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ABSTRACT. We present a new stochastic model for complex networks, based on a
spatial embedding of the nodes, called the Spatial Preferred Attachment (SPA) model.
In the SPA model, nodes have influence regions of varying size, and new nodes may
only link to a node if they fall within its influence region. The spatial embedding of the
nodes models the background knowledge or identity of the node, which will influence
its link environment. In our model, nodes can determine their link environment based
only on local knowledge of the network. We prove that our model gives a power law
in-degree distribution, with exponent in [2, c0) depending on the parameters, and with
concentration for a wide range of in-degree values. We show that the model allows
for edges that span a large distance in the underlying space, modelling a feature often
observed in real-world complex networks.

1. INTRODUCTION

Current stochastic models for complex networks, such as those described in [2, 3],
aim to reproduce a number of graph properties observed in real-world networks such as
the web graph. On the other hand, experimental and heuristic treatments of real-life
networks operate under the tacit assumption that the network is a visible manifestation
of an underlying hidden reality. For example, it is commonly assumed that communities
in a social network can be recognized as densely linked subgraphs, or that web pages
with many common neighbours contain related topics. Such assumptions imply that
there is an a priori community structure or relatedness measure of the nodes, which is
reflected by the link structure of the graph.

A common method to represent relatedness of objects is by an embedding in a metric
space, so that related objects are placed close together, and communities are represented
by clusters of points. Following a common text mining technique, web pages are often
represented as vectors in a word-document space. Using Latent Sematic Indexing, these
vectors can then be embedded in a Euclidean topic space, so that pages on similar topics
are located close together. Experimental studies [8] have confirmed that similar pages
are more likely to link to each other. On the other hand, experiments also confirm a
large amount of topic drift: it is possible to move to a completely different topic in a
relatively short number of hops. This points to a model where nodes are embedded in a
metric space, and the edge probability between nodes is influenced by their proximity,
but edges that span a larger distance in the space are not uncommon.

The Spatial Preferred Attachment (SPA) model proposed in this paper combines the
above considerations with the often-used preferential attachment principle: pages with
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high in-degree are more likely to receive new links. In the SPA model, each node is
placed in space and surrounded by an influence region. The volume of the influence
region is determined by the in-degree of the node. The volume of each region is scaled by
time, so the influence regions of nodes that do not gain new links will steadily decrease
in size. The decrease in the volume of influence regions is motivated by the fact that
topics space grows over time. A new node v can only link to an existing node w if v falls
within the influence region of u. If v falls within the influence region of u, then v will
link to u with probability p. Thus, the model is based on the preferential attachment
principle, but only implicitly: nodes with high in-degree have a large influence region,
and therefore are more likely to attract new links.

A random graph model with certain similarities to the SPA model is the geometric
random. graph; see [9]. In that model, all influence regions have the same size, and the
link probability is p = 1. Flaxman, Frieze, and Vera [6] supply an interesting geometric
model where nodes are embedded on a sphere, and the link probability is influenced
by the relative positions of the nodes. This model is a generalization of a geometric
preferential attachment models presented by the same authors in [5], which influenced
our model.

There are at least three features that distinguish the SPA model from previous mod-
els. First, a new node can choose its links purely based on local information. Namely,
the influence region of a node can be seen as the region where the associated entity
(such as a web page or scholarly paper) is wisible: only entities that are close enough
(in topic) to fall within the influence region will be aware of its existence, and thus
have a possibility to link to it. Moreover, a new node links independently to each node
visible to it. Consequently, the new node needs no knowledge of the invisible part of the
graph (such as in-degree of other nodes, or total number of nodes or links) to determine
its neighbourhood. Second, since a new node links to each visible node independently,
the out-degree is not a constant nor chosen according to a pre-determined distribution,
but arises naturally from the model. Third, the varying size of the influence regions
allows for the occasional long links, edges between nodes that are spaced far apart. This
implies a certain “small world” property.

1.1. The SPA model. We formally define the SPA model as follows. Fix parameters
m € N, the dimension, and p € [0, 1], the link probability. In addition, fix three positive
constants A, A; and As so that pA; < 1. Let S be the unit hypercube in R™, with
the torus metric d(-, -) derived from the L., metric. In particular, for any two points x
and y in R™,
d(z,y) =min{||z —y + ul|eo : v € {=1,0,1}"}.

The torus metric is chosen so that there are no boundary effects, and altering the metric
will not significantly affect the main results of the paper. The L., norm is chosen so
that every point on the boundary of the unit cube has equal distance 1/2 to the center
of the hypercube. However, the norm could be easily replaced by any of the L, norms,
with changes to only constants in our main results.

