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ABSTRACT. We introduce a new class of random graph models for complex real-
world networks, based on the protean graph model by Luczak and Pratat. Our
generalized protean graph models have two distinguishing features. First, they
are not growth models, but instead are based on the assumption that a “steady
state” of large but finite size has been reached. Second, the models assume that
the vertices are ranked according to a given ranking scheme, and the rank of
a vertex determines the probability that that vertex receives a link in a given
time step. Precisely, the link probability is proportional to the rank raised to
the power —a, where the attachment strength « is a tunable parameter. We
show that the model leads to a power law degree distribution with exponent
1+ 1/« for ranking schemes based on a given prestige label, or on the degree
of a vertex. We also study a scheme where each vertex receives an initial rank
chosen randomly according to a biased distribution. In this case, the degree
distribution depends on the distribution of the initial rank. For one particular
choice of parameters we obtain a power law with an exponent that depends both
on « and on a parameter determining the initial rank distribution.

1. INTRODUCTION

There is considerable interest in using random graphs to model complex real-
world networks in order to gain insight into their properties (see for example [1]
or [3]). Most prevalent models are based on the principle of preferential attach-
ment: new vertices link to existing vertices with a probability that is proportional
to the degree of the existing vertex. The preferential attachment principle has been
successful in explaining the power law degree distribution that has been observed
in many real-life networks. On the other hand, it is hard to adapt the principle to
incorporate more diverse criteria that make a vertex attractive to receive a link,
such as innate popularity or initial advantage (see [2]). Moreover, most models
are growth models, where the graphs grow larger over time. In many real-world
networks, such as protein-protein interaction networks, social networks, and even
the World Wide Web, a more realistic assumption seems to be that the network
will eventually reach a “steady state” where the size stays approximately constant,
but vertices keep appearing and disappearing over time.

In [7], Luczak and Pralat introduced a random graph model called the protean
graph P, (d, ), where the model is controlled by two parameters: initial degree
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d € N and attachment strength 0 < o < 1). The major feature of this model is
that the link probability, that is, the probability that a vertex receives a link in a
given time step, is based on a ranking of the vertices. More precisely, each vertex v
has a rank r(v,t) at time ¢, and its link probability is proportional to r(v,t)~*. In
the original protean graph model, vertices were ranked according to age, leading
to a model where the old get richer. In the paper it was proven that the degrees
in P,(d, «) are distributed according to a power law with exponent 1+ 1/a. This
implies that the attachment strength o can be used to tune the exponent of the
power law: In order to establish the right attachment strength to model a given
real-life network where the number of vertices of degree k is approximately k77,
the attachment strength should be chosen to be a = 1/(y — 1).

In [7], the behaviour of the protean graph model near the connectivity threshold
is studied, where d = d(n) is allowed to grow with n. The second author of this
paper showed also in [9] that the protean graph P, (d,«) asymptotically almost
surely (aas) has one giant component, containing a positive fraction of all vertices.
The diameter of this component is equal to ©(logn). In [10], the recovery time
of certain connectivity properties was studied. Suppose that the protean graph
aas possesses property P, but at some particular time instance, the graph looses
property P. Then the following natural question can be asked: how much time
does it take for the protean graph to regain its typical property P? Since P holds
aas and after O(nlogn) steps each vertex from the original graph is deleted aas,
the recovery time is aas bounded from above by O(nlogn). It has been shown,
however, that the recovery time for connectivity is smaller than the above universal
bound implied by the coupon collector problem.

In this paper, we extend the idea of the protean graph to include variations
where vertices are ranked according to other criteria than age. The general ap-
proach of using a link probability based on a ranking of the vertices according to
degree or an externally determined prestige label was first proposed by Fortunato,
Flammini and Menczer in [4]. The specific model used by Fortunato et al. was a
growth model, where one new vertex is added in every time step, and no vertices
disappear. The occurrence of a power law with exponent 1+ 1/a was postulated
based on simulations. The authors of this paper provided rigorous proofs and
extended their results in [6]. A growth model based on the original protean graph,
where vertices are ranked by age, was proposed in [12]. Here new vertices are
added at a faster rate than old vertices are deleted. A prelimary version of this
paper appeared in [11].

As we will show, the protean graph model leads to power law graphs for a variety
of different ranking schemes. The ranking scheme of the original protean graph
from [7, 9] ranks vertices by age (the old get richer); as we already mentioned,
this leads to a power law with exponent 1 4+ 1/a. As a contrast, here we also
consider the case where vertices are ranked inversely according to age (the young
get richer). As suspected, the young are not young long enough to accumulate a
lot of wealth, and we find that in the resulting graph, aas all vertices have degree
bounded by log?n.

We also study a ranking scheme where each vertex receives an independently
chosen prestige label, and vertices are ranked according to their prestige label.
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Here we do obtain a power law, with the same exponent. In order to allow for
a non-uniform distribution of “prestige” over the vertices, we considered also a
scheme based on random initial rank. Here, each vertex is assigned an initial rank
according to a given distribution. We consider distributions of the following form.
Let R; be the initial rank of a vertex born at time i. Then P(R; < k) = (k/n)®.
Thus, when s = 1 the initial rank is chosen according to the uniform distribution.
In this case, the behaviour is very similar to that of ranking by by prestige label:
vertices with initial rank R; exhibit behaviour as if they had received fitness R;/n.
When s > 1, so the initial rank of new vertices is biased towards the lower ranks
(highly ranked vertices tend to be older). In this case, the behaviour is similar
to that of ranking by age, and we obtain a power law degree distribution with
exponent 1+ 1/a. If 0 < s < 1, so the initial rank is biased towards the higher
ranks (young vertices tend to be ranked high), the behaviour is more complex,
and depends on both s and a. If 0 < s < 1 — «, the behaviour is like ranking
by inverse age, and we have a “flat” degree distribution with maximum degree
bounded by logn. If 1 — o < s < 1, then we do obtain a power law, but with
exponent 1 +s/(s+a —1).

