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Abstract

We propose a geometric growth model which interpolates between one-
dimensional linear graphs and small-world networks. The model undergoes a
transition from large to small worlds. We study the topological characteristics
by both theoretical predictions and numerical simulations, which are in
good accordance with each other. Our geometrically growing model is a
complementarity for the static WS model.

PACS numbers: 89.75.—k, 02.10.0x, 89.75.Fb

(Some figures in this article are in colour only in the electronic version)

1. Introduction

Many real-life systems display both a high degree of local clustering and the small-world effect
[1-6]. Local clustering characterizes the tendency of groups of nodes to be all connected to
each other, while the small-world effect describes the property that any two nodes in the system
can be connected by relatively short paths. Networks with these two characteristics are called
small-world networks.

In the past few years, in order to describe real-life small-world networks, a number of
models have been proposed. The first and the most widely studied model is the simple and
attractive small-world network model of Watts and Strogatz (WS model) [7], which triggered
a sharp interest in the studies of the different properties of small-world networks such as the
WS model or its variations. Many authors tried to find more rigorous analytical results on the
properties of either the WS model or on its variants that were easier to analyze or captured
new aspects of small-worlds [8—16]. The WS model and its variants may provide valuable
insight into some real-life networks showing how real-world systems are shaped. However,

1751-8113/07/3911863+14$30.00 © 2007 IOP Publishing Ltd  Printed in the UK 11863


http://dx.doi.org/10.1088/1751-8113/40/39/011
mailto:zhangzz@fudan.edu.cn
mailto:sgzhou@fudan.edu.cn
http://stacks.iop.org/JPhysA/40/11863

11864 Z Zhang et al
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Figure 1. Scheme of the growing network for the case of ¢ = 0.5, showing the first four steps of
the iterative process. The dashed lines denote the removed edges.

the small-world effect is much more general; it is still an active direction of research to explore
other mechanisms producing small-world networks.

As known to us all, real systems have a common property of growth [17]. In particular,
the number of nodes in some real-life networks increases exponentially with time. The World
Wide Web, for example, has been increasing in size exponentially from a few thousand nodes
in the early 1990s to hundreds of millions today. To our knowledge, almost all previous
models of small-world networks were static (not growing)—they ignored an important aspect
of network growth. Therefore, it is interesting to establish an exponentially growing network
model for small-world networks, which undergoes a transition from a large to a small world
as the classic WS small-world model.

In this paper, we intend to fill the gap by proposing a simple geometric growth network
model controlled by a tunable parameter g. As in the WS model, by tuning the parameter g,
our model undergoes a phase transition with increasing number of nodes from a ‘large-world’
regime in which the average path length (APL) increases linearly with system size, to a ‘small-
world’ one where the APL increases logarithmically. We study analytically and numerically
the structural characteristics, which depend on the parameter q.

Our model is probably not as much a model of a real-world system as an example of vast
variety of structure within the class of networks defined by a degree distribution, but it is the
first geometrically growing model that exhibits similar phenomena as the famous WS model.
Thus, it may be helpful in establishing more realistic growing small-world models for real-life
systems in future research.

2. The network model

The network model is generated by decimating semi-ring, which is constructed in an iterative
way as shown in figure 1. We denote our network after # (r+ > 0) time steps by N,. The
network starts from an initial state (r = 0) of two nodes, which are distributed on both ends
of a semi-ring and connected by one edge. For t > 1, N, is obtained from N;_; as follows:
for each existing internode interval along the semi-ring of N,_;, a new node is added and
connected to its both end nodes; at the same time, for each existing internode interval, with
probability ¢, we remove the edge linking its two end nodes, previously existing at step  — 1.
The growth process is repeated until the network reaches the desired size.

When g = 1, the network is reduced to a one-dimensional linear chain. For ¢ = 0, no
edge is deleted, and the network grows deterministically, which allows one to exactly calculate
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its topological properties [18-31]. As we will show below that in the special case of ¢ = 0
the network is small-world. Thus, varying ¢ in the interval (0,1), we can study the crossover
between the one-dimensional regular linear graph and the small-world network.