For each positive real number o < 1, and u € .S, define the ball around u with volume
« as

By(u) ={x € S: dlu,z) <714},
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where r, = /™ /2, 80 14 is chosen such that B, has volume «.

The SPA model generates stochastic sequences of graphs (G; : t > 0), where G; =
(Vi, Ey), and V; € S. Let d (v,t) be the in-degree of node v in Gy, and d*(v,t) its
out-degree. We define the influence region of node v at time ¢t > 1, written R(v,t), to
be the ball around v with volume

Ald’(v, t) + A2
t+ As ’

or R(v,t) = S if the right-hand-side is greater than 1.

The process begins at t = 0, with Gy being the empty graph. Time-step ¢, ¢ > 1, is
defined to be the transition between GG;_; and G;. At the beginning of each time-step t,
a new node v, is chosen uniformly at random (uar) from S, and added to V;_; to create
V;. Next, independently, for each node u € V;_; such that v; € R(u,t — 1), a directed
edge (vg, u) is created with probability p. Thus, the probability that a link (v, u) is
added in time-step ¢ equals p|R(u,t — 1)].

Because new nodes choose independently whether to link to each visible node, and
the size of the influence region of a node depends only on the edges from younger nodes,
the distribution of the random graph G,, produced by the SPA model with parameters
Ay, Ag, As, p,m is equivalent to the graph G, 44, produced by the SPA model with the
same values for Ay, Ay, p,m, but with A3 = 0, where the first A3 nodes have been
removed. Since the results presented in this paper do not depend on the first nodes, we
will assume throughout that Az = 0. In the rest of the paper, (Gy : t > 0) refers to a
sequence of random graphs generated by the SPA model with parameters Ay, As, p, and
m, and we assume Az = 0. We use the notation [n] for {0,1,...,n}. All logarithms are
in base e.

| R(v, 1) =

1.2. Main Results. We now state our main results on the SPA model, with proofs
deferred to the next section. We first prove that with high probability a graph G,
generated by the SPA model has an in-degree distribution that follows a power law.
We say that an event holds asymptotically almost surely (aas) if it holds with probability
tending to one as n — oo. An event holds with extreme probability (wep) if it holds
with probability at least 1 —exp(—0(log?n)) as n — co. We will often use the stronger
notion of wep in favour of the more commonly used aas, since it simplifies some of our
proofs. If we consider a polynomial number of events that each holds wep, then wep all
events hold. Let N;; denote the number of nodes of in-degree ¢ in G;. For an integer

n > 0, define
=it = ()

Theorem 1.1. Fiz p € (0,1]. Then for any i > 0,
E(N;n) = (14 0(1))cin,

where
1

= Tr oAy
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and for1 <1 <n,
i1

H JAL + Ay ()
1+ pAs + jpA;’

)

B p
14 pAs +ipAy

C;
j=0
Forv=0,...,15, wep

Ni,n = (1 + 0(1))0271,

Since ¢; = (1 + 0(1))@1’7(1+ﬁ) for some constant ¢, this shows that for large 4, the
expected proportion N;,,/n follows a power law with exponent 1+ }%, with concentra-
tion for all values of ¢ up to iy. If pA; = 10/11, then the power law in-degree exponent
is 2.1, the same as observed in the web graph (see [2, 3]).

The previous result characterizes the distribution of in-degrees in the graph. The
total number of nodes of a given in-degree (smaller than i) is tightly concentrated
around its mean. In the next result, we give a precise expression for the probability
distribution of the in-degree of the individual node v; born at time 4, in the case that
pA; < 1. No concentration result can be obtained here, but part (c) does give a bound
on the maximum value that the in-degree of any particular vertex can reach.

Let v; be the node added at time-step j and let d(vj,n) be the in-degree of this
node at the end of time-step n.

Theorem 1.2. If0 < pA; < 1, then the following hold.

(a) For1<j<n(l—log™'n) and0 <1< /flog™'n or forn(l1—log™'n) <j<n
andl = 0,1,

n n

P(d~(v;,n) = 1) = (1—|—O(log_1n))<l + (AZGAl) - 1) (Z)pA2 (1 - (i)pm (1+ O(log™ n))) .

(b) Forn(l —log™'n)<j<nandl > 2,
P(d vy, ) = 1) = (L4471 ),
(c) For all K > 0,
P(There exists j <n:d (vj,n) > Kuw*(n/j)PM) =0 <n*Ke‘18> _

Theorem 1.2(c) implies (taking K = log”n) that wep every node v; has in-degree at
most (n/§)P41 log* n. Conditional on this, items (a) and (b) characterize the distribution
of d(vj,n) for all j > log®n when pA; < 1/2 and for j > nP41721log®n when

Let M; = |E;|, the number of edges in Gy, and let m; = E(M;). Then we have that

d~ (Uj, t) pAlMt
t

t
A
E(My | M) =M+ p :

j=1

+ A
2:Mt+ +pA27

and so m; = 0, and for t > 1,

A
mii1 = My <]. + ]%) +pA2

l
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The (first-order) solutions of this recurrence are

pA2
ey L pA; <1

my, ~
nlogn, pA;=1.