These results suggest a broader explanation for the power law degree distribu-
tions often observed in real-life networks such as the web graph, protein interaction
networks, and social networks, even when they have reached a stage where their
size does not grow significantly. The distribution of new links in such networks
can be seen as governed by a rank-based attachment scheme, based on a ranking
scheme that can be derived from a number of different factors such as age, degree,
or fitness. The exponent of the power law is independent of these factors, but
is rather a consequence of the attachment strength. In addition, rank-based at-
tachment accentuates the difference between higher ranked vertices: the difference
in link probability between the vertices ranked 1 and 2 is much larger than that
between the vertices ranked 100 and 101. This again corresponds to our intuition
of what constitutes a credible mechanism for link attachment.

2. DEFINITIONS

In this section, we formally define the graph generation model based on rank-
based attachment which will lead to the limiting protean graph. The model pro-
duces a sequence {G;}°, = {(V4, Et) }52,, of undirected graphs on n vertices, where
t denotes time. Our model has two fixed parameters: initial degree d € N and
attachment strength o € (0,1). At each time ¢, each vertex v € V; has rank
r(v,t) € [n] (we use [n] to denote the set {1,2,...,n}). In order to obtain a
proper ranking, the rank function r(-,¢) : V; — [n] is a bijection for all ¢, so every
vertex has a unique rank. In agreement with the common use of the word “rank”,
high rank refers to a vertex v for which r(v,t) is small: the highest ranked vertex
is ranked number one, so has rank equal to 1; the lowest ranked vertex has rank n.
The probability that v receives an edge is proportional to r(v,t)~; the negative
exponent guarantees that vertices with higher ranks (r(v,t) close to 1) are more
likely to receive new edges than lower ranks. The initialization and update of the
ranking is done according to a ranking scheme. Various ranking schemes can be
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considered, and will lead to different protean graphs. We first give the general
model, and then list the ranking schemes.

To initialize the model, let Gy = (Vp, Ey) be any graph on n vertices and let
ro = r(-,0) be any initial rank function ro : Vy — [n] which is consistent with
the ranking scheme. (For the random labeling scheme we assign any set of labels
[: Vo — (0,1) and form the initial rank function accordingly.) For ¢ > 1 we form
G, from G;_; according to the following rules:

(i) Add a new vertex v together with d edges from v to existing vertices chosen

randomly with weighted probabilities. The edges are added in d substeps.
In each substep, one edge is added, and the probability that a vertex w is
chosen as its endpoint is proportional to r(w,t — 1)~%.

(ii) Choose uniformly at random a vertex u € V;_y, delete u and all edges
incident to u.

(iii) Update the ranking function r(-,t) : V; — [n] according to the ranking
scheme.

We refer to the time step t in which vertex v was added to the graph as time
in which v was born. Since all results refer to the steady state of the process, no
vertices of GGy remain at the time L when the limiting graph is analyzed.

Our model allows for loops and multiple edges; there seems no reason to exclude
them. However, with high probability there will not be many of these, so removing
them after the process ends can be shown not to affect our conclusions in any
significant way.

We now define the different ranking schemes.

(i) Ranking by age: The newly added vertex v obtains an initial rank n;
its rank decreases by one each time a vertex with smaller rank is removed.
Formally, r(v,t) = r(v,t —1) — 1 — 7, where v = 1 if the rank of the vertex
deleted in step ¢ is smaller than r(v,t — 1), and 0 otherwise.

(i) Ranking by inverse age: The vertex added at time ¢ obtains an initial
rank 1; its rank increases by one each time a vertex with higher rank is
removed. Formally, r(v,t) = r(v,t — 1) + 1 —~, where v = 1 if the rank of
the vertex deleted in step ¢ is smaller than r(v,¢ — 1), and 0 otherwise.

(iii) Ranking by prestige label: The vertex v added at time ¢ obtains a label
[(v) € (0,1) chosen uniformly at random. Vertices are ranked according to
their labels: if I(u) < l(w), then r(u,t) < r(w,t).

(iv) Random initial rank: The vertex added at time ¢ obtains an initial rank
R; which is randomly chosen from [n] according to a prescribed distribu-
tion. Ranks of all vertices are adjusted accordingly. Formally, for each
v e Vi, r(vt) =r(v,t —1)+ 6 — v, where § = 1 if r(v,t — 1) > R, and
0 otherwise, and v = 1 if where the rank of the vertex deleted in step t is
smaller than r(v,t — 1), and 0 otherwise.

(v) Ranking by degree: After each time step ¢, vertices are ranked according
to their degrees in Gy, and ties are broken by age. Precisely, if deg(u,t) <
deg(w, t) then r(u,t) < r(w,t), and if deg(u,t) = deg(w,t) then r(u,t) <
r(w,t) if u was born before w.
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Since the process is an ergodic Markov chain, it will converge to a stationary
distribution. The random graph G corresponding to this distribution is called
a protean graph P,(d,a, scheme), where scheme indicates the ranking scheme
used. The coupon collector problem can give us insight into when the stationary
state will be reached. Namely, let L = n(logn + O(w(n))) where w(n) is any
function tending to infinity with n. It is a well-known result that aas after L
steps all original vertices will have been deleted. In the case of ranking by age,
inverse age or random initial rank this implies that after L steps, the stationary
distribution has been reached. In the case of ranking by prestige label, we need
L =2n(logn+ O(w(n))) steps for the process to converge: the first L/2 steps will
remove the initial prestige labels, and another L /2 steps will eliminate all vertices
that were possibly influenced by prestige labels of the initial vertices.