Now we compute the number of nodes and edges of N,. We denote the numbers of newly
added nodes and edges at step ¢ by L,(¢) and L,.(¢), respectively. Thus, initially (r = 0),
we have L,(0) = 2 nodes and L.(0) = 1 edge in Ny. Let N.(¢) denote the total number of
internode intervals along the semi-ring at step ¢, then N.(0) = 1. By construction, we have
L,(t) = N.(t — 1) for arbitrary #+ > 1. Note that, when a new node is added to the network,
an interval is destroyed and replaced by two new intervals; hence we have the following
relation: N (t) = 2N.(t — 1). Considering the initial value N.(0) = 1, we can easily get
N.(t) = L,(t+1) = 2. On the other hand, the addition of each new node leads to an addition
of two new edges with probability 1 and removal of one old edge with probability ¢, which
follows that L.(t) = (2 — g)L,(t) = (2 — g)2'~. Therefore, the number of nodes V, and the
total of edges E; in N, are

t
Vo= Lyt =2+1 (D
lj:()
and
t
E; =Y L(t)=Q2—q)2 +q—1, )
t;=0

respectively. The average node degree is then
2F, 3-2q
kyy=—=(04-2q) — .
k=0 = @4 =29) = 55
For large ¢ and arbitrary g, it is small and approximately equal to 4 — 2¢g. Note that many

real-life networks are sparse in the sense that the number of edges in the network is much less
than V,(V; — 1)/2, the number of all possible edges [1-6].

3)

3. Structural properties

Below we will find that the tunable parameter g controls all the relevant properties of the
model, including degree distribution, clustering coefficient and average path length.

3.1. Degree distribution

The degree distribution P (k) is defined as the probability that a randomly selected node has
exactly k edges. For g = 1, all nodes (except the initial two nodes created at step 0) have
the same number of connections 2; the network exhibits a completely homogeneous degree
distribution.

Next we focus the case 0 < g < 1. Let k;(#) denote the degree of node i at step . If
node 7 is added to the network at step #; (#; > 1), then, by construction, k; (¢;) = 2. In each of
the subsequent time steps, there are two intervals with one at either side of i. Each of the two
intervals will create a new node connected to 7, and each edge connecting the end nodes of the
intervals could be considered to be deleted with probability ¢. Then the degree k; (¢) of node i
satisfies the relation

ki(t) = ki(t — 1) +2(1 — q). “4)
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Figure 2. Semilogarithmic graph of the cumulative degree distribution of the network N7 for
different g. All the networks have size 131 073. The solid lines are the analytic calculation values
given by equation (8).

It should be mentioned that equation (4) does not hold true for the two initial nodes created
at step 0. But when the network becomes large, these few initial nodes have almost no effect
on the structural characteristics. Considering the initial condition k;(#;) = 2, equation (4)
becomes

ki(t) =2+2(1 —q)(r — ;). (&)

The degree of each node can be obtained explicitly as in equation (5), and we see that this
degree increases at each iteration. So it is convenient to obtain the cumulative distribution [4]

Pem(k) = > P(K), 6)

k'=k
which is the probability that the degree is greater than or equal to k. An important advantage of
the cumulative distribution is that it can reduce the noise in the tail of probability distribution.

Moreover, for some networks whose degree distributions have exponential tails, P (IE) ~ ekl s
the cumulative distribution also has an exponential expression with the same exponent:
o0 [o¢] .
Panm(®) = ) P(K) ~ ) et/ ~ et ™
K=k k'=Fk

This makes exponential distributions particularly easy to spot experimentally, by plotting the
corresponding cumulative distributions on semilogarithmic scales.

Using equation (5), we have Poum(k) =Y 0, P(k) = P({' <t =1— ﬁ) Hence

T T ’
L,(t 2 211 -
Peum (k) = Z “) = + Z = 272:(1*211) . (8)

Y t
= Vi 20+ 1 1,212+1

The cumulative distribution decays exponentially with k. Thus the resulting network is an
exponential network. Note that many small-world networks including the WS model belong
to this class [10].

In order to confirm the analytical prediction of the cumulative degree distribution, we
performed numerical simulations of the networks. In figure 2, we report the simulation results
of the cumulative degree distribution for several values of g. From figure 2, we can see that the
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cumulative degree distribution decays exponentially, in agreement with the analytical results
and supporting a relatively homogeneous topology similar to most small-world networks
[10, 13-15].