Theorem 1.3. If pA; < 1, then aas the number of edges is concentrated around its
expected value:

M, = (14 o(1))m,,.

An important difference between the SPA model and many other models is that the
out-degree is not a parameter of the model, but is the result of a stochastic process.
Using the expression for m,, above, we can easily derive the expected out-degree of a
vertex v;. For example, this out-degree equals pAs/(1 — pA;) + o(1) if pA; < 1. Since
the expected out-degree is small, we do not expect concentration. The next result gives
bounds for the maximum out-degree in the graph.

Theorem 1.4. Aas

logn
(v Bt =R
Orgz%{mdeg (vi,m) 2 (1 O<1))ploglogn'

However, aas all nodes have out-degree O(log® n).
Theorem 1.5. Aas deg™ (v,,n) = O(log®n).

From Theorem 1.2, the number of nodes in a graph generated by the SPA model of
in-degree zero in G, is linear in n. In addition, with positive probability a new node
will land in a part of S not covered by any influence regions, and thus, have out-degree
zero. Therefore, the underlying undirected graph of GG, is not connected. In fact, we
expect that for the majority of distinct pairs u, v, there will not be a directed path from
u to v. Since this is a property also observed in the web graph, it does not detract from
the SPA model, but rather indicates that we should consider another variable rather
than diameter to indicate a “small world” property. Thus, we focus on the (geometric)
distance, in S, spanned by the links.

For a pair of points u,v € S. let L(u,v) be the length of the shortest curve embedded
in the surface of S that connects u and v. Define

L= Z L(ve, v;);
(ve,vi)EE:
that is, L; is the sum of the lengths of new edges added at time ¢ in the SPA model.

Note that L, is a continuous random variable.

Theorem 1.6. For the expectation of L, we have that
O(t~ min{1/m) if 1/m < 1/(pA;) — 1
E(L;) =< Ot min{l/mlogn) ifl/m=1/(pA;)—1
O(t~ min{l/m) if 1/m > 1/(pA;) — 1.
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Theorem 1.6 contrasts with the analogous result for graphs generated with a similar
process to the SPA model, but where all influence regions have volume d/t for d >
0 a constant. We call this the egalitarian model. In the egalitarian model, E(L;)
decreases much faster with ¢ than for the SPA model if pA; is large, specifically when
pAr > ;5. For example, if pA; = 1, then E(L;) = ©(1) for the SPA model, while
E(L;) = ©(t™/(m+1) for the egalitarian model.

Theorem 1.7. In the egalitarian model with influence regions of volume d/t for d > 0
a constant, we have that

E(Ly) = Ot ™).
2. PROOFS OF RESULTS
This section is devoted to the proofs of the theorems outline in the previous section.

2.1. Proof of Theorem 1.1. The equations relating the random variables N;; are
described as follows. As G consist of one isolated node, Ny; = 1, and N;; = 0 for
1> 0. For all t > 0, we derive that

A
E(Nogtt1 — Nog | Gi) = 1— No’tpTQ, (3)
Ai—1)+A A+ A
E(Nitt1 — Nig | Gi) = Ni—ip 1 t> 2 _pNj—— 2 " 2 (4)

Recurrence relations for the expected values of INV;; can be derived by taking the
expectation of the above equations. To solve these relations, we use the following
lemma on real sequences, which is Lemma 3.1 from [3].

Lemma 2.1. If (oy), (6;) and () are real sequences satisfying the relation

Qi1 = (1 — %) oy + Ve,

and limg ... By = 8> 0 and limy_.oo ¢ = 7, then limy ., G+ exists and equals ﬁ

Applying this lemma with a; = E(Ny:), 0 = pAs, and v, = 1 gives that E(Ny,) =
cot + o(t) with ¢y as in (1). For ¢ > 0, the lemma can be inductively applied with a; =
E(Niy), B = p(Avi+As), and 7y, = E(N;_ 1) 28222 6 show that E(Ni,) = cit+o(t),
where

A —1) + A
T p(A A
It is easy to verify that the expression for ¢; as defined in (1) and (2) satisfies this
recurrence relation.