In the rest of the paper, {G;}{°, is assumed to be a graph sequence generated
by the rank-based attachment model, with ranking scheme as defined in each
particular section, and d and « are assumed to be the initial degree and attachment
strength parameters of the model as defined above. The results are generally about
the degree distribution in G, where the asymptotics are based on n tending to
infinity.

We will use the stronger notion of wep in favour of the more commonly used
aas, since it simplifies some of our proofs. We say that an event holds with extreme
probability (wep), if it holds with probability at least 1 — exp(—©(log”n)) as
n — oo. Thus, if we consider a polynomial number of events that each holds
wep, then wep all events hold. To combine this notion with asymptotic notations
such as O() and o(), we follow the conventions in [13].

For any 0 < a < 1, we define the function g, : N — R:

—

n 1
PR ()
ga(n) = J = +0(1).
j=1

Thus, the probability that a vertex v is chosen as a neighbour of v; in a substep
of step 1 of the generation process equals
r(v,t—1)"* 11—«

ga(n) T pla O(1>7’(U,t— 1)~

Finally, we will make frequent use of the following standard result about the
sum of independent random variables, known as the Chernoff bound:

Theorem 2.1 (Chernoff bound, see for example Theorem 2.8 [5]). Let X be a
random wvariable that can be expressed as a sum X = Y " | X; of independent
random indicator variables where X; € Be(p;) with (possibly) different p; = P(X; =
1) = EX;. Then the following holds for t > 0:

P(X >EX +1) < exp <_2(EXt—+t/3))’

t2
PX <EX —t) < exp(—QEX).
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In particular, if € < 3/2, then

P(|X —EX|>cEzx) < 2exp (—
Moreover, if EX < log®n, then wep X = O(log®n).

3. RANKING BY AGE AND INVERSE AGE

We start by discussing two deterministic ranking schemes: the rank of the new
vertex is independent of the stochastic process. In the case of ranking based on
age, the new vertex is assigned rank n. This ranking scheme was used in the
paper that introduced protean graphs [7]. It was shown there that the degree
distribution follows a power law with exponent 1 + 1/a. In fact, the variable
representing the degree of a vertex over time is concentrated around its mean (if
this mean is sufficiently large), and the mean shows a “midlife crisis”: starting
from a fixed initial degree d, a given vertex first tends to loose neighbours and
gain few new ones; as higher ranked vertices are deleted the vertex drifts towards
to higher ranks and start attracting more new neighbours.

To investigate the other extreme, we introduce ranking according to inverse age:
each new vertex is assigned rank 1. Thus, right after birth, a given vertex attracts
many new neighbours. However, over time new vertices are added to the front of
the line, and the vertex will drift toward the lower ranks, eventually loosing more
neighbours through deletion process than gaining new ones.

Thus, the degree of a given vertex is determined by its age. To understand the
influence of age, we introduce the following concept.

Definition 3.1. The age rank a(v,t) of vertex v at time t is the rank of v if the
vertices in Gy are ranked by age. In other words, a(v,t) — 1 equals the number of
vertices in G that were born earlier than v.

Consider vertices v; and v; with ranks r(v;, L) = i and r(v;, L) = j, respectively.
Assume that j < i. Because of the ranking scheme, this implies that v; is younger.
It is clear that the rank of v; when v; was born is at least i — 7, so

i—1 . .

(i—j)“

Edeg(v;, L) < d+dS ~ .
( ) ; ga(n)

-\ 1«
= d+(1+o(1))d <%) <2.1d.

Thus, the expected degree is bounded by a constant, and, since the degree is the
sum of independent variables, we can use the Chernoff bound (see Theorem 2.1)
to show that wep the degree of any vertex is at most log? n. Thus, vertices do not
remain in the high ranks long enough to accumulate a large number of neighbours,
and we do not get a power law.

To gain a better understanding of the behaviour of the degree over time, we
consider the case where : = xn and j = yn, and x, y are two different constants in
(0,1). Since vertices are deleted uniformly at random, the rank r(v;,t) of vertex
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v; at time t behaves exactly like n — a(v;,t). Using the results from [7] (Facts 3.2
and 3.3), we find that the expected rank of v; at the time v; was born equals:
( ) n 1—7 T —y
n—(n-—1 =n =n
n—j n—j l—y’

and it is possible to show concentration for this random variable.
Therefore,

E deg(vm, L) = (1 + o(1))d (1 —r+(1-a) /0 (g) h dy> .

-y
By numerical approximation of the integral we obtained the following figures
(see Figure 1), for different values of a. We see that, in this case, instead of a
“midlife crisis” we have a “midlife peak”: the degree of a vertex initially increases,

but reaches a maximum fairly soon, and then starts a steady decline. As the
figures show, the place where the maximum is reached depends on «.

0.6

T T T T T T T T T i T T T T T T T T T i
01 02 03 04 05 06 07 08 09 10 01 02 03 04 05 06 07 08 09 10

(a) a =04 (b) a=0.7

FIGURE 1. Function f(x) = Edeg(vy,, L) for d = 1.

4. RANKING BY RANDOM LABELING

In this scheme, each new vertex v obtains a prestige label [(v) € R chosen
randomly according to any distribution with the property that the probability that
two vertices receive the same label is zero. Prestige labels for different vertices
are chosen independently. Vertices are ranked by their labels: if {(u) < [(w), then
r(u,t) < r(w,t).

