synchronously.

As a simple example, in Table 2 we show the transi-
tion table of a RBN of n = 2; k = 2, p's= f 1; 2g, and
q's= f 0; 0g. Figure 2 shows the di�eren t tra jectories that
the RBN will have, depending on its updating scheme.

We can seethat all types of updating schemespro-
ducedi�eren t behaviours of the RBN. Someof them are
more similar than others, though. In the next sectionwe
explore the properties of di�eren t typesof RBNs.

Exp erimen ts and Analysis
We developed a software laboratory for studying the
properties of di�eren t types of RBNs. It is available
online to the public (Java source code included) at
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Figure 2: Graphs of RBNs with di�eren t updating
schemes.The arrows with numbers indicate which tran-
sition will take place depending on the modulus of time
over two.

http://www.cogs.sussex.ac.uk/users/carlos/r bn. It can
be usedthrough a web browser, providing a friendly in-
terface for generating, editing, displaying, saving, and
loading RBNs, and analysing their properties. The re-
sults presented in this sectionareproduct of experiments
carried out in our laboratory.

Poin t A ttractors
Our �rst �nding is that the point attractors are the same
for any type of RBN. In other words, if we �nd a point
attractor in an ARBN, if we changethe updating scheme
to CRBN (or any other), the point attractor will be the
same. This is becausea point attractor is given when for
all the nodes, their rules determine that when they will
be updated, they will have the samevalue. Therefore, it
is not important in which order or how many nodesare
updated, since none will produce a change in the state
of the network.

We should note that the basins of the point attrac-
tors in most casesare very di�eren t for di�eren t typesof
RBNs. The cycle and looseattractors and their basins
alsochange(tough not always) depending on the updat-
ing scheme. But for a determined network connectivity
and rules, the point attractors will be the same.

A ttractor densit y
For this section, we obtained with our laboratory statis-
tics from 1000networks of each of the presented values
of n and k. First we generatedrandomly a RBN with the
speci�ed n, k; p; and q, and then we tested the RBN with
the di�eren t updating schemes.For each typeof network
we tested all possible initial states, running them for
10000time steps,expecting to reach an attractor. Then
we searched for attractors of period smaller than 50 for
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CRBNs and 200for the other deterministic cases(check-
ing that the state and periods would be the sameas the
onesas t = 10000),and point attractors for the random
cases(if state(10000)=state(10001)=.. . =state(10050)).
For all our experiments the p's for all the nodes were
generatedrandomly, taking valuesbetween1 and 4, and
all q's=0.

Figure 3 shows the average number of deterministic
attractors for networks of n's between1 and 5, with all
their possible k's (from 0 to n). Figure 4 shows the
sameinformation for networks of k = 3 and n between
3 and 8. Remember that RBNs which are updated with
random schemes(ARBNs and GARBNs) can only have
deterministic attractors of period one(point attractors),
and if onenetwork hasa point attractor, the other types
of network will have the samepoint attractor. We can
seefrom Figure 3 that the averageof point attractors
in ARBNs is roughly lower for k = 3, consistent with
results of Harvey and Bossomaier(1997)2. From both
�gures we can seethat DARBNs, and DGARBNs even
more, are very close to the number of attractors found
in CRBNs. We can see here that there is a very big
di�erence due to the randomnessof the updating, and
not so much due to the degreeof synchronicit y.

We can also see that, for deterministic RBNs, the
growth of the averagenumber of attractors asweincrease
n, with constant k, seemsto be linear, consistent with
the results of Bilk e and Sjunnesson(2002) for CRBNs.

Figure 3: Averagenumber of deterministic attractors.

Note that when there is no connectivity (k = 0), there
is no interesting updating, since the networks, indepen-
dently of their initial state or updating scheme,will reach
a �nal state. It is becauseof this that all RBNs have

2Even when the expected number of points attractors is
one. This is, mathematically we can �nd that if we con-
sider all possibleARBNs, their number is equal to the possi-
ble point attractors (Harv ey & Bossomaier1997). Of course
some networks will have no point attractors, or more than
one, but if our search would be exhaustive, the averagewould
be one. Sinceout search is not exhaustive, what we can seeis
that for k = 3, the point attractors \hide themselves" more
than for other valuesof k (there are few networks with several
point attractors and many networks with none).

Figure 4: Average number of deterministic attractors,
k = 3.

oneand only onepoint attractor for any value of n when
k = 0. We can appreciate the percentage of stateswhich
belong to an attractor for the samenetworks in Figure
5 and Figure 6. Here we can seethat RBNs have more
statesin attractors than DGARBNs and DARBNs. This
suggeststhat the averageperiod of the cycle attractors
is higher for RBNs.