We prove concentration for IV; ; when ¢ < ¢y by using a relaxation of Azuma-Hoeffding
martingale techniques. The random variables N;; do not a priori satisfy the c-Lipschitz
condition: it is possible that a new node may fall into many overlapping regions of
influence. Nevertheless, we will prove that deviation from the c-Lipschitz condition
occurs with exponentially small probability. The following lemma gives a bound for
|N;++1 — Nit| which holds with extreme probability.

C; = C
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Lemma 2.2. Wep the following inequality holds for all 0 <t <n — 1.
|Nity1 — Nig| < 2(A10+ As) log?n, for0<i<t.

Proof. Fix t, let i,j <, and let X|(,t) denote the indicator variable for the event that
v; has degree i at time ¢ and v, links to v;. Thus,

t t
Ni,tJrl - Ni,t = ZXJ(Z - 1,t> - ZXJ(Z,t>,
J=1 7=1

and so

t t
’Ni’tJrl - Ni,t| S max (Z X](Z — 1, t), ZXJ(Z7t)> . (5)
j=1 j=1

Let Z;(i,t) denote the indicator variable for the event that v,;; is chosen in the ball
of volume (A;i + Ay)/t around node v;. Clearly, if X;(i,t) = 1, then Z;(i,t) = 1 as
well, so X;(4,t) < Z;(i,t). Thus, to bound |N; ;1 — N; | it suffices to bound the values
of Z(i,t), where

Z(i,t) = Z Z;(i, ).

The variables Z;(i,t) for j = 1,...,t are pairwise independent. To see this, we can
assume the position of v;41 to be fixed. Then, the value of Z;(i,t) depends only on the
position of v;. Since the position of each node is chosen independently and uniformly,
the value of Z;(i,t) is independent from the value of any other Z; (i,t) where j # j'.
Therefore, Z(i,t) is the sum of independent Bernouilli variables with probability of
success equal to
Ayt + Ay

; :

Using Chernoff’s inequalities (see, for instance Theorem 2.1 in [7]), we can show that
wep Z(i,t) < Ayi + Ay + (Ayi + Ay)log®n < 2(Ayi + Ay)log®n. Using these bounds,
the proof now follows since by (5),

|Ni,t+1 — Ni,t| S maX(Z(z — ]_,t), Z(Z,t)) |:|

Let us mention that Theorem 1.5 can be used to improve the upper bound for |N;,, —
Nin-1| to O(log2 n) since the maximum change cannot be bigger than out-degree of
vertex v,.

To sketch the technique of the proof of Theorem 1.1, we consider Ny, the number
of nodes of in-degree zero. We use the supermartingale method of Pittel et al. [10], as
described in [11].

P(Z;(,t) = 1) =

Lemma 2.3. Let Gy, G, ...,G, be a random graph process and X; a random variable
determined by Gy, G1,...,G, 0 <t < n. Suppose that for some real 3 and constants
i
E(X; — X;1|Go,Gh,...,Gio1) < B
and
| Xy — X1 = Bl < v
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for 1 <t <n. Then for all o > 0,
2
P(ForsometwithOStSn:Xt—ontﬁ—i—a)Sexp(— a )

237

Theorem 2.4. Wep for every 1 <t < n, we have that

t
Nog = 7 Ay
Proof. We first transform Ny, into something close to a martingale. It provides some
insight if we define real function f(x) to model the behaviour of the scaled random
variable %No,m. If we presume that the changes in the function correspond to the
expected changes of random variable (see (3)), we obtain the following differential
equation

+ O(n'?log® n) = cot + O(n*?log®n) .

A
fl@) =1-fl@)=2
with the initial condition f(0) = 0. The general solution of this equation can be put in

the form
xl-i-pAz

pA2 _ —
f(iC)l' 1 -+ pAg C

Consider the following real-valued function

xl-i-pAz
6
1 + pAg ( )

(note that we expect H(t, Ny.) to be close to zero). Let w; = (t, Ny.), and consider the
sequence of random variables (H(w;) : 1 <i < n). The second-order partial derivatives
of H evaluated at w, are all O(tP42~1). Therefore, we have

H(Wi1) = H(wW;) = (Weyr — we) - grad H(w,) + 0771, (7)

where “” denotes the scalar product and grad H(w;) = (H,(wy), Hy(W,)).
Observe that from our choice of H, we have that

E(wii1 —wy | Gy) - grad H(w;) = 0.
Hence, taking the expectation of (7) conditional on Gy, we obtain that
E(H(Wii1) — H(w,) | Gi) = O,

H(x,y) = a2y —

From (7), noting that
grad H(w;) = (pAQtpArlNo,t - tpAQ, tpAQ) )

and using Lemma 2.2 (and the comment after the lemma) to bound the change in Ny,
we have that wep

|H(w1) — H(w,)| < tP220(log? n) + O(t742) = O(t**2 log® n).