3.2. Clustering coefficient

By definition, the clustering coefficient [7] C; of a node i is the ratio of the total number e¢; of
edges that actually exist between all its k; nearest neighbors and the number k; (k; — 1)/2 of
all possible edges between them, i.e., C; = 2e¢;/[k;(k; — 1)]. The clustering coefficient (C) of
the whole network is the average of all individual C;’s.

For the case of ¢ = 1, the network is a one-dimensional chain, the clustering coefficient
of an arbitrary node and their average value are both zero.

For the case of ¢ = 0, using the connection rules, it is straightforward to calculate exactly
the clustering coefficient of an arbitrary node and the average value for the network. When
a new node i enters the network, k; and e¢; are 2 and 1, respectively. After that, if the degree
k; increases by 1, then i’s new neighbor must connect to one of its existing neighbors, i.e., ¢;
increases by 1 at the same time. Therefore, ¢; equals to k; — 1 for all nodes at all steps. So
there exists a one-to-one correspondence between the degree of a node and its clustering. For
anode v of degree k, the exact expression for its clustering coefficient is 2/ k, which indicates
that the local clustering scales as C(k) ~ k~!. It is interesting to note that a similar scaling
has been observed empirically in a variety of real-life networks [24].

The power-law behavior of local clustering indicates a hierarchical and modular structure
of this particular small-world network. Note that a similar clustering property has been
previously observed in some other deterministic network models such as the pseudofractal
scale-free web (PSFW) proposed by Dorogovtsev, Goltsev and Mendes [19], which was
extended in [20, 21]. Although both this network and PSFW are hierarchical, and both of
them have small average path length, as shown in the next subsection, they belong to different
categories; our network is an exponential network while PSFW is a scale-free one.

Clearly, the number n(C,t) of nodes with clustering coefficient C =
L34 A b 2 s equal to Ly(), Ly(t — 1), Ly(t — 2),..., Ly(2), Ly(1), Ly(0),
respectively. Therefore, the clustering coefficient spectrum of nodes is discrete. Using this
discreteness, it is convenient to work with the cumulative distribution of clustering coefficient
[19] as

1 1\€
Weun(€) = v 3 n(C'1) =2 (5) : ©)
" ecge

where C and C’ are the points of the discrete spectrum. The average clustering coefficient
(C), can be easily obtained for arbitrary ¢:

<C>z=i[Zl-Lv(rﬂ—m%Lv(m]

Vi =1 t+
1 1 1 1 1 1 1 2 2
~]l -4+ — 4 — s — e — e — F — . —
2 2 22 3 23 t 20 41 2
1y 2 2
= -l=z) +— = (10)
— i \2 r+1 2
For infinite ¢, (C) = —In (1 — %) = In 2, which approaches a constant value 0.6931, and

so the clustering is high.



11868 Z Zhang et al

0 0.2 0.4 0.6 0.8 1
q

Figure 3. The clustering coefficient C of the whole network as a function of g.

In the range 0 < g < 1, it is difficult to derive an analytical expression for the clustering
coefficient either for an arbitrary node or for their average. In order to obtain the result of
the clustering coefficient C of the whole network, we have performed extensive numerical
simulations for the full range of ¢ between 0 and 1. Simulations were performed for network
N7 with size 131 073, averaging over 20 network samples for each value of g.

In figure 3, we plot the clustering coefficient C as a function of g. It is obvious that C
decreases continuously with increasing g. As ¢ increases from 0 to 1, C drops almost linearly
from 0.6931 to 0. Note that although the clustering coefficient C changes linearly for all g,
we will show below that in the large limit of ¢, the average path length changes exponentially
as ¢ . This is different from the phenomenon observed in the WS model where C remains
practically unchanged in the process of the network transition to a small world.

3.3. Average path length

We represent all the shortest path lengths of N; as a matrix in which the entry d;; is the geodesic
path from node i to node j, where the geodesic path is one of the paths connecting two nodes
with minimum length. A measure of the typical separation between two nodes in N, is given
by the average path length d,, also known as characteristic path length, defined as the mean
of geodesic lengths over all couples of nodes:

. S
dy=—" (11)
Vi(Vi = 1D/2
where
Ss= > dy (12)
i#], €N, JEN,

denotes the sum of the chemical distances between two nodes over all pairs. For general ¢,
there are some difficulties in obtaining a closed formula for d;,. For ¢ = 1 and ¢ = 0, the
networks are deterministic, which allows one to calculate d, analytically.