We can also see in Figure 5 that for deterministic
RBNs, the number of states in an attractor increases
with k. But the percentage of the states in attractors
seemsto decreaseexponentially as n increasesfor all
typesof RBN.

We would also like to know exactly how many states
there are in each attractor, not only their percentage.
But we should note that, even when CRBNs, ARBNs,
and GARBNs have 2n possiblestates, this is increased
in DARBNs and DGARBNs, becauseof the intro duc-
tion of the updating periods. This is, a network with
the samestate, may be updated in a di�eren t way de-
pending on the time it reachesthat state. Therefore, in
DARBNs and DGARBNs we need to take into account
the least common multiple of all p's, and we will have
LCM( pi )* 2n possible states. As we can see,the peri-
ods of the attractors in DARBNs and DGARBNs grow
in comparison to CRBNs, but since there are also more
states, the ratio between states in attractors and total
states is equivalent. But for calculating the number of
states,wenormalized the number of statesdividing them
by their total number of statesdivided by 2n . Note that
this producesa changeonly in DARBNs and DGARBNs
(since all other RBNs have 2n states), setting them in
valuescomparableto the onesin the other RBNs. These
results can be seenin Figure 7 and Figure 8.

The values of ARBNs and GARBNs are the sameas
the ones in Figure 3 and Figure 4, since the states in
attractors are point attractors. Again we can seethat
the period of the cycle attractors are higher for RBNs
than for DGARBNs, and these are a bit higher than
the ones of DARBNs. In deterministic RBNs we can
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seethat the number of states increaseswith k. They
also seemto increasewith n, but CRBNs increasethis
number much faster than the normalizedDGARBNs and
DARBNs. This increment for the deterministic networks
(as we increasen) appears to be linear. The steepness
of this increment seemsto be increasedwith k. But as
we have seen,the percentage of states in deterministic
attractors decreaseswith n, since the number of states
of the network is doubled for each node we add to the
network.

Finally, weobtained the percentageof the initial states
which did not reach an attractor (after more than 10000
time steps). The results can be appreciated in Figure
9 and Figure 10. All CRBNs reached an attractor, and
very few DARBNs and DGARBNs had attractors of pe-
riod larger than 200 (less than 0.1%, only in large net-
works), sothe interesting resultsareonly for ARBNs and
GARBNs. This percentage re
ects the sizeof the basins
of attraction of their point attractors (that is, the states
which do reach an attractor), and of coursethe size of
the basinsof attraction of the looseattractors. It seems,
but is not clear, that the percentage of states which do
not reach point attractors increasesas n does. On the
other hand, it is obvious that there is a lower probabil-
it y to reach a point attractor when point attractors are
harder to �nd (k = 3).
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Figure 5: Percentage of states in attractors.
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Figure 6: Percentage of states in attractors.

From the information gathered in all thesecharts, we
canseethat there is a regular order (with very few excep-
tions) on the number of attractors, and states in attrac-
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Figure 7: States in attractors (relativ e).
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Figure 8: States in attractors (relativ e).

tors for the di�eren t typesof RBNs. CRBNs are on top,
having the highest number of attractors and states in at-
tractors. On the bottom, there are ARBNs, which have
the lowest values. In the middle of the rest, there are
DARBNs, and the generalizedversionsare in the spaces
left in between,but very closeand above DGARBNs of
DARBNs and GARBNs of ARBNs.

The reasonof this can be explained with the di�eren t
updating schemes.RBNs with non-deterministic updat-
ing will have lessdeterministic attractors becausethey
can only have point attractors. Anyway, GARBNs have
a slightly higher probabilit y than ARBNs to reach one
faster sincetheir updating is semi-synchronous,and this
should enlarge their basins of attraction. Since RBNs
with deterministic updating have cycle attractors, this
explains why they have more attractors and states in
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Figure 9: Percentage of initial states not reaching a de-
terministic attractor.
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Figure 10: Percentage of initial states not reaching a
deterministic attractor.

attractors than non-deterministic ones. But we can see
that thesenumbers increasefrom asynchronousto semi-
synchronous to synchronous. The lack of synchronicit y
increasesthe complexity of the RBN, becausewe need
parameters p and q to make the updating, enhancing
the number of possiblestatesand interactions. And this
complexity changes the attractor basins, transforming
and enlarging them. This reducesthe number of attrac-
tors and states in attractors.

Possible Net works and Statistics

We saw that for a speci�c network with homogeneous
connectivity, there are n2k (binary) values in the rules
of the network. Therefore, there are 2n 2k

possiblenet-
works.