Now we may apply Lemma 2.3 to the sequence (H(w;) : 1 < i < n), and sym-
metrically to (—H(wy) : 1 < i < n), with a = n'/?P42]og®n, 3 = O(tP42~1) and
7 = O(tP*2 log® n), to obtain that wep

|H(w;) — H(wyg)| = O(nl/zﬂ’A2 log® n)
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for 1 <t <mn. As H(wg) = 0, this implies from the definition (6) of the function H,
that wep

t
No, = + O0(n*?log®n
0t 1+ pAQ ( g )
for 1 <t < n which finishes the proof of the theorem. OJ

We may repeat (recursively) the argument as in the proof of Theorem 2.4 for N;,
with ¢ > 1. Since the expected change for N;; is slightly different now (see (4)), we
obtain our result by considering the following function:

H(z,y) = a?hit4sly — Cz‘—lp(Al i~ 1) i Az)x1+p(A1z‘+A2).
1+ p(All + AQ)

Using this function, we may show by similar arguments as in the case ¢ = 0 that wep

Nin=cn+ O(inl/2 log®n).

Thus, we obtain concentration for all degrees ¢ up to

PA]
) n 4pAq+2
=\ —5— :
log®n

3 3pA1+1 4pA1+6
log°n = n%4it2 Jogrdit2 n

3pAj+1 4171‘\1+6Jr
= 0(n4PA1+2 10g4PA1+2 n)

—(1+-—1-
= O(Zf( pAl)TL) = O(Cifn)-

2.2. Proof of Theorems 1.2 and 1.3. We present the proofs of the results on the
in-degrees of individual nodes and the number of edges.

since

inl/?

Proof of Theorem 1.2. To simplify notation let n = A1p, v = Asp, £ = Ay/A;.
Let the node added at time-step v be denoted v, and treat the current time-step (given
as n above) as t. Let P(d™(v,t) = l) denote the distribution of in-degree of node v at
the end of time-step t¢.

The indicator variable X (¢ + 1) for an increase in d~(v,t) by receiving a link from
U4 1s a Bernoulli random variable with parameter p(A;d~(v,t) + A2)/t. Thus,

nj+v

8
t ) ( )

PX(+1)=1]d (1) =) = Z12 )
Let v,t be fixed, suppose d~(v,t) = [ and let T = (7}, j = 1,...,1) denote the time-
steps 7 (if any) at which the degree of v changed. Let 7 = (7y,...,7) denote a
particular value of T, so that 7; is the time-step at which d~ (v, ;) changed from j — 1

to 5. For v <7 <t let

PX(t+1)=0]|d (v,t)=3j) = 1—

J={r:n<n<---<m7}
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be the sequences of possible transitions. Thus

P(d (v,t)=1)=> P(T=r).
Tel
Let
U, =P(X(T) =0, forall ; <T < 7j11),
with <T <7y =twhenj=10 Ifr =7+1let U, =1 If 7,44 > 7; + 2, then

from (8) we have that
nj+v
U, = 1— .
= I ()

Tj <T<Tj+1

Define w = logt. As | < y/v/w, then (nj +v)/t < (nl +v)/v = 0(1) so that
' _nitv_of i
L_mitv_ (k)

t
Let
o(r,5) = 7°/, (10)
then
. 1 .
Vo= exp| | -mitr) Y, 5| -006(r.9)
TJ‘<T<Tj+1
T nj+v .
- (=) aro6man
Tj+1
For0<j<i—1,let ®j(t+1)=P(X(t+1)=1|d (v,t) =j). Thus, from (9)
O;(t+1) = ’”;L”.

Let ®; = ®(7j41), and let &, = 1. Let F(7) denote P(d™(v,t) = l and 7). Let
P(T; = 7; | Tj—1 = 7j_1) be the probability that the transition to j occurs at 7; given
the transition to 7 — 1 at 7;_;. Thus,

l l
F(T) = ‘IJZH]P)(TJ =Tj ’ Tj,1 = Tj,1> = H\If] (I)j.
j=1

J=0

Ignoring for the moment the multiplicative error terms, we see that F'(7) is given by

-1
o\ v el v n+v TI_1 n(i=1)+v n(l—1)+v (Tl>771+1’
T1 T1 T2 T2 T T t '

Recall that £ = v/n. We cancel repeated values of 7; to give

F(r) = (1 + 0((t.1) F(lf(zf) () T2+ 06

Thus,

P (0,1) = 1) = (1 + O(5(t,1))) LLEE) (9) P, (11)
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where

For b; > 0 we have that

eI

l n—1
J

(14 0((75,7))) -

k

Replace the term (75, 7) in

so that
1

Pl:ﬁ

i1 <<y

F(7) with §(7;,1) and let

"
tn

b, = (1+ O(8(. 1))

Using (10) and recalling that | < \/v/w,

bt b = 3 (1 0 )

Thus, we obtain

P1:(1

Inserting this estimate for P; into (11) completes the proof of Theorem 1.2 (a).

t

v<7<t

= 1= (- ()
- 1-(9) a+od).