We assume (without loss of generality) that the prestige labels are chosen uni-
formly at random from (0,1). Namely, suppose that the labels are chosen from
R according to any probability distribution with a strictly increasing cumulative
distribution function F. Since F' is an increasing function, labels F'(I(v;)) lead
to exactly the same ranking as labels [(v;). But P(F(I(v;)) < x) = P(l(v;) <
F~Y(z)) = F(F~!(z)) = =, so the values of labels F(I(v;)) are chosen from (0, 1)
according to the uniform distribution.
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The following theorem shows how the expected degree depends on the age rank
and prestige label, and gives a concentration result for the case where the expected
degree grows sufficiently fast with n.

Theorem 4.1. Let 0 < a < 1, d € N, i = i(n) € [n], and let v; be the vertex
whose age rank at time L equals a(v;, L) = i. Let I(v;) be the prestige label of v;,
and assume that n - [(v;) > log® n. Then the expected degree of v; is given by

E deg(v;, L) — di;ll + (14 O(og 2 n))d(1 — a)l(v)~*(1 — i/n).

Moreover, if Edeg(v;, L) > log®n, we have that wep

deg(v;, L) = Edeg(v;, L) + O(+/E deg(v;, L) logn).
If Edeg(v;, L) < log®n, then wep deg(v;, L) = O(log”n).

Proof. Since l(v;) is chosen war, at any time during the process the expected rank
of v; is equal to I(v;)n. Since the prestige labels are chosen independently, the
rank is the sum of independent random variables, so the Chernoff bound (see
Theorem 2.1) applies. Therefore, wep r(v;,t) = I(v))n(1 + O(log~*/?n)) during
the entire period (since wep L = O(nlogn) and the sum of L exponentially small
probabilities is still exponentially small).

Next we consider the contribution to the degree of v; of vertices that are younger
than v;. Let v; be the vertex with age rank ¢ at time L, and assume i < t < n.
Let X (t,7) be a random indicator variable for the event that vertex v; chooses v;
as a neighbour at substep j of the time step when v; was born (j € [d]). Then

(l(vz-)n(l + O(log™1/? n)))

ga(n)
= (14 0(®log 2 n))(1 — a)l(v;)~/n.

—Q

PX(t,5)=1) =

The number of younger neighbours of v; can thus be expressed as asum » 1 Z;l:l X(t,7)
of independent random variables.

For the number of older neighbours, note that vertex v; had exactly d older
neighbours at the time it was born. From the n — 1 vertices that were older
than v; at the time it was born, only ¢ — 1 remain. Since vertices are deleted
uar, this means that the expected number of older neighbours remaining equals
d(i—1)/(n—1). Combining the expected number of older and younger neighbours,
we obtain:

Edeg(v;, L) = d;j +d(n —i)EX(t, )
= di__ll + (1 +O(log 2 n))d(1 — a)l(v;) (1 —i/n).

Finally, since the number of younger neighbours of v; is expressed as a sum of
independent random variables, we can use the Chernoff bound (see Theorem 2.1)
to show the concentration result. O
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Let Zy = Zi(n,d,«) denote the number of vertices of degree k and Z>; =
> >k Zi- The following theorem shows that the Z;’s follow a power law with
exponent 1/a. Since the Z>'s represent the cumulative degree distribution, this
implies that the degree distribution follows a power law with exponent 1+ 1/a.

Theorem 4.2. Let0 < a <1 andd e N, log4n <k< no‘/log4o‘n. Then wep

d(1 — 1/«
Zsp = (1+O(10g_1/3n))1ja < ( k‘ a)) n.

Proof. This theorem is a simple consequence of Theorem 4.1. One can show that
wep each vertex v; such that

—a)(1—i/n)\ Y
SN

has fewer than k£ neighbours, and each vertex v; for which

—a)(1—i/m)\ "
I(v;) < (1—Tlog™3n) (d(l )Iil / ))

has more than k£ neighbours.
Thus,

" —a)(1—i/n)\ Y
]Esz _ Z(1+O<103_1/3n)) (d(l )/il /))

= (14 O(log "*n)) (M)W n/01(1 — z)edx

= (1+O(log™/*n)) (dﬂ—a))”an

14+« k

and the assertion follows from Chernoff bound since EZs; = Q(log* n). O

5. RANDOMLY CHOSEN INITIAL RANK

Next, we consider the case where the rank R; of the vertex v added at time ¢ is
chosen at random from [n]. As in the previous case, the ranks of existing vertices
are adjusted accordingly. In contrast to the previous scheme, in this case it does
matter according to which distribution R; is chosen. We make the assumption that
all initial ranks are chosen according to a similar distribution. In particular, we fix
a continuous bijective function F' : [0,1] — [0,1], and for all integers 1 < k < n,
we let

P(R; < k) _F(E>.

n

Thus, F' represents the limit, for n going to infinity, of the cumulative distribu-
tion functions of the variables R;. To simplify the calculations while exploring a
wide array of possibilities for F', we assume F' to be of the form

F(z) = 2°, where s > 0.
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We will distinguish three cases: s =1, s > 1, and 0 < s < 1. When s = 1, the
initial rank is chosen uar, and the behaviour mimics that of the random labeling
scheme. In the second case, we again obtain power law behaviour with exponent
1/a, as in the previously studied schemes. For the third case, the behaviour is
more complex, and depends on the relative values of s and a.

5.1. The case s = 1. The case s = 1 represents the uniform distribution of the
R;. As with random labeling, the random variable r(v,t) is sharply concentrated
around a fixed value, in this case the initial rank R;.

Our proofs use the supermartingale method of Pittel et al. [8], as described
in [14, Corollary 4.1]. We need the following lemma.