3.3.1. Case of g = 1. For this particular case, the network is a linear chain (graph) which
has two nodes with degree 1 at both ends of the chain and V; — 2 nodes with degree 2 in the
middle. For convenience, we denote the total distances between all pair of nodes and average
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Figure 4. For ¢ = 0, the network after 7 + 1 step iterations, N4, is composed of two copies of N,
denoted as N,(l) and N,(z), which are connected to each other as above.

path length of a linear chain with n nodes as o (n) and [(n), respectively. We label each node

in the linear graph with size n from one end to the other as v = 1,2, ...,n — 1, n. Then we
have the following equation:
on+1)=0om)+6,, (13)

where 6,, is defined as

- " nm+)
On =D diy =) i =———. (14)
i=1 i=1

Then the solution of equation (13) is

n—1 n—1
o(n) =o(2)+29m - 1_,_2@
m=2 m=2
1 n—1 n—1
= 1-}-5 (Zm2+zm>
m=2 m=2
RRICEUES)
. 6 (15)
Thus
" S +1’ (16)

nn—1/2 3

which increases linearly with network size.

3.3.2. Case of ¢ = 0. Inthe special case, the network has a self-similar structure that allows
one to calculate d, analytically [32]. As shown in figure 4, the network N,,; may be obtained
by joining two copies of N;, which are labeled as N,(“) with @ = 1, 2. Then we can write the

sum S;,; as
Sir1 =28+ Ay, (17)
where A, is the sum over all shortest paths whose endpoints are not in the same N, branch.
The solution of equation (17) is
-1
S =218+ ) 27"A,,. (18)
m=1
The paths that contribute to A, must all go through at least one of the three edge nodes

(A, B, D) at which the two branches N,(l) and N,(z) are connected. Below we give the
analytical expression for A;, called the crossing paths.
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We define
tot __ E
df = diA,
ieN?®
near __ § : near __ § :
dt = diA7 Vt = 1,
ien® ien®
dip<dip dip<dip
) i 19)
mid _ mid _ (
dM = E dia, Vi = E 1,
ienV ien"
dia=dip dip=dip
far __ far _
d" = E dia, V5 = E 1,
ien® ien)
dip>dip dip>dip

so that d'°" = d" + dMd + d" and V, = Ve + ymid 4yt By symmetry Vi = Vo
Thus,

A = Z dij = Z (dia+daj) + Z (dia +daj)

ien{" jen® ien{V jen? ieN D jenP i, j2A
ij#A i j#A.djp <dip dip>dip.dja<djp
+ E (dip+1+ dBj)
ieN D jen? i, j2a

dip>dip.djp>djp

= > [(Vi=Ddis+d]

ieN D iza
dip<dip

+ § : [(thear + Vtmld _ l)diA +dtnear +dtmld]
ieN D iza
dip>dip

+ Z [‘/vtnear(diD+l)+dtrlear]

ist”j#A
dip>dip

— (Vt _ 1)(dtnear + dtmid) + (thear + Vtmid _ 1)dtt0t
+ (thear + Vtmid _ 1)dtfar + thear (d;lear + d[mid)
+ thear ( dtnear + V}near) + thear dtnear. (20)

Having A, in terms of the quantities in equation (19), the next step is to explicitly determine
these quantities. We consider a node i € N,(l) and the shortest-path distances to A and D,
i.e., dis and d;p. After step t; when the node i was generated, the values of d;4 and d;p do
not change at subsequent steps, since the shortest paths are always along the edges added
earliest. We see this in figure 5, where the nodes are labeled by the ordered pairs d; 4, d; p, for
the first three iterative steps. We denote by a;, . the number of nodes added at step ¢ which
have d;4 = m,d;p = m’. Since A and D are connected, m’ and m can differ by at most 1.
Thus for a given m there are three categories of nodes added at step ¢, respectively numbering
Ay, st @y oy and a) o By symmetry a;, = ay, .. The m, m’ values of nodes added at
step ¢ depend on the neighbor nodes, which were added at previous steps. For example, there

is one node added at step ¢ (+ > 2) which is a nearest-neighbor of A; so this new node has
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A D

