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1 Introduction

In a recent and much celebrated paper, Faloutsoset al.[6]
found that the inter Autonomous System (AS) topol-
ogy exhibits a power-law degree distribution. This re-
sult was quite unexpected in the networking community,
and stirred significant interest in exploring the possible
causes of this phenomenon.1 The work of Barabasiet
al. [2], and its application to network topology genera-
tion in the work of Medinaet al. [9], have explored a
promising class of models that yield strict power-law de-
gree distributions. These models, which we will refer
to collectively as theB-A model, describe the detailed
dynamics of the network growth process, modeling the
way in which connections are made between ASs. There
are two simple connectivity rules that define the evolu-
tion of AS connectivity over time:incremental growth
where a new AS connects to existing ASs, andpreferen-
tial connectivitywhere the likelihood of connecting to an
AS is proportional to the vertex outdegree of the target
AS. These simple rules, which are similar to the clas-
sical “rich get richer” model originally proposed by Si-
mon [12], lead to power-law degree distributions.

While the B-A model provably yields power-law ver-
tex degree distributions, recent empirical evidence indi-
cates that the model may not be consistent with the dy-
namics underlying the evolution of the actual AS topol-
ogy. First, there is strong evidence [3, 4] that the degree
distribution of the actual AS topology does not conform
to a strict power law. However, the distribution is cer-
tainly heavy-tailedor highly-variable in the sense that
the observed vertex degrees typically range over three or
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1As an aside, note that we do not discuss the degree distribution of

the router-level Internet topology: there seems to be some debate about
the characteristics of that distribution [3].

four orders of magnitude; in some cases, thetail of the
degree distribution may fit a power law. These observa-
tions were gleaned from more complete pictures of AS-
level connectivity (obtained by augmenting BGP route
tables with peering relationships from other sources)
than those used by earlier work [2, 6, 9]. Second, the B-
A model’s AS connectivity evolution rules can be shown
to be inconsistent with empirical AS growth measure-
ments [16]. As such, while the B-A model appears to
produce topologies whose degree distribution character-
istics exhibit power-law behavior, it cannot be a validex-
planationfor the connectivity evolution in the AS topol-
ogy.

Clearly, some of these empirical observations don’t
corroborate the claim that the B-A model explains the
phenomenon of highly variable vertex degrees in the In-
ternet’s AS topology [2]. However, the B-A model was
originally proposed as a simple illustration of how some
elementary mechanisms or rules can give rise to power
law vertex degree distributions. As such, it is likely that
the B-A model can be modified to accommodate these
more recent findings [1], but we will neither discuss here
such modifications nor comment on their possibility for
success. Instead, we merely note that any such resulting
model would seek, as does the original B-A model, to
explain the highly variable degree distribution of the AS
topology through the detailed dynamics of how connec-
tions between ASs are established.

The purpose of this note is to raise the question—
motivated by the B-A approach—of whether the under-
lying cause of the high variability phenomenon of the
vertex degree distribution lies in the detailed dynamics of
network growth, or if there are alternative explanations.
To that end, we briefly outline an alternative explanation
for the AS topology degree distribution. We do not claim
to have proven that this explanation holds; our purpose
here is merely to expand the dialog to a larger class of
explanations for the variability of the AS topology de-
gree distribution.



2 An Alternative Explanation

To motivate our explanation, we first note that high vari-
ability is the norm in the distribution of sizes of many
real-world entities. Cities by population size [12, 17],
companies by size of income [10] or by size of as-
sets [11] are all known to exhibit power-law tails. The
distribution of countries or oil reserves by size appears
to exhibit a Weibullian distribution [8]. In the comput-
ing literature, file [15] and Web document [5] sizes have
been known to have heavy tails.

Next, we find that AS sizes are no exception to this
rule; in Section 3, we show that the distribution of the
sizeof an AS (as measured by the number of routers2 in
the AS) exhibits high variability3.

Finally, we observe, as described in Section 3, that AS
sizes are highly correlated with degree. That is, large
ASs tend to have large degrees and small ASs tend to
have small degrees.

These observations suggest one possible, and quite
general, explanation for the AS degree distribution:
rather than arising from connectivity dynamics,the
highly variable degree distribution may arise merely
from its correlation with a highly variable size distri-
bution. Assuming each individual AS corresponds to a
business entity4, that degree follows size captures the in-
tuition that large businesses, by setting up a large ini-
tial capital investment and building out a nationwide net-
work, are able to attract more customers and peers than
smaller businesses. If our explanation turns out to be cor-
rect, it removes the mystery of AS topology degree dis-
tribution, but replaces it with the much older mystery of
company size distribution. However, given that highly-
variable size distributions are quite common, the reason
why AS size exhibits a power law distribution may have
little to do with the fact that the AS topology represents
connectivity in a data communication network.

