Random Multigraphs

Stockholm
University

Complexity Measures, Probability Models and Statistical Inference

Termeh Shafie



Doctoral Dissertation
Department of Statistics
Stockholm University
S-106 91 Stockholm
Sweden

Abstract

This thesis is concerned with multigraphs and their complexity which is defined and quanti-
fied by the distribution of edge multiplicities. Two random multigraph models are considered.
The first model is random stub matching (RSM) where the edges are formed by randomly
coupling pairs of stubs according to a fixed stub multiplicity sequence. The second model is
obtained by independent edge assignments (IEA) according to a common probability distri-
bution over the edge sites. Two different methods for obtaining an approximate IEA model
from an RSM model are also presented.

In Paper I, multigraphs are analyzed with respect to structure and complexity by using
entropy and joint information. The main results include formulae for numbers of graphs of
different kinds and their complexity. The local and global structure of multigraphs under
RSM are analyzed in Paper II. The distribution of multigraphs under RSM is shown to
depend on a single complexity statistic. The distributions under RSM and IEA are used for
calculations of moments and entropies, and for comparisons by information divergence. The
main results include new formulae for local edge probabilities and probability approximation
for simplicity of an RSM multigraph. In Paper III, statistical tests of a simple or composite
IEA hypothesis are performed using goodness-of-fit measures. The results indicate that even
for very small number of edges, the null distributions of the test statistics under IEA have
distributions that are well approximated by their asymptotic x2-distributions. Paper IV
contains the multigraph algorithms that are used for numerical calculations in Papers I-I11.
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1 Introduction

1.1 Multigraphs and Applications

Network data involve relational structure representing interactions between actors and are
commonly represented by graphs where the actors are referred to as vertices and the relations
are referred to as edges connecting pairs of vertices. These kinds of data arise in a variety
of fields including computer science, physics, biology, sociology and economics. Statistical
analysis of network data is treated in a book by Kolaczyk (2009) and in survey articles by
Frank (2005, 2009, 2011b). Many other issues concerning network analysis are also found
in the encyclopedia edited by Carrington, Scott and Wasserman (2005), Meyers (2009), and
Scott and Carrington (2011).

In this thesis, mainly undirected graphs representing symmetric relations are considered.
An edge with both ends connected to a single vertex is called an edge-loop (or shortly loop),
and two or more edges connected to the same pair of vertices are called multiple edges. A
simple graph is defined as a graph with no loops or multiple edges and a multigraph is
defined as a graph where loops and multiple edges are permitted. Multigraphs appear
natural in many contexts, for instance social interactions between people during a period of
time, business contacts between companies in a region or industry, and internet connections
between websites or between email users during a period of time. Multigraphs can also be
obtained by different kinds of vertex and edge aggregations. For instance, several simple
graphs representing different binary relations can be aggregated to a multigraph. Examples
and illustrations of such aggregations are given in Paper III.

1.2 Random Multigraph Models

A random multigraph is a family of multigraphs with a probability distribution, and ap-
propriately chosen it can be a model for a considered application. The degree of a vertex
is the number of edges incident to it, with loops counted twice. Various models have been
proposed to study random graphs with fixed or modeled degrees, degree distributions or
expected degrees. The classical random graph introduced by Erdos and Rényi (1959, 1960)
has independent edges and is fully symmetric with a common binomial distribution for the
degree at any vertex. The Erdos-Rényi model has been extensively studied but does not
address many issues present in real network dynamics. Therefore, several related models
have been proposed. Some of these models are briefly reviewed here. A so called small-
world model starts with a ring lattice of vertices and a fixed number of edges at each vertex.
With some probability p, each edge in the graph is randomly moved to another position
according to a procedure called rewiring (Watts and Strogatz, 1998). For p close to 0, the
resulting graph is close to regular while for p close to 1, the resulting graph is close to
the Erdos-Rényi random graph. In another generalized random graph model, each vertex
receives a weight. Given these weights, edges are assigned to sites of vertex pairs indepen-
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dently, and the occupation probabilities for different sites are moderated by the weights of
the vertices. One such model is the preferential attachment model (Barabasi and Albert,
1999) in which the growth of the random graph is modeled by adding edges to the already
existing graph in such a way that vertices with large degrees are more likely to be connected
to the newly added edges. Several other methods for generating such random graphs can
be found in Blitzstein and Diaconis (2011), Bayati, Kim and Saberi (2010), Britton, Deijfen
and Martin-Lof (2006), and Chung and Lu (2002).

In this thesis, two main multigraph models are considered. The first model is random
stub matching (RSM) which is also referred to as the configuration model or the pairing
model by e.g. Janson (2009), Bollobas (1980), and Bender and Canfield (1978). Stubs or
semi-edges are vertices that are paired to an edge. Under RSM, the edges are formed by
randomly coupling pairs of stubs according to a fixed stub multiplicity or degree sequence.
Thus, edge assignments to vertex pair sites are dependent. The second multigraph model
is obtained by independent edge assignments (IEA) according to a common probability
distribution over the sites. Further, two different methods are presented for obtaining an
approximate IEA model from an RSM model. The first method is obtained by assuming that
the stubs are randomly generated and independently assigned to vertices, called independent
stub assignments (ISA), and can be viewed as a Bayesian model for the stub multiplicities
under RSM. The second method of obtaining an approximate IEA model is to ignore the
dependency between edges in the RSM model and assume independent edge assignments
of stubs (IEAS). This can be viewed as repeated assignments with replacements of stubs,
whereas RSM is repeated assignments without replacement of stubs.

1.3 Entropy and Information Divergence

Information theoretic tools based on entropy measures can be used to describe, evaluate
and compare different models, and they are particularly useful to analyze variability and
dependence structures in multivariate data of network type. A survey of these information
theoretic tools can be found in Frank (2011a), Gray (2011), and Kullback (1968). The most
common units of information are binary digits (bits) that are based on the binary logarithm.

Entropy can intuitively be understood as a measure of information (uncertainty or vari-
ability) associated with a random variable. Similarily, joint entropy can be understood as
the amount of joint information in two or more random variables. A more technical inter-
pretation of entropy refers to a property of latent codes. Consider repeated independent
outcomes of a random variable with N different possible outcomes and with entropy H.
The outcomes can be assigned binary sequences of different lengths according to a prefix
code that requires in the long run no more than H bits per outcome. This corresponds to
2H latent code sequences with uniform probabilities instead of N outcomes with arbitrary
probabilities. The length of the latent codes, the entropy H, is called the information in
the outcomes, and the extra length that a binary code would require for the outcomes,
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log N — H, is called the redundancy in the outcomes.