Lemma 5.1. Let Gy, G1,...,G be a random process and X; a random variable
determined by Go, Gy, ..., Gy, 0 <t < L. Suppose that for some real 3 and v,

E(X; — X1 | Go,Gy,y...,Giy) <
and
|Xt - X1 — 5| <7
for1 <t < L. Then for all € > 0,

2

P(ForsometwithOStSLiXt—ont/6+5)SeXp<_Qz 2)'
9

Lemma 5.2. Suppose that vertex v obtained an initial rank R > \/nlog*n. Then,
wep 7(v,t) = R(1 4+ O(log™"*n)) to the end of its life.

Proof. Fix t so that v is alive at times ¢ and ¢+ 1. Then r(v,t+1) —r(v,t) = —1
if a vertex of rank lower than r(v,t) is deleted, and the new vertex receives rank
higher than (v, t). This happens with probability (r(v,t)—1)(n—r(v,t))/(n—1)n.
Similarly r(v,t+1)—r(v,t) = 1 with probability (n—r(v,t))r(v,t)/(n—1)n. Thus,

B=E(r(v,t+1)—r(v,t)|r(vt)) =0(1/n).

Clearly, the rank can change by at most one (7 = 1) so we can use Lemma 5.1
with ¢ = /nlog®?n to get that wep r(v,t) = R(1 4+ O(log""?n)) during the
whole life of that vertex (note that wep v will be deleted after O(nlogn) steps, so
L = O(nlogn), and the condition on R implies that £/R < log™"/?n). O

From the previous lemma it follows that the random ranking case for s = 1 is
very similar to the random labeling case, where an initial rank of R corresponds to
a prestige label of R/n. Since we have similar behaviour of the rank, the following
theorem is an exact analogue of Theorem 4.1, so its proof is omitted.

Theorem 5.3. Let 0 < a < 1, d € N, i =i(n) € [n], and let v; be the vertex
whose age rank at time L equals a(v;, L) =i. Let R be the initial rank of v;, and
assume that R > y/nlog®n. Then the expected degree of v; is given by

E deg(v;, L) = d% + (14 O(log 2 n))d(1 — a)(R/n)"*(1 —i/n).
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Moreover, if Edeg(v;, L) > log®n, then wep

deg(“ia L) = Edeg(via L) + O( V Edeg(viv L) lOg n)?
and if Edeg(v;, L) < log®n, then wep deg(v;, L) = O(log®n).

As a corollary of the behaviour of the degree of each vertex, we obtain our result
about the degree distribution, as expressed in the following theorem, which is an
analogue of Theorem 4.2. Again, the proof is omitted. Note that the range for
k is slightly different due to the condition on the initial rank R > y/nlog”n in
Lemma 5.2, which is stronger than the corresponding condition /(v;)n > log® n in
Theorem 4.1 for the prestige label.

Theorem 5.4. Let 0 < a <1 and d € N, log*n < k < n®?/log** n. Then wep

_ 1/a
Zsp=(1- O(log™*/3 n)) 1 jé_ - (d(l ? 04)) n.

5.2. The case s > 1. In this case, the initial rank is biased towards the lower
ranks. Thus, this behaviour tends towards age-based ranking, addressed in Sec-
tion 3. Vertices tend to receive an initial rank near the “end of the line”, but will
drift towards the front over time. Thus the age rank is not concentrated around
a constant value, as in previous cases, but tends to decrease with time. The rank
function also exhibits more complex behaviour in this case.

We first study the age rank of a vertex v. We assume without loss of generality
that v was born at time 0, so a(v,0) = n. For ¢ > 0, a(v,t) decreases by one
precisely when in time step ¢ 4 1, the vertex v which is deleted was older than v,
so a(u,t) < a(v,t). So, we obtain that

a(v,t) —1
n—1

Y

E(a(v,t +1) —a(v,t) | Gy) = —

conditional on the fact that v is not deleted.

To analyze the age rank, we use the differential equations method [14]. Defining
a real function z(x) to model the behaviour of a(v,zn)/n, the above relation
implies the following differential equation

#(z) = —2() (1)
with the initial condition z(0) = 1.

The general solution is z(x) = exp(—z + C), C € R and the particular solution
is z(z) = exp(—x). This suggests that a random variable a(v,t) should be close to
a deterministic function nexp(—t/n). The following theorem precisely states the
conditions under which this holds.

Theorem 5.5. Let a(v,t) be the age rank of vertex v at time t. Then wep, for
every t in the range 0 <t <ty = %nlogn — 2nloglogn, we have

a(v,t) = nexp(—t/n)(1 4+ Oog *?n)) (2)

conditional upon the vertex v surviving until time t;.
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Proof. We transform a(v,t) into something close to a martingale. Consider the
following real-valued function

H(a,t) =loga+t/n (3)
and the stopping time
T =min{t > 0:a(v,t) < (1/2)v/nlog>n VvVt =ts}.

(A stopping time is any random variable 7" with values in {0,1,...} U {oo} for
which it can be determined whether 7' = ¢ for any time ¢ from knowledge of the
process up to and including time ¢.)

Let wy = (a(v,t),t), and consider the sequence of random variables (H (wy) :
0 <t <ty). His chosen so that H(w) is close to a constant along every trajectory
w of the differential equation (1). It is easy to check that the second-order partial
derivatives of H are O(a™2) = O(n~'log™*n) along the trajectory wy, provided
T > t. Therefore, with i A T denoting min{i, T'}, we have

H(wWuiiar) — H(Winr)
= (Wirnar — Wiar) - grad H(wiar) + O(1/nlog n) . (4)
Observe also that,
E(wip —we | Gy) - grad H(wy)

n—1

- <_¢ 1) . (1/av, 1), 1/n) = O((a(v, t)yn) ") = O(n~**log 2 n),

provided T > t.
Taking the expectation of (4) conditional on G\, we obtain that

E(H(Wusiyar) — H(Winr) | Giar) = O(1/nlog*n) .