An upper bound for P;, and hence P(d~(v,t) = [) follows.
For 1 <wv <#(1—1/w) and | < \/v/w we prove below that

1

12

v

(bv—i----+bt)l—O(l2)(by2+"'+bt2)(bv+"'+bt)l_2}'

))

o) (-9 arom)) .

(12)

(13)
As

remarked in the previous paragraph, (13) is an upper bound for P for any | < \/v/w,
which completes the proof of Theorem 1.2 (b).

Returning to the proof of

g(v,t)

(12), let

( 2

—{ Llog(t/v)

2 (P -1) m<1p2

n=1/2



12 W. AIELLO, A. BONATO, C. COOPER, J. JANSSEN, AND P. PRALAT
Using § = O(1/w) we have that
b+ -+ b= (1+0(2)) g(v,t).

It follows by direct examination that vg(v,t) = O(1). Asl < \/v/w, we have [?g(v,t) =
O(1/w?). However y_,b; > O(1/w) for v < (1 — 1/w), and the result follows.
We now prove Theorem 1.2 (¢). Let X; = d(v,t). By Markov’s inequality, for A > 0,

P(X, > a) = P(e"*t > ") < e hEe . (14)
Let Y; be an indicator variable for the increase of in-degree of v at time-step ¢t + 1, then
Xt+1 = Xt + }/t where
p(Xi +1)

P =1 ="

b
and

E (" | Xt)zl—i-p(ftTﬁl)(eh—l).

Assume that 0 < h < 1 (proved below in (16)) so that e" < h + h?, then
]E(thtJrl) — E( hX: hYt)

< B (et )
< eTh(l-i-h)E( hXt(lﬂil(”h))). (15)

Let € = 9/w, and let

- l <2>p(1+26) .
w \t

Let hy = h and for v+ 1 < s <t define hy_1 by

he 1 = hs (1 + 2(1 + hs)> ,

so that
t
P
hs =h - :
=h ] (1+T(1+h7)>
T=s5+1
Let ¢, = max(h, : T =wv,...,h) and assume (proved below in (16)) that e, < e < 1.

[terating expression (15) and noting that EefXv =1 as X, = 0, we have

Ee"* < exp (pz (14 h) ) Sexp(p(l—!—e)z%).

However, as 1/s+ -+ 1/t <1/s+ logt/s, we have

t 1+e) 2
1 P(
he < hexp ( g M) < he? (£> < < <1, (16)
T s w

T=s+1
for t > 9.
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Thus
‘ 1
hX; (1+e€) -
Ee < <hp (14 €)e*t? E $1+p(1+e)>
p(1+e
1
< exp (h (1—|—p< +€))>
v
= 14+0 ( )

Let a = Kw?(t/v)P. By (14) and (16) we have that

P(X;>a) = (1+4o0(1))e "

= O(1)exp (—Kw (%)2")
- 0 <t*K6‘18) .

This completes the proof of item (c), and completes the proof of Theorem 1.2. O

Proof of Theorem 1.3. We count the number of edges by counting the in-degree
of nodes. Our approach is as follows: by Theorem 1.1 wep for i < iy the number of
nodes N, , of in-degree 7 at time n is concentrated.

Let a be the solution of (n/a)P?t =i and let ' = (K log”n)Y®41) be the solution

Of

where K > 4e'®. From Theorem 1.2 (c¢), with probability 1 — O(n™?) no node v > aw’
has degree exceeding ;. Let

= ENin = (1+0(1) ) Nia,

1,<’Lf igif

and let
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We prove, conditional on Theorem 1.2 (c), that A(n) = o(m,,) and thus, the number of
edges is concentrated around m,,. We have that for pA; < 1

/\(n) = Z d- (Uj’ n)

Kuw? < (n)pAl
w -
7j=1
pA
= O(uﬂ( 1 w')
(n ”Al ' 2/<pA1>n)

pA1 1)/(4pA1+2)
10g2/ (A1)
log n

(5PAL+1)/(4pA1+2) log /(pA1) )

IN

I
)

Il
Q

= 0O

= o(n)

However, p(n) > cn for some constant ¢ > 0 so A(n) = o(u(n)), and the assertion
follows. O