Information divergence compares two distributions with positive probabilities over the
same space of N outcomes, P = (Py,..., Py)and Q = (Q1,...,®@n). In code language, the
divergence is the number of additional bits required when encoding a random variable with
a distribution P using an alternative distribution Q. Thus, the divergence measures the
expected number of extra bits required to code samples from P when using a code based
on Q, rather than using a code based on P. Formally, the divergence between P and Q is
given by

al 1 1] & o
DP,Q) = ZPZ- [logQ —logP] = ZPilogal' ,
i=1 ! ' i=1 !

which is an expected log-likelihood ratio. With Q uniform, the divergence equals the re-
dundancy. The divergence is non-negative and zero only when the two distributions are
equal.

1.4 Complexity Measures

Complexity is a general property considered in many different contexts and used with or
without a specific definition. Complexity in graphs has been given different definitions in
the literature. For instance, Karreman (1955) and Mowshowitz (1968) deal with complexity
properties of graphs used as models for molecules with chemical bonds between atoms. The
complexity concept used in these references is not the same as those in this thesis. However,
a common feature of many complexity concepts is that they seem to be well described and
analyzed by information measures based on entropy.

In this thesis, the complexity of a multigraph is defined and quantified by the distri-
bution of edge multiplicities, that is the frequencies of vertex pairs with different numbers
of multiple edges. Summary measures of this distribution might be of interest as measures
of complexity focusing on special properties of the graph. For instance, the proportion of
multiple sites or the average multiplicity among multiple sites are simple measures of com-
plexity focusing on any kind of deviation from graphs without multiple edges. If loops are
forbidden, this amounts to deviation from graph simplicity. A special class of complexity
measures focuses on the frequency of graphs of different kinds that have the same com-
plexity. Since these numbers might be very large, it is convenient to consider logarithmic
measures which are similar to measures based on entropy. The problems of judging the
complexity of the set of possible multigraphs and of finding distributions of complexity
measures in different random multigraphs are considered.
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2  Summary of Papers

2.1 Paper I: Complexity of Families of Multigraphs

This paper analyzes multigraphs with or without vertex and edge labels with respect to
structure and complexity. Different types of equivalence classes of these multigraphs are
considered and basic occupancy models for multigraphs are used to illustrate different graph
distributions on isomorphism and complexity. The loss of information caused by ignoring
edge and vertex labels is quantified by entropy and joint information. Further, these tools
are used for studying random multigraph properties like uncertainty about outcomes, pre-
dictability of outcomes, partial complexity measures and flatness of probability distribu-
tions. The main findings can be summarized as follows. General formulae for numbers of
graphs in equivalence classes of different kinds are derived and compared to entropies. The
entropy of random multigraphs is decomposed according to complexity, graph structure,
vertex labeling and edge labeling. It is illustrated how complexity can be captured by par-
tial complexity measures and in particular, the loss of information in partial complexity
measures is determined. The probability distribution of number of vertex pairs with no or
single edges is specified and compared to the probability distribution of total complexity.

2.2 Paper II: Random Stub Matching Models of Multigraphs

The local and global structure of multigraphs under RSM are here analyzed and compared
to IEA models using moments, entropies and information divergences. The local structure
of the number of loops at a fixed vertex and the number of edges between two distinct
vertices are analyzed. Their moments are determined as functions of the number of edges,
denoted m, and the degrees of the vertices. Information divergence and entropies are used to
compare the marginal edge multiplicity distributions under RSM and IEA. Approximations
to the entropies are given and numerically investigated. The main results concerning the
distributions of edge multiplicities at local sites can be summarized as follows. The variance
of the number of loops under RSM is shown to be less than the variance under IEA, except
for some degenerate cases. The variance of the number of edges between two distinct vertices
under RSM is generally less than the variance under TEA, except for special cases where
the degrees of the two vertices lie symmetrically around m and are given by m + k for any
non-negative integer k less than a specified limit. For these special cases, the entropies are
much higher for IEA than for RSM, and entropy approximations are very good for the IEA
distributions but not for the RSM distributions. A new formula for the probability of an
arbitrary number of loops at a vertex and the more intricate expression for the probability
of an arbitrary number of edges at any site is found.

The global structure of multigraphs is analyzed by the multivariate distribution of edge
multiplicities. Simplicity and complexity of multigraphs under RSM are investigated. Two
well known asymptotic results for the probability that an RSM multigraph is simple are



numerically investigated and an alternative way of approximating this probability is pre-
sented. Some other variables that identify simplicity and complexity are proposed and
investigated. The main results concerning the global structure of multigraphs can be sum-
marized as follows. The distributions of multigraphs under RSM are shown to depend on
a single complexity statistic. Entropies of the RSM and IEA distributions of multigraphs
are given and approximate entropies are found using covariance matrices. The exact and
approximate entropies are close to the upper bounds of the exact entropies. The multi-
graph distributions under RSM and IEA are different due to very different ranges. For
regular multigraphs, both the RSM and IEA distributions cluster at the high probability
sites when more edges are added and are therefore less flat for large values of m. The two
asymptotic formulae for the probability that an RSM multigraph is simple do not perform
well for multigraphs with small numbers of vertices and edges and the new proposed ap-
proximation is shown to perform better. The moments of some suggested variables that
identify simplicity and complexity are shown to be more easily handled under IEA, and
the ISA model is introduced as a method to get an IEA distribution. Using this method,
further approximations to the RSM entropy are derived. For uniform or close to uniform
degree distributions, the approximations are good even for small multigraphs, and for skew
distributions they are good for multigraphs with many edges. An asymptotic equipartition
property is shown to give yet another approximation that works reasonably well except for
multigraphs with skew degree sequences and few vertices.

2.3 Paper III: Statistical Analysis of Multigraphs

Statistical properties are here investigated for some probabilistic multigraph models con-
sidered in Papers I and II. Multigraph models defined by RSM and the closely related TEA
models are statistically analyzed by using the multiplicity sequence m of an observed multi-
graph with n vertices and m edges. Two particular kinds of IEA models are investigated,
both of which can be considered as approximations to RSM models. Tests are based on m
mostly by considering goodness-of-fit statistics S of Pearson type and T of likelihood ratio
type. For IEA models it is well known that for large number of edges, these test statistics
have asymptotic y2-distributions. Some problems we want to specifically analyze are how
the test statistics behave for small m and compare their behaviour under RSM and IEA.
To that end critical regions of the goodness-of-fit statistics with a given significance level
« according to their asymptotic distributions are chosen, and answers to questions like the
following are searched for. Are the actual significance levels of S and T for small m far from
a? Is the convergence of the cumulative distribution functions of S and 7T slow or rapid?
Does it depend on specific parameters in the models? Can better approximations to the
actual distributions be obtained by using information about moments and adjustments of
the y2-distributions? Can power approximations be made for S or T for small m? How is
power related to parameters of the models? How can RSM be tested and how does RSM
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influence the distributions of the goodness-of-fit statistics? The main results obtained can
briefly be summarized as follows. Even for very small m, the null distributions of the test
statistics S and T under IEA have distributions that are fairly well approximated by their
asymptotic distributions. This holds true for testing simple as well as composite hypotheses
with different asymptotic distributions. The influence of RSM on both test statistics is sub-
stantial for small number of edges and implies a shift of their distributions towards smaller
values compared to what holds true for the null distributions under IEA. Tests of RSM can
be made by critical regions for m, but S and T cannot distinguish RSM from ITEA. The
non-null distributions of S and T needed for determining power can be approximated by
adjusted x2-distributions. It is possible to judge how powers depend on the parameters of
the IEA models. More details about significance and powers are reported in the paper with
numerous numerical illustrations in plots and tables.