From (4), noting that grad H(w;) = (O(1/a(v,t)),1/n), and using the fact that
the rank changes by at most one in each step,

|H (W tr1yar)—H (Winr)| = O(1/a(v, tAT))+0(1/n)+0(1/nlog" n) = O(1/v/nlog®n) .

Now we may apply Lemma 5.1 to the sequence (H(wiar) : 0 <t < tf), and sym-
metrically to (—H(wiar) : 0 <t < ty), with e = 1/10g1/2 n, 3 = O(1/nlog" n),
and vy, = O(1/y/nlog®n) to show that wep

[H(Winr) — H(Wy,)| = O(log™* n).

As H(wy) = logn, this implies from the definition (3) of the function H, that wep
equation (2) holds for every 0 <t < T.

To complete the proof we need to show that wep, T' = ty. The events as-
serted by (2) hold wep up until time 7', as shown above. Thus, in particular, wep
a(v,T) = (14 o(1))nexp(—T/n) > (1+ o(1))y/nlog® n which implies that T = ¢
wep. ]

Exactly the same approach can be used to study the rank of a vertex after ¢
steps of the process, given that its initial rank is equal to R. We present a sketch
of the proof only.
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Theorem 5.6. Suppose that a vertex v obtained an initial rank r(v,0) = R <
0.99n at time 0. Then wep, for every t in the range 0 < t < t; = %nlogn —
2n loglogn conditional upon the vertex v surviving until time t,

1-s l%s
T(U,t) =n <<(§> — 1) e(sfl)t/" + 1) (1 + O(logfl/2 n))
provided
R\ (s=1)t/ o 2
n . —1|e V" +1 > /nlog”n.
n

Proof. The conditional expected change in 7(v,t) in time step ¢ + 1, conditional
on vertex v surviving to time ¢ + 1, is given by:

E(r(v,t+1) — r(0,1) | Gy = —- D=1, (m”t)) |

n—1 n

Defining a real function z(x) to model the behaviour of r(v, xn)/n, this suggests
the differential equation

() = —z(7) + 2(2)",
with the initial condition z(0) = R/n. The general solution is
z(z) = (Ce*™ V"4 1) | CEeR,

and the particular solution is

Define the function

H(r,t) = log ((;)_1 _ 1) —(s— 1)%

and the stopping time
T =min{t > 0:7r(v,t) < (1/2)v/nlog’n V t =t;}.

Let w; = (r(v,t),t). As in the analysis of the age rank, H is chosen to be close
to a constant along every trajectory of the differential equation. Specifically, it
can be shown that

[H(Wiesnar) = HwWinr)l = O(1/r(v,t AT)) = O(1/v/nlog”n)
E(H(W)ar) — H(Winr) | Giar) = O(1/n log" n),

and H(wg) = log((R/n)'~* — 1). Using Lemma 5.1 in a similar way as in the
previous proof, we can then show that wep H(winp) = H(wq) + O(log™"/?n).
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Solving for r in the expression for H, we obtain that that wep

1
T(U,t) = n (eH(WO)e(S—l)t/n + 1) T—s (1 + O(log_1/2 n))
- =
o ((@) - 1) e 1> (1 +Ollog /%)),
n

Now we are ready to state the main theorem in this section.

Theorem 5.7. Let0 < a <1 andd € N, log4n < k < no/? log_?’an. Then wep

d(l—a))l/an

Zew = (1+o0) (Fi )

Proof. Consider vertices v; and v; with age-ranks a(v;, L) = i and a(v;, L) = j,
respectively, and let ¢ = xn and j = yn (i < j). Suppose that v; obtained an
initial rank of R. Let t; and t; be the times that vertices v; and v; were born,
respectively. By Theorem 5.5, wep t; = L — (1 + O(log™/*n))nlog(1/z) and
ti =L — (1+O0(log™?n))nlog(1/y), and t; — t; = (1 4+ O(log™"/*n))nlog(y/x).
By Theorem 5.6, wep v; had the following rank when v; was born:

r(vi,t;) =n <<<§> - — 1) <%>8_1 + 1) - (14 O(log™"?n)).

Thus, the contribution to the degree of v; of vertices born after v; is the sum
of independent indicator variables of the event that a vertex v; links to v; in a
particular substep of time step ¢;. The probability of this event is 7 (v;, t;) =% /ga(n).
Since every vertex has initial degree d, the contribution to the degree of v; by
older vertices is O(d). Combining this, we obtain the following expression for the
expected degree:

E deg(v;, L) = O(d)+(1+0(log™*? n))d(1—a) /; (((%) o 1) (%)H + 1) - dy.

If v = Q(1) and R/n = Q(1) then the expected degree is a constant and the degree
is smaller than log? n wep. Otherwise it simplifies to

=

Edeg(v;, L) = (1+O(log~"2n))d(1 — a) ((5)1_5 - 1) e / ey

= (1+ O(logfl/2 n))% ((%) B — 1) B (w‘o‘ — .7:) ,

and, provided E deg(v;, L) = Q(log* n), wep deg(v;, L) = E deg(v;, L)(1+0(log~ /% n)),
by the Chernoff bound.
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Therefore, we get a threshold Ry = Ro(k,x) on the initial rank which causes
the vertex to have degree at least k, namely,

1

Ro(k,z) =n ((H (z7 — x)) B + 1) : :

Precisely, a vertex v; with initial rank R has degree at least k (provided k > log® n)
if R < Ro(k,i/n)(1 —log™*/*n), and degree at most k — 1 if R > Ry(k,i/n)(1 +
log™ 3 n).

The expected number of vertices of degree at least k is

i (M)S(Ho(l)) = (1+0(1))n/01 ((% (xa_x)>1;s +1> == N

_ d(1—a)\ "
k(1+a>> !