For any �xed n and k, if we change the connectivity,
we will have networks redundant with these2n 2k

(in the
number of attractors, attractor basins,etc.). Thus, if we
are not interested in the particular connectivity, but on
the generalproperties of RBNs, we will �nd \only" 2n 2k

equivalent networks. To get a broad picture of how fast
the number of possiblenetworks grow, Table 3 shows the
number of possiblenetworks for small n's and k's.

As we can see,the number of possiblenetworks grows
tremendously fast. So, if we manageda statistical space
of only 1000samplenetworks, how representativ e will it
be for n = 8; k = 3, if our sampleis roughly 1:84� 10� 16

of the possiblenetworks?
For testing how diverse our di�eren t samples were,

we compared several samples of the same values of n
and k, in order to seehow much do they diverge. Par-
ticularly , we made �v e samplesof 1000 networks with
n = 4; k = 4, where the number of possiblenetworks is
1:84 � 1019. For the averagenumber of attractors, we
calculated the percentage of the di�erences betweenthe
maximum and minimum values,and the maximum and
the averagevalues,obtained in the samples.The results
canbe appreciatedin Figure 11. Note that the di�erence
between the averageand the minimum is the di�erence
between the two calculated di�erences. Therefore, the
samplespaceis a bit skewed. Anyway, we could see(at

least for this case)that the farthest we can get from an
average value is less than 5%, even when our samples
are taking 1:84 � 10� 16 of the possiblenetworks. This
meansthat the global properties of RBNs are very uni-
form. This is, it is not that there are no networks with n
attractors, but there is only one. There are alsovery few
networks with all their states in an attractor, and there
are many networks with the characteristics we extracted
in our experiments. All the values that we extracted in
di�eren t trials in our experiments alsowerevery closeto
each other.

Also, since the plots we obtained for attractor den-
sity (Figures 3{8) �t very well with linear or exponential
curves, it appears that our statistics match the actual
attractor density without much error. This is not the
casefor Figures 9{10.

Figure 11: Percentagesof di�erences between �v e sam-
ples of 1000networks (number of attractors).

Mapping Deterministic RBNs to CRBNs
If a RBN is deterministic, we can map it to a CRBN. Of
course,this is interesting only if the RBN is a DARBN
or a DGARBN.

Perhapsthis is not optimal, but a way of obtaining the
samebehaviour of a DARBN or DGARBN of speci�c n,
k, p's, and q's is to createa CRBN of n+ m nodesand k+
m connectivity, where 2m � LCM( pi ). We usethe least
commonmultiple of all p's in order to contemplate all the
possiblecombinations of di�eren t nodesbeing updated,
but in speci�c networks this might be redundant. The m
nodesto be addedshould encode in binary basethe time
modulus LCM( pi ). What was a function of time in the
DARBN or DGARBN, now is a function in the network.
Of coursethere is a redundancy at least when in the m
nodesencoding time there is a binary value greater than
LCM( pi ).

In Table 4 we can appreciate the mapping to a CRBN
of the DARBN with transitions shown in Table 2 and
graph in Figure 2. Table 5 shows the mapping for the
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net(t) net(t + 1)

111 110
101 000
011 010
001 100
110 111
100 001
010 001
000 111

Table 4: Map of DARBN
to CRBN

net(t) net(t + 1)

111 110
101 000
011 010
001 100
110 111
100 011
010 001
000 101

Table 5: Map of
DGARBN to CRBN

caseof the respective DGARBN. The node m (2m �
LCM( pi ); LCM( pi ) = 2; m = 1) which is added is shown
in grey. TheseCRBNs havethe samebehaviour than the
deterministic non-synchronous networks from Figure 2,
but the network itself is more complex (n = 3; k = 3).

It would be too rushed to say that therefore all deter-
ministic non-synchronousRBNs can be seenas CRBNs,
sincewe do not know how redundant the proposedmap-
ping is, and therefore the complexity of the network
might be increasedtoo much. It should still be studied
how similar are the properties of CRBNs and determin-
istic RBNs mapped to CRBNs.

We can seethat the fact that CRBNs have a higher
attractor density is related to the fact that DARBNs and
DGARBNs are more complex than a CRBN of the same
n and k (becauseof the p's and q's). As we have seenin
our experiments, the attractor density of RBNs decreases
exponentially as we increasen. If we want to map the
behaviour of a deterministic non-synchronous RBN to
a CRBN, we need to add m nodes (2m � LCM( pi )),
and such CRBN would seeits attractor density reduced,
just as DARBNs and DGARBNs have a lower attractor
density.