2.4 Paper IV: Some Multigraph Algorithms

In the Papers I-111, there are several illustrations that require developments of algorithms
for the numerical calculations. I have written these algorithms myself. I am sure that more
efficient algorithms can be developed and even found in the computer science literature for
some of the cases.
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Complexity of Families of Multigraphs

Ove Frank and Termeh Shafie

Abstract

This article describes families of finite multigraphs with labeled or unlabeled edges
and vertices. It shows how size and complexity vary for different types of equivalence
classes of graphs defined by ignoring only edge labels or ignoring both edge and vertex
labels. Complexity is quantified by the distribution of edge multiplicities, and different
complexity measures are discussed. Basic occupancy models for multigraphs are used
to illustrate different graph distributions on isomorphism and complexity. The loss of
information caused by ignoring edge and vertex labels is quantified by entropy and joint
information that provide tools for studying properties of and relations between different
graph families.

Keywords: labeled graph, edge multiplicity, complexity measure, entropy, joint infor-
mation, isomorphism.

1 Introduction

Typical applications of graphs consider sequences of edges associated with vertex pairs. For
instance, records of telephone calls, internet connections, money transactions or business
contacts during a period of time and their distributions on pairs of individuals, addresses,
bank accounts or companies are four such applications. Multigraphs appear natural in
many such contexts. A random multigraph is a family of multigraphs with a probability
distribution, and appropriately chosen it can be a model for the application. Information
theoretic tools can be used to describe, evaluate and compare different models, and they are
particularly useful to analyze variability and dependence structures in multivariate data of
network type. A survey of such information theoretic tools based on entropy measures is
given by Frank(2011a). Statistical analysis of network data is treated in a book by Kolaczyk
(2009) and in survey articles by Frank (2005, 2011b). Many other issues concerning network
analysis are also found in the encyclopedia edited by Carrington, Scott and Wasserman
(2005), Meyers (2009), and Scott and Carrington (2011).

Frank: Department of Statistics, Stockholm University, S-106 91 Stockholm, ove.frank@stat.su.se
Shafie: Department of Statistics, Stockholm University, S-106 91 Stockholm, termeh.shafie@stat.su.se



This article focuses on basic occupancy models adapted to fit multigraphs. The com-
plexity of a multigraph is defined as its multiplicity distribution, that is the frequencies of
vertex pairs with different numbers of multiple edges. The relationships between labeled
and unlabeled graphs, isomorphism and complexity are specified in the next section. The
numbers of graphs of various types are given and illustrated in Sections 3 and 4. Sec-
tion 5 describes different complexity measures. Uniform graph models are analyzed and
illustrated in Sections 6 to 8. Some other models are presented in Section 9 together with
some comments on extensions and references.

2 Basic Concepts and Notation

A finite graph g with n labeled vertices and m labeled edges associates with each edge
an ordered or unordered vertex pair. Let V = {1,...,n} and £ = {1,...,m} be the
sets of vertices and edges labeled by integers, and denote by R the set of available sites
of vertex pairs for the edges. For directed graphs R = V2 or R = {(i,j) € V% : i # j}
depending on whether or not loops are allowed. For undirected graphs we use the site space
R={(i,j)eV?:i<j}or R={(i,j) € V?:i< j} and consider (i,7) with i < j as a
canonical representation for the unordered vertex pair. Let r be the number of sites so that
r=n2 n(n-1), (";rl) or (4) for the cases mentioned. The graph g : E — R is an injective
map that is represented by an ordered sequence

g=1(91,---,9m) € R™
of m sites for the edges, or, equivalently, by an ordered partition
M = (Mj; : (i,]) € R)
of r disjoint subsets of edges for the sites. Here
M;j={keE:g,=(ij)} for (i,j)eR.

Edges at the same site are called multiple edges, and the number of multiple edges at site
(i,7) is the multiplicity denoted by m;; for (i, j) € R. We use the notation

g+ M

for the bijection between the two representations of the graph g.

If edges are not distinguished, their labels can be ignored, and order in g is irrelevant.
A representation for the graph with labeled vertices but unlabeled edges is denoted by g*
and defined by listing the sites in g in some canonical order such as

(L)< (L2)<...<(Lin)<(2,1)<(2,2) < ... .



A convenient shorthand notation is
g =((4,5)":(i,j) € R) .

There is a bijection between the unordered site sequence for the edges and the multiplicity
sequence for the edges:
g m=(my;:(i,j) €R) .

If both vertex labels and edge labels are ignored, the isomorphic unlabeled graph is rep-
resented by G. The unordered version of M is an unordered partition M* of the edge set
into r subsets. The unordered version of the multiplicity sequence m is an unordered par-
tition m* of m into r non-negative integers. There is a bijection between this partition and
the sequence of frequencies of sites with multiplicities 0,1, ...,m given by r = (r9,...,7m)
where

rE = Z I(mij =k) for k=0,1,....,m.
(1,j)ER
Thus,
m‘<r,

and the sequence r is called the complexity of the graph g. Figure 1 shows a schematic view
of bijections and other functional relationships between the various concepts introduced
here. The functional relationships comprise canonizing ordering (denoted by %), specifying
multiplicities m = m(g), specifying isomorphism G = G(m) which is a function of m, and
specifying complexity r = r(G) which is a function of G. With an abuse of notation we
also write G = G(m) = G(g) and r =r(G) =r(m) = r(g).

M

N\

— M~

[ ]

+— T

D+ +——09

l

Figure 1: Relationships between graphs, multiplicity and complexity.



3 A Numerical Example

The different concepts introduced are illustrated and visualized by considering a simple
example before we turn to general formulae for numbers of graphs and equivalence classes
of different kinds.

Consider undirected graphs with n = 4 labeled vertices and m = 3 labeled edges with
loops not allowed so that » = 6. Here m < r and all partitions of 3 into positive integers
can be used to find the possible multiplicity sequences. Thus the multiplicity sequences
divide into three equivalence classes corresponding to permutations of (3,0,0,0,0,0), of
(2,1,0,0,0,0), and of (1,1,1,0,0,0). In a shorthand notation, these permutations may
be written as ~30°, ~210%, and ~1303. The classes have complexity sequences (5,0,0, 1),
(4,1,1,0), and (3,3,0,0). The classes consist of 1,2, and 3 non-isomorphic graphs shown in
Figure 2.

sl NI

Figure 2: Unlabeled graphs according to complexity.