2.3. Proof of Theorems 1.4 and 1.5. We now give the proofs of the results on out-
degrees in the SPA model.

Proof of Theorem 1.4. Partition the interval [0,1] into [2(n/A3)"/™] subintervals
of the equal length. Hence, the unit hypercube is partitioned into

= 2"Mn /Ay + O(n™= /™) = (1 + 0(1))2™n /A,

identical hypercubes. (We expect each hypercube to contain a constant number of

nodes.) We will show that aas there is a hypercube containing log logn nodes.
Fix ¢ € R and suppose that
logn
k=k(n)=————(1+c¢,
(n) loglogn( +cn)
such that
lim (k +1/2)(logk + mlog2 —log Ay — 1) = logn + c.
Note that k = 101§ign(1 + O(logloglogn/loglogn)) = (1 + 0(1))1og’ign.
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The probability ¢ that any fixed hypercube contains exactly £ nodes is equal to
k n—k
(MY (LY (oL
o= () G) (-3)
nk A2 k A2

- 1+ 0(1))% (?)kexp (_%> '

Using Stirling’s formula k! = (1 + o(1))v27k(k/e)*, we obtain that

2m €A2 k+1/2 A2 1
= (1+o(1 22 e
¢ = (o5, (2mk> eXp( om 2)

- A 1
= (1+o0(1)) 2ﬂA2eXp(—</€+1/2)(10gk+m10g2—10gA2_1)_2_7721_5)
2m A2 1
= (1+0(1)) oA, P (— logn — ¢ — Sl 5)

1 [2m Ay 1
= (1+0(1)=y/ - 222
(1+o()7 27TA2eXp( ‘" om 2)

Thus, the expected number of hypercubes with exactly k& nodes is tending to

N 1 [om\ 3?2 . . A, 1
pr— —_— —— — X J— _— - .
1= o \ 4, p om 2

Now, let A; (1 < i < h) denote an event that ith hypercube contains exactly & nodes,
and let Sj, = Z?Zl 14, be the number of events which actually occur (S} is a random

variable). Finally, let
I
Bl= Y P (ﬂAﬁ) :

1< <-<ji<h  \i=1

We already showed that limy, . B{1 = . It is also not difficult to see that for a fixed

value of [ that z

A

. h_ N
am By =Ty

Therefore, S}, is tending to a random variable with Poisson distribution; that is,
)\l

lim P(S, =1) = 764

h—o0

In particular,
lim P(S), = 0) = e .

h—o0

Since ¢ — —oo for k = kg = —2" qas there is a hypercube K with ko points.

~ loglogn’
Since all nodes have the volume of the ball of influence at least Ay/n during the

whole process up to time n (deterministically), the last node v added to K falls into
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balls of influence of all other nodes inside K (observe that the volume of K is at most
27™ Ay /n so this holds even if v lies on the boundary of K). Thus, Edeg™ (v,n) > pky.

To finish the proof, we use the fact that a sum of independent random variables with
large enough expected value is not too far from its mean (see, for example, Theorem 2.8
in [7]). From this it follows that, if e < 3/2, then

2
P (| deg™ (v,n) — Edeg*(v,n)| > eEdeg™ (v,n)) < 2exp (—%]Edngr(v,n)) . (17)

Setting
€ =1/y/Edeg*(v;,n),
we obtain that aas
deg™ (v;,n) = (1+ O(e))E deg™ (v;, n),
and the assertion follows. O

Proof of Theorem 1.5. Since the node v,, is chosen uar from the unit hypercube
(note that the history of the process does not affect this distribution) with the torus
metric, without loss of generality, we may assume that v, lies in the centre of the
hypercube. For 1 < i < n, let X; denote the indicator random variable of the event
that v; lies in the ball around v,, (or vice versa) with volume

—PAippAi=l]g62

a =2
By Theorem 1.2 (¢), we have that aas
d~(vi,n) < (n/i)P*1 log? n,

for all @ € [n]. Thus, aas for all i € [n—1], X; = 0 implies that v,, is not in the influence
region of v; and there is no directed edge from v,, to v;. Therefore, aas we have that

n—1
deg™ (v,,n) < Z X;.
i=1

Since

n—1 n—1
E (Z Xl-) = Y 0@ og? n)

=1

n—1
= 0 (npAl_l loanZi_pA1>

=1

= O(log’n),

the assertion follows from Chernoff bound (see (17)). O
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2.4. Proof of Theorems 1.6 and 1.7. To prove Theorem 1.6 we need the following
lemma whose (straightforward) proof is omitted.