Figure 5. The first three steps of the network with ¢ = 0, with the nodes labeled by ordered pairs
denoting the shortest distance to the left and right end nodes.

m = 1,m" = 2, giving a; , = 1. Nodes with m = 1, m" = 2 will in turn get neighbors with
m =2, m’ = 3 in subsequent steps. The relationship between a§,3 and a’fﬁz fork <tis
-2
ahy =Y 2af,=2(t—3). (21)
k=2
Similarly,
-2
ay, =) 2ay;=2(t—4)(t—5). (22)
k=4

Since nodes with distances m, m + 1 do not appear before step = 2m, the sum over a’z‘,3 starts
at k = 4. Proceeding in this way, for general m > 1 and ¢t > 2m,

2m=1(t —m — 1)!

t—2
t 2 : k
am,m+l = 2’am—l,m = | "
o) (m— D! —2m)!

(23)

The value of aé, yis 1 fort = 0 and O for t > 0. Analogously, for general m > 2 and
t>2m—1,
P 2=t —m —1)!
I (m =2t —2m+ 1)
The value of @] | is 1 fort = 1 and 0 for 7 > 1.
As derived in the appendix, we can obtain the quantities in equation (19),

(24)

a

1 1
1 lk/2) 52’ + 3 t is odd
thear = Z Z afn,m+1 = 1 2
k=1 m=0 —2' 4+ =, t is even
3 3
1 1
' 1 lk/2) 32’ + 3 tis odd
k=1 m=1 =2 — —, f is even
3 3
1 1 1 1
k)2 57 ﬁzf - 5; + §t -2 t is odd
dtnear = Z Z maf];z,mﬂ = 1 1 1 1
k=1 m=0 — — 2 412", t is even

27 27 9 9
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5 5.2 1 .
t |k/2] E-i-ﬁz +§I+§t'2, t is odd
mid __ k —
dl - Z Z mam,m - 11 5 1
k=1 m=1 —+ =2 ——t+—1-2, t is even,
27 54 9 18

(25)
where | x| denotes the largest integer < x and the different results for  odd and even are given
consecutively, and

t lk/2]

A" =" (m+ D), g =+ Ve (26)
k=1 m=0

Substituting the results of equation (25) into equation (20), we can obtain

A, =%[—5—3(—1)’+12-2’+14-22’+12t-4’]. (27)
Substituting equation (27) for A,, into equation (18), and using S; = 3, we have
5 = 2.2+ L(4 =522 —10-2"+61 -2 +61-2%), 1 is odd, 08)
2204 (6 —5-22—10-2"+61 -2 +61-2%), 1 is even.

Inserting equation (28) into equation (11), we obtain the exact expressions for average path
length d, which is of the form

17+227" — 5.2+ 6¢(1 +29)

o +27) s ¢t 1s odd,
d_t = (29)
17432177 5.2+ 61(1 +2) .
, t is even.
9(1 +2)
In the infinite network size limit (t — 00),
di~3—3~2mV, - 3. 30)

Thus, the average path length grows logarithmically with increasing size of the network. This
logarithmic scaling of d, with network size, together with the large clustering coefficient
obtained in the preceding section, shows that in the case of g = 0 the graph is a small-world
network.

3.3.3. Caseof 0 < g < 1. For0 < g < 1, in order to obtain the variation of the average path
length with the parameter g, we have performed extensive numerical simulations for different
q between 0 and 1. Simulations were performed for network N5 with size 16 385, averaging
over 20 network samples for each value of ¢g. In figure 6, we plot the average path length as a
function of g. We observe that, when ¢ is decreased from 1 to 0, the average path length drops
drastically from a very high value a small one, which predicts that a phase transition from a
large world to a small world occurs. This behavior is similar to that in the WS model.

Why is the average path length low for small ¢? The explanation is as follows. The older
nodes that had once been the nearest neighbors along the semi-ring are pushed apart as new
nodes are positioned in the interval between them. From figure 1 we can see that when new
nodes enter into the networks, the original nodes are not near but, rather, have many newer
nodes inserted between them. When ¢ is small, the network growth creates enough ‘shortcuts’
(i.e. long-range edges) attached to old nodes, which join remote nodes along the semi-ring as
in the WS model [7]. These shortcuts drastically reduces the average path length, leading to a
small-world behavior.
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Figure 6. Graph of the dependence of the average path length on the tunable parameter q.