Each of the non-isomorphic graphs comprise different numbers of vertex and edge labeled
graphs. Vertex labels can be assigned to the non-isomorphic graphs in 6, 24, 6, 4, 12,
and 4 ways, and edge labels can be assigned to each vertex labeled graph with the same
complexity in 1, 3, and 6 ways in the order shown in Figure 2. Table 1 lists the number
of unlabeled graphs #(G|r), the number of vertex labeled graphs #(m|r), and the number
of fully labeled graphs #(g|r) for each complexity sequence r. Table 2 gives the numbers
#(m|G) and #(g|G) of vertex labeled and fully labeled graphs for each isomorphism class.

Table 1: Distributions on complexity for graphs with 4 vertices, 3 edges and no loops.

Complexity (5,0,0,1) (4,1,1,0) (3,3,0,0) Total
Unlabeled graphs 1 2 3 6
Vertex labeled graphs 6 30 20 56
Fully labeled graphs 6 90 120 216




Table 2: Distributions on isomorphism for graphs with 4 vertices, 3 edges and no loops.

Isomorphism o o o oo ° Total
Vertex labeled graphs 6 24 6 4 12 4 56
Fully labeled graphs 6 72 18 24 72 24 216

4 Numbers of Graphs

The number of multigraphs with n labeled vertices, m labeled edges and r available sites of
vertex pairs for the edges is given by the number of sequences g, which is denoted #(g) = ™.
When edge labels are ignored, the number of graphs is given by the number of multiplicity
sequences m, which is the number of ordered partitions of m into r non-negative integers:

4(m) = <'m—|—r—1> ‘

m

Each graph with only vertex labels can be edge labeled in the number of ways that g* can
be permuted, which is equal to

m m!
#(glm) = <m> = 7H(i,j)eRmij! :

The total 7™ =3 () is a sum over (m+n’;_1) terms.
Different fully labeled graphs are isomorphic if they are equal when vertex labels as well
as edge labels are ignored. The number of isomorphic fully labeled graphs is given by (z)

multiplied by the number of isomorphic vertex labeled graphs with no edge labels. Formally,
m
G) = G
#(elG) = () #(m(c)

since (;”1) is invariant for graphs isomorphic to G.
Multiplicity sequences have the same complexity if they are permutations of the same
m*. There are (;) such permutations where r <> m*. Thus,

i) = (1) = e

is the number of graphs with vertex labels but no edge labels having complexity r. The
number of fully labeled graphs with complexity r is obtained by multiplying #(m|r) with

#(g|m): N o
#6 = () () - T
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The number of different complexity sequences r is the same as the number of unordered
partitions of m into r non-negative integers. This number is the sum of the numbers of
unordered partitions of m into k positive integers for k = 1,2,..., min(r, m). If a,,; denotes
the number of partitions of m into k positive integers and a,, = am1 + ... + Gmm is the
number of partitions of m, it is possible to show that a;,x = am_k for k > m/2. Tables of

A, and a,y for k <m/2 and m = 1,2,... can be used to find
Y pe1 Gmk for r < %
#(r) = Dpemyelar +ame) for 5 <r<m
am forr>m.

Such tables are available, for instance, in Comtet (1974).

5 Complexity of Graphs

The complexity sequence r contains the distribution of multiplicities among the sites. Sum-
mary measures of this distribution is of interest as measures of complexity focusing on
special properties of the graph. For instance, the proportion of multiple sites

(r—ro—r1)
r
or the average multiplicity among multiple sites
(m—m1)
r—To—1T1

are simple measures of complexity focusing on any kind of deviation from graphs without
multiple edges. If loops are forbidden, this amounts to deviation from graph simplicity.
A measure that linearly combines the frequencies of different multiplicities is given by

5 (5

which counts the number of pairs of edges associated with the same site. If loops are
forbidden, this measure is positive if and only if the graph is not simple. Another linear

measure with this property is
m
Z ri log k! |
k=0



which is the logarithm of the common number of permutations that leave the edge sequence
g invariant for graphs of complexity r.

A special class of complexity measures focuses on how many graphs of different kinds
that have the same complexity r. Since these numbers can be very large, it is convenient to
consider logarithmic measures. For vertex labeled and fully labeled graphs with the same
complexity, the measures are

log #(m|r) =logr! — logr! = logr! — Zlogrk!
k=0

and
m

log #(g|r) = logm! + log r! — Z(rk log k! 4+ logrg!) .
k=0
These measures are similar to measures based on entropy, which characterizes flatness of
the relative frequency distributions m/m and r/r. Entropy can be considered as a measure
of the range or dimension of a latent flat distribution (see Section 7). The entropy of the
relative edge frequencies at different sites is given by

hm/m) = > @(mi;/m)

(3,7)ER

where
| —plogp forp>0
@(p)_{o forp=20.

The entropy of the relative site frequencies for different multiplicities is given by
m
hr/r) =7 olr/r)
k=0

It follows that the entropy of m/m is equal to

m

1
h(m/m) =logm — — g riklogk .
m
k=2

This entropy is non-negative, zero only for all edges at the same site, and it attains a maximal
value of logr only if m is a multiple of r and the multiplicity distribution is uniform with
the same multiplicity m/r at all sites. For m < r, the maximum is logm and is attained
for all edges at different sites. For other cases with m > r the maximal value is somewhat
below log r and attained for an almost uniform distribution.



It also follows that the entropy of r/r is equal to

1 m
h(r/r) =logr — - Zrk logry .
k=0

This entropy is non-negative, zero only for all multiplicities equal, and it attains a maximal
value of log(m + 1) only in the degenerate case m = 1,r = 2. The maximal values for other
cases are lower but not easily found.

For large values of m, Stirling’s formula can be used to show that

h(m /m) = %bg <Z‘l> 10 (

so that the entropy of m/m is approximately equal to the average number of bits (provided
logarithms to base 2 are used) per edge needed to generate all g corresponding to m.

logm

) = o o #(elm)

6 Uniform Graph Models

The classical occupancy models with equal or unequal objects distributed among equal or
unequal sites can be modified to fit graph data with its special combinatorial structure for
the sites. We focus here on uniform distributions for different families of graphs. Families
of graphs are conveniently specified as random graphs. The uniform distributions might be
null models used to test or explore empirical graph families. The range of applications for
such null models is conveniently extended to families of subgraphs induced by vertices of
special kinds.