From the correlation between degree and size, and
from the high-variability in degree, there is an alternative
conclusion that we could draw, namely that the degree of
an AS determines its size. In this case, a growth model
like the one described in [9, 2] might be a plausible ex-
planation for how such degree distributions arise. How-

2We looked at other measures of AS size, including revenue, num-
ber of employees, and market capitalization. All these measures exhibit
heavy-tails, and were correlated with AS degree. As an aside, it appears
that for ASs, the number of routers in an AS is a good surrogate for any
notion of “size”.

3We emphasize that the exact form of this distribution is not of con-
cern for the purposes of this paper. Of relevance is the qualitative ob-
servation that the distribution is highly-variable (or heavy-tailed).

4This assumption is only approximately true. In practice, some ISPs
configure their networks to have several AS numbers.

ever, the ubiquity of highly-variable size distributions
suggests to us that size variability is likely the cause, not
the effect, of high-variability in AS degree. It is not clear
to us how to establish the validity of this suggestion.

In summary, then, we raise the possibility that there
exists an alternative explanation for the highly-variable
degree distribution in the AS topology—namely, that
(1) AS size determines AS degree and (2) AS sizes are
highly-variable. This latter phenomenon, which may ap-
pear as mysterious as the original highly-variable degree
distribution, is just another instance of the ubiquitous
high-variability size distributions of various real-world
entities.

Given that several other real-world networks exhibit
highly variable degree distributions [13] one might as-
sume that degree follows size more generally than just
for the AS topology. Our initial findings suggest oth-
erwise. In experiments with the graph of actor collab-
orations, where the measure of an actor’s size was the
number of movies the actor had participated in, we found
only mild correlation between size and degree (on the or-
der of 0.5), even though the size and degree distribution
were highly-variable.

3 Methodology and Results

To determine the size distribution of ASs (recall that our
definition of the size of an AS is the number of routers in
the AS), we computed anAS overlayfrom a router-level
topology.

Our router-level topology was collected usingMer-
cator. The topology discovery methods employed by
Mercator, and their limitations, are documented else-
where [7]. Briefly,Mercator randomly probes address-
able parts of the IP address space and, using traceroutes,
infers adjacencies. It is also able to resolvealiases—
interfaces belonging to the same router. The map inferred
by Mercator is not complete, but we believe it captures
a significant part of the transit portion of the network.
In this note we present results from three different snap-
shots of the router-level topology, each taken more than
six months after the previous one5. These topologies
vary widely in size, an artifact of the different durations
of each run ofMercator.

From the IP addresses obtained byMercator, we then
labelled each router with the AS it belonged to, thereby

5We have only computed correlations on three router-level topology
snapshots. It is, of course, entirely possible that other snapshots might
disprove our findings. However, we believe that the remarkably consis-
tent results from our three snapshots argues that the likelihood of this
is small.
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Figure 1: Complementary cumulative distributions of AS size

generating an AS overlay. The techniques we used for
associating a router with an AS, together with their lim-
itations, are described in [14]. Briefly, the AS overlay
technique uses the BGP routing tables to infer the ASs to
which routers belong. In [14], we validate this technique
and show how it appears to give AS maps that are quali-
tatively consistent with those obtained from BGP routing
tables.

Having described our methodology, we now describe
our main findings.

ASs Sizes are Highly-Variable Figure 1 depicts log-
log plots of the complementary cumulative distribution
of ASs by size. In this figure, note that these distributions
arequantitativelydifferent. This can be attributed to the
variation in size of our three router-level topologies. In
each case, however, the complementary cumulative dis-
tribution of ASs by size is highly variable, spanning 3-4
orders of magnitude.

Degrees and Sizes are Well-Correlated Figure 2 de-
scribes the coefficient of correlation between AS size and
degree, where the AS degree is measured by the number
of neighbors of each AS as inferred from our AS over-
lay. For three topologies separated by several months,
the correlations are high. The figure also depicts, for the
topology snapshot of May 2001, a scatterplot revealing
this correlation visually (the scatterplots for other snap-
shots are similar).

Date Coefficient of Correlation
August 1999 0.941
April 2000 0.936
May 2001 0.959
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Figure 2: Correlation between size and degree



4 Conclusions

In this note, we question whether the highly variable ver-
tex degree distribution of the Internet AS topology can
indeed be attributed to connectivity dynamics, as envi-
sioned by the B-A model. Based on the ubiquity of
highly-variable size distributions, and on our observed
correlation between AS size and AS degree, we ask
whether there exists an alternative explanation—namely,
that AS size determines degree and the high-variability
in degree follows naturally from the observed high-
variability in AS size.
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