4. Conclusions

In summary, we have presented and studied a one-parameter model of the time evolution of
geometrically growing networks. The presented model interpolates between one-dimensional
regular chains and small-world networks, which allow us to explore the crossover between
the two limiting cases. We have obtained the analytical and numerical results for the degree
distribution and clustering coefficient, as well as the average path length, which are determined
by the model parameter g. The observed topological behaviors are similar to those in the WS
model.

Our model may provide a useful tool to investigate the influence of the clustering
coefficient or average path length in different dynamics processes taking place on networks. In
addition, using the idea presented here, we can also establish a scale-free network model which
undergoes two interesting phase transitions: from a large world to a small world, and from a
fractal topology to a non-fractal structure [33—35]. The details will be published elsewhere.

Acknowledgments

The authors would like to thank Tao Zou for preparing this manuscript. This research was
supported by the National Basic Research Program of China under grant no 2007CB310806,
the National Natural Science Foundation of China under grant nos 60496327, 60573183 and
90612007, the Postdoctoral Science Foundation of China under grant no 20060400162, the
Program for New Century Excellent Talents in University of China (NCET-06-0376) and the
Huawei Foundation of Science and Technology (YJCB20070311IN).

Appendix. Derivations of V,"**" and d}*"

In this appendix, we give the computation details of V" and d°*, respectively. Other
quantities in equation (19) can be derived analogously. Here we only address the case of even
t = 2T (T is positive integer). For odd ¢, we can proceed in the same way.
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1 near 1 t t
First, we compute V,***. We rewrite a,, ., and q,, ,, as

am w1 =2"71C 2m <1 (A1)
m=2"2C0 0 2m < t+1. :
For even t = 2T, we have
thear Z Z am m+1 (m 1) + l(A ltself)
k=1 2m<k
= Z Z am ,m+1 +1
T
DI I TIY
m=1k=2m
T
=> 2" Z Gl + 1. (A2)

m=1 k=2m

To find Z ieom C ,'{”:,;71, we use the approach based on generating functions [36]. We define

T
Gi(x) =Y (1+x) ", (A.3)
k=2m
and denote by z the coefficient of power of x” ! in G (x). Then, we have z = k oy ClL

At the same time, we can sum the items on the right-hand side of equation (A.3) and obtain
Gi(x) as

1 — (l +x)2T—2m+l

Gi(x) = 1+x)"!
1(x) e
1+ 2T —m __ 1+ m—1
=1+ A+ (A.4)
X
From equation (A.4), it is obvious that the coefficient of power of 2" Vin G (x) is Cor >
thus z = Zk —om Ci° ml , = C¥_,.. Then equation (A.2) can be written as
e = Z ey, (A5)

All that is left to obtain V""" is to evaluate the sum in equation (A.5), which is denoted as u.
In order to find u, we define

T
Go(x) =) 2" (14 x)* T x . (A.6)

m=1
Then u exactly equals the coefficient of the power of x” in G,(x). By summing over all m,
we get Go(x) as
2T+ x0T —xT(1 +x)?T
1-—x)(x+2)

_l 1 1 T T _ T 2T
_3<1_x+x+2>[2 1+x0)7 —xT(1+x0)2. (A7)

Ga(x) =
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And since
1 o0
—=1+x+x2+~~=2xt
X

and

we have u = %22T —

as shown in equation (25).

(A.8)

Next, we compute d;**" based on a similar derivation process of V"%, We rewrite d;"**

in the form

t
a k
dtnedr = Z Z mam,m+l(m 2 1)

k=1 2m<k

T
_ m—1,~m
= E m2" CYr
m=1

(A.9)

After above simplification, what is left is to find the sum over all m, which we denote as Q7.

Then

T
0r =Y mricy,

m=1

T
=y 2 ter -mcey,

m=1

m=1 m=1

1
§(2T D@27 +1) =207
Making using of Q| = 1, equation (A.10) can be solved inductively,

T-1
1
Or=(-=2""0,+ Z(—Z)T’m’lg(Zm + D™+ 1)

m=1

as given in equation (25).
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