Assume that £ is the edge sequence of a random graph that is uniform with probabilities

1
P(Ezg):r—m for ge R™.
In this case the probability distributions of the different functions m(§), G(§), and r(§)

are simply given as the relative frequencies of outcomes of £ that are consistent with the
outcomes of the functions. Thus

p(a(g) =¢) =189
P(x(€) = —




The entropy of a random variable is the same as the entropy of its probability distribution,
SO
H(E) =) o(P(¢=g))=mlogr .
g

Using calculation rules for entropy (given for instance in Frank, 2011a) it follows that

T S R

Using that m;;(£§) is binomially distributed with parameters m and 1/r, the entropy of the
multiplicity sequence can be expressed as

o rm (1\F 1\ *
H(m(§)) :mlogr—logm!—i—rz <k> <r> <1— r) log k! .
k=2

The entropies of G(£) and r(§) can be numerically evaluated but seem to have no explicit
formulae.

H(m(©) = 116) - £ 1oz ()]
H(G(E) = H(E) - B#(ECE)]

Consider now an alternative model with edge sequence 1 assuming that m(n) is uniform
and that n conditional on m(n) is uniform. In this case

P(m(n) = m) (mﬁ_l),
P(r(n) = 1) = (mﬁr)l) |
1
P —7
=8 =
and



The two uniform models considered are in physics referred to as the Maxwell-Boltzmann
model with uniform distribution of unequal particles in unequal cells, and the Bose-Einstein
model with uniform distribution of equal particles in unequal cells.

For the fully labeled graphs the entropy of £ is maximal, and the entropy of 1 deviates
by

Dy =H(&) — H(n)
from it. For the vertex labeled graphs the entropy of m(n) is maximal and the entropy of
m(§) deviates by
Dy = H(m(n)) — H(m(§))

from it. Therefore the reductions in entropy caused by omitting edge labels is larger for &
than for n,

H(§) — H(m(§)) = H(n) — H(m(n)) ,

and the difference between the reductions is equal to the sum D; + D5 of the two deviations
from maximal entropy. This can also be expressed as the following ordering of the entropies

H(m(§)) < H(m(n)) < H(n) < H(E) -

Some of the simplified complexity measures mentioned in Section 5 rely on the frequen-
cies of sites with no or single occupancy only. The distributions of ro(&€) and (&) are
obtained as marginal distributions of r(§). For ro(£) the marginal probabilities are given
by

7!
P(TO(é)ZTO) = Zsm(rl)---;rm)

ro! r™

_ st =) 01

rol rm
Here the sum extends over (r1,...,7,,) satisfyin mory=r—r9and > .k r, =m.
) ) ymg k=1 k=1
The term '
m!
Sm(’l“l, ey T'm) = —HZL:1 LIk Tk!

counts the number of partitions of the edge set into r1 singletons, ro parts of size 2, etc.
The sum is equal to S(m,r — rg), which is a Stirling number of the second kind for the
number of partitions of an m-set into r — ry non-empty disjoint subsets.

For the bivariate distribution of (ro(£€),71(€)) the probabilities for ro < 7 and r; <
min(m,r — ro) are obtained as

!
Prof€) =ro,m1(€) =) = e S Sm(0ra )

where the sum extends over (r,...,ry) satisfying Y )" orp =r—r9—ryand Y, ok 1 =
m — r1. Thus, to evaluate the sum we need to specify the partitions of m — 7y into r’ =
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r —rg —ry integers larger than 2 and find the terms separately. The number of terms is the
same as the number of partitions of m’ =m —ry — 7' = m —r +rg into r’ positive integers,
that is the number a,,/,» given at the end of Section 4.

Upper and lower bounds to the bivariate probability can be found much easier, and they

are based on that
m! Sy (ra...,7m)

m/! [y ke

Sm(O,TQ. . .,Tm) =

where
-1 m

m = krkH:Z(k—l)rk:m—r—i—ro.
1 k=2

3

e
Il

Moreover, the geometric mean of the multiplicities is bounded between 2 and the arithmetic
mean, which implies that there are bounds o and 3 so that

a=2"< r[k:"’C < [(m'+r’)/r’]rl =4
k=2
for v > 0 and m’ > 0. Therefore,

m! Sy (re, ... rm) m! Sy (re, ... rm)

m'l 3

S Sm(O,TQ,...,’I“m) S

m'l «a
and, consequently,

rlm! S(m/,r") rlm! S(m/,r")

< P(ro(§) =ro,71(§) =11) <

ro! r!m/lrm g —

ro! ri! m!lrm o’
where the lower bound to the probability is often quite accurate.
The probability that there are no multiple edges is given by

()

= for r>m.
r

P(ri(§) =m) = P(ro(§) = r —m,ri(§) =m) =

The distributions of 79(n) and r1(n) for the model with uniform vertex labeled graphs
are given by
T m—1
P(ro(n) =ro) = (m)m(i?f’ll) for r7o=0,1,...,r—1
(")
and ( r ) (7"77‘0) (m77"+r071)
P(ro(n) = ro,r1(n) =) = = rEm+:_1T;r11

m

for ro < r and r; < min(m,r — rg). The first case is proved by noticing that when the
empty sites have been chosen, the remaining r’ = r — rg sites should have at least one edge
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per site, and the remaining m’ = m — r’ edges can be distributed in any of (m/ﬂ,,_l) ways.

Similarly, in the second case, when the rg empty sites and the r; single occupancy sites have
been chosen, the remaining ' = r — ry — r1 sites should have at least two edges per site,
and the remaining m’ = m — r; — 21’ edges can be distributed in any of (m/t,:,/*l) ways.

In this model the probability that there are no multiple edges is given by

(m)
P(ri(n) =m) = P(ro(n) =r —m,r(n) =m) = W for ™>m.
m
Now (m+n:_1) =r(r+1)---(r+m—1)/m! > r™/ml, so obviously the graph property
of having no multiple edges has a smaller probability under the n-model than under the
&-model.

The entropy of (rg(n),r1(n)) is smaller than the entropy of the complete complexity
sequence r(n). The difference reveals how much information is lost by using the simpler
complexity measure. A simple illustration showing that simple complexity summaries can
be quite satisfactory is given in Table 3. We see that the outcomes of (rg,r1) match r quite
well, so that there is not much uncertainty about r when (rg,r;) is known. In fact, for
the &-model the entropies are H(r(§)) = 2.82 and H (ro(€),r1(€)) = 2.78 so only about one
percent of the information about complexity is lost by using the simpler complexity measure.
The univariate entropies H(ro(§)) = 1.95 and H(r1(§)) = 2.50 are also retaining almost
the same information as the bivariate entropy. For the n-model we find H(r(n)) = 3.63,
H(ro(n),m1(n)) = 3.38, H(ro(n)) = 2.11, and H(r1(n)) = 2.50 which implies that about
7% of the information about complexity is lost by the simpler measure.