= o) (

To see the last step, let A = Zg;z; Using the substitution = A/*%, and noting

that A = O(1/k) = o(1), we obtain
e A (Aflzfa o Al/az))%s

1—s

(

— (Z—a_A1+1/aZ) «
z
z

5—1(1 _ A1+1/aZ1+a>$

11+ 0(1)).

/01<(A(x_a_x))1as“>ls de = A”“(Ho(l))/oA_l/a (= +1)7 dz
= AT (14 o(1)),

since the antiderivative of (271 4+ 1)7 is z(25! + 1)1%3. The assertion follows
from the Chernoff bound. O

5.3. The case 0 < s < 1. In this case, the distribution of the initial rank R; is
biased towards the higher ranks. Thus, the behaviour tends somewhat towards a
rank-based process based on inverse age, where new vertices are ranked first.

The results on the behaviour of age rank and rank for the case where s > 1, as
given in Theorems 5.5 and 5.6, do not depend on s, and thus hold for this case as
well. Using these theorems, we can derive the degree of a vertex with age rank 1.
The interesting fact is that this degree depends on both s and a. In particular,
there are two regimes for s: if s > 1 — «, then the degree depends on the initial
rank R with an exponent that depends both on a and on s, and if s <1 — «, the
behaviour mimics that of the inverse age case, and wep the degree of each vertex
is bounded from above by log? n.
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Theorem 5.8. Let 0 < a < 1,d € N, i =i(n) € [n] so that i = xn for z € (0,1).
Let v; be the vertex whose age rank at time L equals a(v;, L) = i. Let R be the
initial rank of v;, and assume that R > \/nlog®n.

Ifl—a<s<1and R<nlog ¢+t n then wep

n>s+oz—1 T

deg(vi, L) = (1 + o(1))d(1 — ) (}_z e

If0 < s <1—a, then wep deg(v;, L) = O(log®n).

Proof. Let v; be a vertex with age rank ¢ and initial rank R as in the statement
of the theorem. For any vertex v; with age rank j > i (so v; is older than v;), let
t; be the time when vertex v; is born. By Theorem 5.5,

t; = L —nlog(n/i)(1+ O(log™"/*n)).

By the above, t; — t; = nlog(%)(l + O(log™"?n)), so by Theorem 5.6, wep the
rank r(i,t;, R) of v; when v; was born is

R\ 7\ (==D(+00og /2 ) =
r(i,t;, R) =n (5) -1 (;) +1 (1+O0(log~ "2 n)).

Now suppose that j =i + ¢, where t < T = nlog™ ' n. Since t/n = O(log™" n),

j (s=1)(1+O0(log~'/2 n)) " (s—1)(1+O0(log=/? n))
1 rn

= 1—(1—s)t

E(l + O(log™ % n)).

If R/n = o(1), then

1

r(it;, R) — n<(§>l_s+(1—s)i> 4 o(1)

)” (14 o(1)). (5)

= R(l—l—(l—s)W

If R = ©(n), then (i, t;, R) = R(14o0(1)), and thus formula (5) correctly expresses
r(i,t;, R) for the case where t < T, and thus t/n = o(1).
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We can use expression (5) to estimate the number of edges from vertices v; with
j=t+tandt <T.

T

d T(i,tj,R)_a

— Yo (n)

— (14 o(1)d(1 — a) (5> o L /1 T G, ()

n

where y = (T/n)(R/n)*"! = log” ' n(R/n)*~' = Q(logn). (The second step was
obtained by estimating the sum by an integral, and making the substitution z =
(t/n)(R/n)*"".)

Now suppose first that 1 —s —a < 0. Then the integral is bounded, specifically

1+(1—S)y/$ —a 1 — S l-s—«a
1-s d = _— ( 1 ]_ — 1—s —_ 1>
J R e CRRUEITE)

Thus the contribution to the expected degree of v; from vertices v;; with ¢t < T
equals

d(1 - a) (%)S+a_l (1 +o())

For the case where t > T', we use the fact that

s—1
(10 1) ivo().
rn n

since t/n is bounded from above by 1. From (5) and the fact that (R/n)'=% <
t/(yn) = o(t/n) we conclude that




18 JEANNETTE JANSSEN AND PAWEL PRALAT

n—1i n—i n (£> -
T(’i, tj, R>_a . n

t=T+1 ga(n) t=T+1
_ O(n—(l—a—s)/(l—s)) Z t—a/(l—s)
t=T+1

_ O(n-mam9/0-5) / ~ —a(-s)

T

(1—s—a)/(1—s)
_ 0 ( (%) )
n
1—s\ (1=s—a)/(1—s)
()
n

= o((R/n)'™*™), (7)

since y(17=/(1=%) = o(1). Thus this part of the sum does not substantially
contribute to the expected degree of v;.
Ifl—s—a=0,then

Then

1+(1-s)y/z W
/ wi== dw =log(1 + (1 — s)y/z) = O(loglogn).
1

Also, the terms before the integral in (6) are now O(1), so the contribution to the
expected degree of v; from vertices v, with ¢ < T is O(loglogn). For the second
part of the sum, note that

”zf e/ (1=9) — an t~1 = O(logn).

t=T+1 t=T+1

Thus, we have that the expected degree of each vertex is O(logn).
If1—s—a>0,then

1+(1-s)y/z e
/ W dw = Oy~ /1-9) = 0(log! /0= n) = O(logn)
1

(R/n)'=*=* = O(log *n), and the contribution from vertices v;;; with ¢ < T is
o(1). In this case,

§ /0= = opUmsa)/i-0),

t=T+1
so from (7), we see that dZ?:_%H % =0(1).
Finally, since deg(v;, L) is expressed as a sum of independent random variables,
we can use the Chernoff bound to show the concentration result. [l
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Theorem 5.9. Let0 <a<1,1—a<s<1. Letd e N and

s+a—1

10g4n§k‘§( 7”; ) )
log” n

Then wep

Zsp = (1+0(1))

sta—1 (k(s+a—1) 7Wg*1n
2s+a—1 d(1 — «) '

The proof is similar to the proof of Theorem 5.7 so technical details are omitted.