Lemma 2.5. Let u be chosen uar from a ball with centre v and volume «. If X s the
distance between u and v, according to the torus metric as defined in the introduction,

then
m
E(X) = — ] a'/™
%)= (551 °
Proof of Theorem 1.6. Define
7. = L('Ut,'Uj) lf ('Ut,'Uj> c Et
T 0 else.

Then L; = Zt L Z;+. Let By ; be the event that (v, v;) € E;. Then using Lemma 2.5
we have that

E(Zji1 | G) = P(Bigrj)E(Zj 41 | Gi, Bigay) + P(Biy1)E(Zjig1 | Gy, Beyry)
= P(By15)E(L((vig1,v5) | Gy)

_ (pAld_(vjt,t)—i-AQ) (2<mm+ 1)) (Ald_(vjt,t)—l—Ag)l/

. pm Ald_ (Uj, t) + AQ 1+1/m
 2(m+1) t ’

where the second last equality follows by Lemma 2.5 and the definition of the model,

and the second equality follows from the definition of Z;;,. Thus

t 1+1/m
pm Ak+ A
E(Li1 | Gy) = E E E(Zj141]Gy) = Am+1) § <—1 r 2) Nt
k=0

k=0 {j|d~ (v;,t)=k}

Taking expectations on both sides, and using that E(Ny,) = (1 + 0(1))ck7(1+ﬁ)t (see
Theorem 1.1), we have that

t 1+1/m
B pm Ak + A
E(Lt+1> - 2<m n 1) ];O < 1 ) ]E(Nk,t>

t
pm Z(Alk+A2)1+1/mck_—(1+1/(p141))

= (o)

pATT Y M em t oAy
= (1+ 0(1))—2(m Ty, gV/m=1/ @A) gy
O(t~ min{l/m) if 1/m < 1/(pA;) —
= Ot~ min{l/mlogn) if 1/m =1/(pA;) —
Ot~ min{l/m) if 1/m > 1/(pA;) — 1

The last step is justified since it can be shown that the o(1) term in the integrand is in
fact O(x~¢) for some € > 0. O
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Proof of Theorem 1.7. With the same notation as in the proof of Theorem 1.6
and using Lemma 2.5, we have that

E(Zj,tﬂ | Gy) = P(Bj,tﬂ)E(L(UtHan) | Bj,t+1)

B pm d 1+1/m
 2m+1) \ ¢ '

Taking the expectation, we see that the terms E(Z;,.1) are equal for all j, and thus,

E(Liy1) = tE(Z;41) = O¢7Y™). O

3. GENERALIZATIONS

Several variants of the SPA model may be proposed. In each variant, it would be
interesting to pursue a rigorous analysis of both the in-degree and out-degree distribu-
tion, and small world properties. One such variation is the Generalized SPA (or GSPA)
model, which allows more control of the out-degree. In the GSPA model, nodes are
distributed on the hypercube as in the SPA model, but now receive two regions of in-
fluence. Each node v at time-step ¢ is assigned both an in-degree influence region with
volume

AZ' + B;d~ (U, t)
t )
where A; and B; are non-negative constants and d~ (v, t) is the indegree of v at time ¢,
and an out-degree influence region with volume

A, + Bod"(v,t)
t )
where A, and B, are non-negative constants and d*(v,t) is the out-degree of v at time
t.

Edges are now added with probability p between any pair of nodes whose regions
interact by a pre-determined rule. An important difference with the SPA model is that
at every time step all nodes can potentially receive out- and in-edges. This implies that
graphs generated by the GSPA model can have cycles, and edges that go from younger
to older nodes.

We describe three rules for the generation of edges.

Intersection rule. If the in-degree influence region of node v has a nonempty
intersection with the out-degree influence region of node u, then the directed edge
(u,v) is added.

Disjunction rule. If node u is contained in the in-degree influence region of v, or
node v is contained in the out-degree influence region of u, then the directed edge (u,v)

is added.

Conjunction rule. If node u is contained in the in-degree influence region of v, and
node v is contained in the out-degree influence region of w, then the directed edge (u, v)
is added.
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One of the rules is chosen (or some combination of them, depending on the motivating
application), and edges are added according to the rules. Observe that the disjunction
rule is the closest to the SPA model with A, = B, = 0. Note that edges may well
be added between pairs of older nodes in a given time-step, not just between the new
node and the older nodes. The SPA model also has a fairly small bound B on the
out-degree with high probability (see Theorem 1.5). This implies that the graphs so
generated have treewidth at most B with high probability, which does not accurately
model the large treewidth observed in the web graph (see [1]). The GSPA model is
easily converted into an undirected model. In this model, there is an influence region
based on degree. An edge is added between two nodes according to an overlap rule.
The overlap rules above are easily modified to the undirected case.
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