Table 3: Number of outcomes of complexity r = (rg,71,...,7y) for given numbers rg, r; of
empty and single occupancy sites in graphs with 5 vertices, 8 edges and no loops.

r1
70 01 2 3 4 5 6 7 8
2 1
3 1
4 1
) 1 1 1
6 1 1 2 1
T2 21
8 3 1
9 1
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7 Entropy and Joint Information

Entropies are convenient measures of variation for general random variables. They are also
useful to determine dependence and other relationships between several random variables.
This can be intuitively understood by considering entropy as a measure of information, and
interpreting it as the number of informative binary dimensions in a bijective representation
of the outcomes. The technical interpretation of entropy as information refers to a property
of latent codes. It is known that repeated independent outcomes of a random variable with
N different possible outcomes and entropy H can be assigned binary sequences of different
lengths according to a prefix code that requires in the long run no more than H binary
digits (bits) per outcome. This corresponds to 2H latent code sequences with uniform
probabilities instead of N outcomes with arbitrary probabilities. The length of the latent
codes, the entropy H, is called the information in the outcomes, and any extra length in a
binary code for the outcomes, log N — H, is called the redundancy in the outcomes.

When two random variables £ and 1 have common bits in their latent codes, they are
related, and this relationship is measured by the joint information or joint entropy

J(&m) = H(E) + H(n) — H(E,n) -

Joint information is zero if and only if the variables are independent and thus do not reveal
any information about each other. Joint information is maximal when one of the variables
is completely determined by the other. Joint information is an alternative to correlation
and other measures that require numerical variables and specify linear or special non-linear
regression relationships. Arbitrary functional relationships as well as various conditional
dependence structures can be specified by different combinations of entropy measures. See
Frank (2011a) for further details about such possibilities.

The total information in (£,7) minus the information in 7 is the expected remaining
information in £ when 7 is provided,

H(&n) — H(n) = EH(E[n)] ,

and the joint information is equal to the original information minus the remaining informa-
tion in any of the variables according to

J(&,n) = H(§) — E[H(En)] = H(n) — E[H(n|E)] -

If 7 is determined by &, the difference H () — H(n) is equal to the remaining information
in £ when 7 is provided, or, in other words, the information in £ that is lost if nothing more
than 7 is released.

Consider the edge sequence £ of a random multigraph. The entropy of G(£) mea-
sures variation from uniformity or flatness in the probability distribution over the unlabeled
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graphs. The joint information of the multiplicity sequence m(§) and the complexity se-
quence r(€) is trivially equal to the entropy of r(§) because complexity is determined by
multiplicity. Less transparent relationships between network properties might be between
number of loops and number of multiple sites or any other network characteristics of spe-
cial interest for the applications. Joint entropies reveal such relationships. Sometimes it is
possible to give explicit expressions for the measures. Some examples are given in Section 9.

8 Some Further Illustrations

Numerical algorithms have been developed to handle distributions of edges among vertex
pairs for arbitrary values of m and n. Here these algorithms are used for the case withn =6
and m = 4 in order to visualize how families of multigraphs are composed of isomorphisms
of varying complexity. We also illustrate the distributions on isomorphism and complexity
of fully labeled and vertex labeled graphs. We evaluate the possibilities to gain information
about them by using partial information.

Table 4 shows complexity distributions for uniform distributions over the fully labeled
graphs, over the vertex labeled graphs, and over the unlabeled graphs. Random variables
generating these graph families are the earlier defined edge sequences £ and n. We also
consider an edge sequence ¢ with uniform distribution of G(¢) over the isomorphisms and
with ¢ uniform conditional on G(¢).

Table 4: Distributions on complexity for graphs with 6 vertices, 4 edges and no loops.

Complexity (14,0,0,0,1)  (13,1,0,1,0) (13,0,2,0,0) (12,2,1,0,0) (11,4,0,0,0) Total
Unlabeled graphs 1 2 2 7 9 21
Vertex labeled graphs 15 210 105 1365 1365 3060
Fully labeled graphs 15 840 630 16380 32760 50625

The complexity distributions have entropies H(r(§)) = 1.11, H(r(n)) = 1.51 and
H(r(¢)) = 1.91. Maximal entropy is here equal to log 5 = 2.32. Thus, the complexity
distributions have redundancies of 52%, 35%, and 18%, and all distributions exhibit a clear
concentration towards simplicity with no or few multiple edges.

From the distributions on isomorphisms in Figure 3 it follows that H(G(&)) = 3.87,
H(G(n)) =3.95, and H(G(¢)) = 4.39. The unlabeled graphs have maximal entropy log 21
= 4.39 obtained for the (-model. The vertex labeled graphs have maximal entropy for the n-
model, and 34% of that entropy is retained by G(n). The fully labeled graphs have maximal
entropy for the &-model, and 25% of that entropy is retained by G(&). A more complete
and systematic view of how the information content in different kinds of data varies for
the three models is given in Table 5. The models are constructed to have no redundancy
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for one of the data levels. All other redundancies are between 4% and 12%, except for the
complexity level which has higher redundancies. If maximal entropy is rounded upwards, a
rough common feature of the models is apparent. Of the 16 binary dimensions required for
fully labeled graphs, about 3 are informative about complexity, another 2 are informative
about how the sites need to be ordered to achieve graph structure, another 7 are informative
about vertex labeling, and another 4 about edge labeling.

Oocl|feellel|ees cnoe

(15, 15) (120, 480) (90, 360 (60, 360) (45, 270)

(210, 840) (105, 630)

Ne Vase d1e Las & 6 ©%1

(180, 2160) (60, 720) (180, 2160) (360, 4320) (360, 4320) (180 2160) (45, 540)

(1365, 16380)

o Vo n e el idolosdatdedbsb

(30, 720) (180, 4320) (360, 8640) (60, 1440) (45, 1080 (60, 1440) (360, 8640) (90, 2160) (180, 4320)

(1365, 32760)

Figure 3: Number of labeled and fully labeled graphs for different isomophisms and com-
plexities with 6 vertices, 4 edges and no loops.

Table 5: Entropy and maximal entropy of graph data under three uniform random models
for graphs with 6 vertices, 4 edges and no loops.