Proof. Consider vertex v; (i = xn) with age-rank a(v;, L) = i. From Theorem 5.8,
we obtain the following threshold Ry(k, z) on the initial rank for this vertex having
degree k (for values of k as stated in the theorem):

Ro(k,z) = (1 +o(1))n (ké(i;j_)%) T

Therefore, the expected number of vertices of degree at least k is

EZs), = Xn: (M) = (1+o(1))n (%) o /01 r5Fedy

i=1
dl—a)z \ 7T s+a—1

— (14 o)) D= YT srez-

(140 ))n(k(s+a—1)) 2s+a—1

The assertion follows from the Chernoff bound since EZs;, = Q(log® n). U

6. RANKING BY DEGREE

The final ranking scheme is based on the same principle as preferential at-
tachment: vertices with higher degree are ranked higher, and thus have a higher
probability of receiving a link. Precisely, the rank function r(-,t) : V; — [t]
is determined by the degree sequence at time ¢: if deg(v;,t) > deg(v;,t), then
r(vi, t) < r(vj,t); otherwise (that is, if deg(v;,t) = deg(v;,t)) r(v;,t) < r(v;,t) if
1 < 7. Our results in this case are more tenuous than in the previous cases; we
can only conjecture that the degree distribution variables converge in this case as
well. Because of the importance of the preferential attachment principle in the
modelling of real-world networks, we decided to include our results even in they
are somewhat inconclusive.

For all t > 1 and k > 0, let Zx(t) denote the number of vertices of degree k
in Gy, and let Z>i(t) = >_ 5, Z;(t) (in particular, Z>o(t) = n). At time ¢, the
vertices of degree k have ranks starting at Zs,41(¢) + 1, and ending at Z>.(t).
In this section, we assume that d = 1. When a vertex v; is deleted, and a new
vertex v;41 and an edge vjv41 is added at time ¢ + 1, the change in any Z; has
contributions from six possible sources: if v; is a vertex of degree k or a neighbour
of a vertex of degree k, Z; decreases, but if v; is a neighbour of a vertex of degree
k + 1, Z, increases. The expected net increase in Z;, due to the deletion of v; is

thus ((k + 1) Zea (1) — (1 + k) Z4 (1)) /n.
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The probability that a vertex of degree k receives a link in step t 4+ 1 equals

Z>p(t)

i7" 9a(Z>k(t) = ga(Zksa (1))
Z 9a(n) N 9a(n) '

J=Zspy1(t)+1
Thus, the following equations express the expected change in each time step:

9a(n) = 9a(Z1(1)) | Z:(1) _ Zo(t)

E(Zo(t +1) = Zo(t) | G¢) = — (1) + T T,
B _ 9a(n) = 9ga(Z1(t))  ga(Z1(t)) — ga(Z>2(t))
E(Zi(t+1)—Zi(t) | Gy) = 1+ 5o(n) ()
L2200 220

and similarly, for all k£ > 2,

9a(Z211(t) = ga(Z21(n))

E(Zp(t +1) — Zi(t) | Gy)

Ga(n)
' 0ulZo®) — gu(Zoa (1)
ga(n)
+(k + D Zpa(t) (b +1)Zi(t)

Since the process is an ergodic Markov chain, each random variable Z(t) will
tend to a limiting random variable Z; as t grows large, where Zj represents the
value of the number of vertices of degree k in the limiting protean graph. Consider-
ing the other results in this paper, and the results in [6] for similar graph processes,
it seems reasonable to assume that, for a fixed value of k, Z), is concentrated and
Zy/n converges as n grows large, in other words, that wep Z, = cxn+o(n). Under
this assumption, E(Z(t + 1) — Zx(t) | G¢) — 0, and we can use the equations
above to find a recurrence relation for the c¢y.

To express this recurrence, we define C, = > .7, ¢; =1 — Zf;ol ¢;, and observe
that ¢, = Cy — Cky1 and Cp = 1. Then, using that g,(cn) = = (cn)'~* + O(1),
we obtain the following recurrence relations between the Cj:

O = —(1 - Cllia) + (Ol - CQ) - (1 - Cl)
0 = 1+ (1 -0 —(C]7*=Cy*) +2(Cy — C3) — 2(Cy — Cy)
0 = (Chp— Ol — (O~ Ol

—f-(k + 1)(Ck+1 - Ck+2 - (/{? + 1)(Ck - Ck+1) for k Z 2.
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The last recurrence is telescoping, so for k > 2,

(Co = Ciit) — (k+ 1)(Crsr — Cipa)
= (CTf = ) = k(Cr — Ciy1) = (G — Cipa)

= (O =07 = 2(Ce = C3) — (C = Ciy)
= 1+(1-C) =2(C; — Cq) — (Cy — Chya)
= Ch+1.

For k = 1, the same relation holds, and thus the C}, satisfy the following recurrence
relation:

02 = 201 - (1 - Cllia) - 1
Crp1 = 1/K(C = Oy + (k+1)Cy) for k > 2.

Note that this recurrence leaves the value of C; undetermined. We have not
been able to solve the recurrence; however, the recurrence relation is consistent,
in order, with the expression C, = ck~/%(1 4 o(1)). We conjecture that, in fact,
the Z; are concentrated and follow a power law with exponent 1/c.
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