Unattended Issues
In order to understand better the di�erences of the dif-
ferent types of RBNs, we should also study how sim-
ilar or di�eren t are the attractor basins of the RBNs
as we change the updating schemes. From our expe-
rience, we have seenthat sometimesthey can be very
similar, and sometimes very di�eren t, but we do not
have yet any clear criteria for determining when each of
these takes place. Also, for non- deterministic RBNs,
di�eren t attractor basins might overlap (but not the
attractors!). Tools such as DDLab (Wuensche 1997;
1998) have proven to be very useful for studying attrac-
tor basinsand many other properties of CRBNs and CA.
Similar tools should be developed for studying further
properties of di�eren t types of RBNs, such as Garden-
of-Eden densities. Also, to our knowledge,the basinsof
looseattractors are an area virgin for formal study. The
study of order-complexity-chaos in the types of RBNs

de�ned here also needsto be addressed. The study of
non-homogeneousRBNs and hybrid RBNs should also
increase our understanding of these models. Finally,
since cellular automata could be seen as special cases
of RBNs, the results presented here can be applied for
understanding the di�erences caused by the updating
schemesof cellular automata.

Becauseof the computational complexity of RBNs,
it is di�cult to study their mathematical properties
straightaway. We believe this is a challenge for math-
ematicians, which could be addressedwith the aid of
our software laboratory. For example, it would be very
useful to �nd formulae for determining the information
we obtained statistically for any given n and k, espe-
cially for non-deterministic RBNs, where statistics seem
to be more evasive. This would also validate or nullify
the results presented here.

All these issuesshould be addressedif we desire to
increaseour understanding of RBNs.

Conclusions

In this work wepresented the �rst proposedclassi�cation
of di�eren t types of random boolean networks, depend-
ing on the synchronicit y and determinism of their up-
dating schemes. While doing so, we de�ned three new
types of RBNs: DARBNs, GARBNs, and DGARBNs.
Using a software laboratory we developed (source code
available), we obtained someof the generalproperties of
the di�eren t RBNs through statistical analysis,noticing
when they have similarities and di�erences, but further
study is required to fully understand all the properties
of di�eren t RBNs.

CRBNs and ARBNs are di�eren t mostly becausethe
�rst onesare deterministic and the secondare not, but
CRBNs are not that di�eren t to non-synchronous de-
terministic RBNs. DARBNs are much more similar to
CRBNs than to ARBNs. We agreeto the critics to syn-
chronousCRBNs in the sensethat when they are usedto
model any phenomena,their synchronicit y needsto be
justi�ed somehow. But as we have seen,asynchronous
DARBNs are similar to CRBNs, becauseboth are deter-
ministic, as opposedto ARBNs. Of course,while mod-
elling, the choice for deterministic or non- deterministic
RBNs should be also justi�ed.

Particularly , Stuart Kau�man's work (1993) was crit-
icized (Harvey & Bossomaier1997) becauseit assumed
that genetic regulatory networks were synchronic. We
agreewith the critic that the synchronicit y was an as-
sumption without a base, but we do not believe that
genetic regulatory networks are random. They should
be most probably modelled better with DARBNs, if we
can model the updating periods for each gene. But one
of the main results of Kau�man was that the number of
attractors on CRBNs could explain why there are very
few cell types in comparison with all the possible ini-
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nnk 0 1 2 3 4 5 6

1 2 4
2 4 16 256
3 8 64 4096 1:68� 1007

4 16 256 65536 4:29� 1009 1:84� 1019

5 32 1024 1048576 1:10� 1012 1:21� 1024 1:46� 1048

6 64 4096 16777216 2:81� 1014 7:92� 1028 6:28� 1057 3:94� 10115

7 128 16384 2:68� 1008 7:21� 1016 5:19� 1033 2:70� 1067 7:27� 10134

8 256 65536 4:29� 1009 1:84� 1019 3:40� 1038 1:16� 1077 1:34� 10154

9 512 262144 6:87� 1010 4:72� 1021 2:23� 1043 4:97� 1086 2:47� 10173

10 1024 1048576 1:10� 1012 1:21� 1024 1:46� 1048 2:14� 1096 4:56� 10192

Table 3: Possibleequivalent networks for n nodesand k connections(2n 2k
).

tial states of their genes.Sincethe number of attractors
in DARBNs is very close to the ones in CRBNs (and
the number in DGARBNs is much closer,sincethey are
semi-synchronic), we can say that this particular result,
still holds (perhaps with minor adjustments), since the
number of attractors does not depend too much in the
synchronicit y of the updates, as they depend on their
determinism.
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