Entropy of data according to

Data &-model mn-model ¢-model Maximal entropy
Fully labeled graph 15.63 15.45 14.67 15.63
Vertex labeled graph 11.44 11.58 11.07 11.58
Unlabeled graph 3.87 3.95 4.39 4.39
Graph Complexity 1.11 1.51 1.91 2.32
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9 Other Graph Models

A natural generalization of the uniform model for the sequence € = (&1, ...,&,,) of sites for
the edges is to assume that edges are independently assigned to sites according to a common
arbitrary probability distribution

p = (pij: (i,)) € R)
over the possible sites of vertex pairs. Thus,
P =g) H pm” for ge R™.
(i,j)ER

The multiplicity sequence m(§) is multinomially distributed with parameters m and p
so that

Plan(e) =m) = (11 )o™

m

for the (mt;_l) different ordered partitions m of m into r non-negative integers. The
complexity sequence r(&) has probabilities given by

Pe=n =3 (o = e e

so, unless p is uniform, the sum needs a specification of all multiplicity sequences that have
complexity r. It is straightforward to find the entropies:

H(¢)=-E [logpm(g)] = —mplogp=m Y ¢(pij) =m h(p)

(i.9)ER
and
o) ]

BNEN

=m h(p) — logm! + Z E [log m;;(&)!]
(i,J)ER

=m h(p) — logm! + Z Z (Z)pfj(l —pij)™ Flogk! .
(i,j)eR k=0
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For m > r there has to be some multiplicity larger than 1, but for m < r it might be of
interest to find the probability of no multiple edges. If loops are forbidden, this is the same
as the probability of graph simplicity. If loops are allowed, the number of loops

n
= E Myi;
i=1

and the number of sites ry and r; with no and single occupancy are statistics that suffice
to specify graph simplicity. For the £&-model with common component distribution p, the
number of loops m1(£) is binomially distributed with parameters m and p1 = Y ;" | pi;. The
number (&) of sites with occupancy k has expected value

i@l = X (F)ha-pnt dor k=01m

(i,7)ER

This implies the following expected values for the simple complexity measures given by the
number of multiple occupancy sites and the number of multiple edges:

E[?" —10(§) _7"1(5)] =r—= Z (1 _pl] -m Z p’Lj pz] -1

(i.j)eR (i.j)eR

and

Efm—r(&=m|1- > pi(l—pi)™"
(i.j)eR
The probability that there are no multiple edges is given by the sum of all ordered different
products of m of the r probabilities in p, that is by

P(r(&) =m)=my_ [] pj”

(i,J)ER

where the sum extends over all permutations of m* = (0"~""1™).

For many applications, an important generalization of independent assignments of edges
to vertex pairs is obtained by introducing stochastic processes that generate edge sequences.
A simple setup is to define r independent Poisson point processes that generate edges at
the different sites with intensities A;; for (i,j) € R. The sequence & = (&1,...,&n) has
components & that record the sites in the order the edges occur during a fixed period of
time. Such an approach is to be discussed elsewhere.

An investigation of entropy measures for occupancy models similar to those considered
here is described in an article by Frank and Nowicki (1989). They introduce a graph on
objects corresponding to our edges with their edges specifying whether or not the objects
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occupy the same site. Thus, this graph has complete connected components and is closely
related to the concepts discussed here. They also develop asymptotic results for various
entropies. Of special interest is the asymptotic entropy for the multinomial distribution,
which implies that the multiplicities of the fully labeled graphs have an entropy H(m(§))
that for large m and r with r2/m tending to zero is given by

H(m(E))z%log 2rem)" [[ »s +o< )

(i,))€ER

Complexity is a general property considered in many different contexts and used with or
without a specific definition. Complexity in graphs has been given different definitions in the
literature focusing on other graph properties than edge multiplicity. For instance, Karreman
(1955) and Mowshowitz (1968) are references that deal with completely different complexity
properties of graphs used as models for molecules with chemical bonds between atoms. A
common feature of many complexity concepts is that they seem to be well described and
analyzed by information measures based on entropy.
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Random Stub Matching Models of Multigraphs

Termeh Shafie

Abstract

This article studies the local and global structure of multigraphs under random stub
matching with fixed degrees (RSM). The local structure is analyzed by marginal distri-
butions of edge multiplicities, and the global structure is analyzed by the simultaneous
distribution of edge multiplicities. The simultaneous distribution is shown to depend on
a single complexity statistic. The distributions under RSM and IEA are used for calcu-
lations of moments and entropies, and for comparisons by information divergence. The
modified distributions are obtained by ignoring the dependencies between edges and as-
suming independent edge assignments to sites (IEA), and by ignoring the dependencies
between stubs and assuming independent stub assignments to vertices (ISA). The main
results in this article include a new formula for the probability of an arbitrary number
of loops at a vertex, and a more intricate expression for the probability of an arbitrary
number of edges at any site. Further, simplicity and complexity of multigraphs under
RSM are investigated and a new method of approximating the probability that an RSM
multigraph is simple is proposed and shown to perform well for multigraphs with small
numbers of vertices and edges.

Keywords: multigraph, edge multiplicity, entropy, information divergence, simplicity
and complexity.

1 Introduction

It is well known that different degree sequences are compatible with different numbers of
graphs. Several methods have been developed for generating random graphs with fixed or
modeled degrees, degree distributions or expected degrees. Such methods can be found
in Blitzstein and Diaconis (2011), Bayati, Kim and Saberi (2010), Britton, Deijfen and
Martin-Lo6f (2006), Chung and Lu (2002), and Bender and Canfield (1978). Random stub
matching, also referred to as the configuration model or the pairing model (e.g. Janson
2009, Bollobas 1980), generates random multigraphs by randomly coupling pairs of stubs
to form edges.
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This article focuses on both the local and global structure of multigraphs under random
stub matching with fixed degrees (RSM). The local structure is analyzed by marginal dis-
tributions of edge multiplicities, and the global structure is analyzed by the simultaneous
distribution of edge multiplicities. The distributions under RSM as well as some modified
distributions with modeled degrees are used for calculations of moments and entropies, and
for comparisons by information divergences. These modified distributions are obtained by
ignoring the dependencies between edges when they are assigned to sites (IEA) and by
ignoring the dependencies between stubs when they are assigned to vertices (ISA).

In the next section, some basic concepts such as stubs, edges, sites, multigraphs, mul-
tiplicities and complexities are presented. The uniform random stub matching procedure
given fixed degrees is described in Section 3 where the distribution of multigraphs is deter-
mined and shown to depend on a single statistic which is a special summary measure of
complexity.

The moments of the edge multiplicity distributions under RSM are derived in Section
4. The moments of the number of loops at a fixed vertex are determined as functions of the
number of edges, denoted m, and the degree at that vertex. It is shown that the variance
of the number of loops under RSM is less than the variance under IEA, except for the
degenerate cases of degree value 1 or 2m. The moments of the number of edges between
two distinct vertices are determined as functions of the total number of edges m and the
degrees at the two vertices. It is shown that the variance of the number of such edges under
RSM is generally less than the variance under IEA, except for degrees that lie symmetrically
around the total number of edges and are given by m =+ k for any non-negative integer k
less than a specified limit.

In Section 5, the distributions of edge multiplicities at local sites are investigated. The
probability of no loops at a vertex has been given in the literature (Janson 2009) but, as
far as we know, not generalized to arbitrary number of loops at a vertex. This formula
is derived using a special technique which also allows us to find the probability of edge
frequency between pairs of distinct vertices. This technique gives the trivariate distribution
of the numbers of loops and non-loops within and between two distinct vertices, and from
its marginals we obtain distributions of local edge multiplicities at any site. Although
somewhat combinatorically tedious, we also determine the range space of the trivariate
distribution.

Throughout Section 5, information divergence and entropies are used to compare the
edge multiplicity distributions under RSM and IEA. Numerical examples using the diver-
gence indicate that the distribution of loop multiplicity under RSM is closely related to
that of the IEA distribution at vertices with low degrees. The divergence increases mono-
tonically from zero to a maximal value and decreases very steeply back to zero. The results
also indicate that the discrepancy between the edge multiplicity distributions under RSM
and IEA is due to their different range spaces. Further, an illustration is given of how the
divergence between the probability distributions of local edge frequency under RSM and



TIEA varies for different degrees. The results also show how the resemblance between the
distributions increases with increasing m.

The flatness of the local edge multiplicity distributions under RSM and IEA are com-
pared using entropies. Specifically, the entropy of the loop multiplicity distribution under
RSM is shown to be more symmetrical than that of IEA, and it has its maximum around
the stub proportion value 0.5. The corresponding loop multiplicity distribution under IEA
is skew to the right and has its maximum for a stub proportion value of about 0.7. Good
approximations to the entropies of loop multiplicities under both RSM and IEA are found.

Special attention is payed to the edge multiplicity distribution for the case with two
degrees that lie symmetrically around m. For this case the entropies are much higher for
IEA than for RSM. For both RSM and IEA, we give approximations to the entropies. These
approximations are very good for the IEA distributions but not for the RSM distributions.

In Section 6 the global structure is analyzed by the distribution of multigraphs under
RSM and IEA. Under RSM, this distribution was earlier shown to depend on a single
complexity statistic, and in order to find the entropy of this distribution, results about edge
multiplicities from Section 5 are used. The approximate entropies of the RSM and IEA
distribution of multigraphs are given using covariance matrices. For both RSM and TEA,
the exact and approximate entropies are close to the upper bounds of the exact entropies.
Using the information divergence, a large deviation between the multigraph distributions
under RSM and TEA are found and the results indicate flat distributions over very different
ranges. In particular for regular multigraphs, both the RSM and IEA distribution cluster
at the high probability sites when more edges are added and are therefore less flat for large
values of m.

In the final section, the simplicity and complexity of multigraphs under RSM are studied.
Two asymptotic results for the probability that an RSM multigraph is simple are numerically
investigated, and it is shown that these probability approximations do not perform well
for multigraphs with small numbers of vertices and edges. Under certain conditions, an
alternative way of approximating the probability that an RSM multigraph is simple is
proposed. Numerical examples show that this approximation is good for small multigraphs.
Some other variables that identify simplicity and complexity are also considered, and the
moments of these variables are derived. It is shown that the moments of some of these
variables are much easier handled under IEA and a convenient way of obtaining the IEA
distribution is introduced. This is done by assuming that the stubs are randomly generated
and independently assigned to sites (ISA) and can be viewed as a Bayesian model for
the stub frequencies under RSM. Using this method, approximations to the entropy of the
distribution of multigraphs under RSM are derived. If the degree distributions are uniformly
or close to uniformly distributed, the approximations are good even for small multigraphs,
and for skew distributions they are good for multigraphs with many edges. An asymptotic
equipartition property is shown to give alternative approximations that work reasonably
well except for multigraphs with skew degree sequences and few vertices.



2 Basic Concepts and Notation

A finite undirected graph g with n labeled vertices and m labeled edges associates with each
edge an ordered or unordered vertex pair. Let V = {1,...,n} and E = {1,...,m} be the
sets of vertices and edges labeled by integers, and denote by R the set of available sites for
the edges. The site space for directed edges is V2 and the site space for undirected edges
is R ={(i,j) € V?:i < j}. We consider (i,5) with i < j as a canonical representation for
the unordered vertex pair. Let r = ("'2"1) be the number of sites in R.

The degree of vertex 7, the number of edges incident to it, is denoted d; and > d; = 2m.
The degree sequence d = (dy, .. ., d,) defines another sequence of 2m vertices or edge-stubs
corresponding to m edges without specifying the pairings of stubs to edges:

s=(...1 2...2 - n...n).

dq do dp
Thus there is a bijection d <» s and we use the shorthand notation
s =(s1,...,80m) = (1912% ... .pdn) c y2m
Let X(d) be the set of sequences x that are permutations of the stub sequence
X(d)={x=(z1,...,29m) €V :x~s},

where ~ means ”is a permutation of”. The number of permutations of a stub sequence s
obtained from the degree sequence d is given by

2m 2m)! 2m)!
= () =%

and is also denoted #(x|s) or #(x|d).
Edges at the same site are called multiple edges, and the number of multiple edges at
site (i, j) is its multiplicity denoted m;;. The multiplicity at site (i, j) € V? in x is

mij(x) = ZI((:’U21§J—1’$2I€) = (7’7.7)) :

k=1

It follows that

n n

DO mij(x) = m.(x) =m

i=1 j=1

and



The number of loops and the number of non-loops are denoted

n
mi(x) = Z m; (X) and ma(x) = Z Z mi;(x) .

i=1 i#]
When the edge multiplicities in x are arranged as a matrix we obtain the edge multiplicity
matrix

m(x) = (my;(x) : (i,4) € V?)

with loop counts mg;(x) in the main diagonal. If a matrix is created with these loop-
counts as the elements in the main diagonal and zeros outside, we obtain the loop frequency
matrix mj(x). The non-loop frequency matrix denoted mg(x) is then given as ma(x) =
m(x) — my (X).

The representation of the edge sequence is modified in two different ways. The se-
quence y = (y1,...,Y2m) is obtained from x by vertex shifts according to (yor—1,y2k) =
(min(zok—_1, Tor), max(rog_1,x9r)) for k = 1,...,m. In other words, the injective map
x — y gives an ordered sequence of m edges from R and y is the edge sequence of an
undirected graph generated from x. The number of x that yield the same y is then given as
#(x|y) = 220, The sequence z = (21,. .., z9,,) is obtained from y by ordering its edges
non-decreasingly, i.e. the injective map y — z gives an edge sequence canonically ordered
according to

(L) <(L,2)<---<(I,n) <(2,2) <(2,3) <+ < (n,n)
so that
(21,22) < (23, 24) < -+ < (22m—1, 22m) -

The edge sequence z represents the vertex labeled graph given by y without the edge
labels. The set of sequences z generated by x € X(d) is denoted Z(d). The number of x
that yield the same vertex labeled graph z is #(x[z) = > ), #(x[y) = >y, 2m2(¥) Now

ma(y) = meo(z) and '
#010)= (i) = f;

#xln) =2 ().

m(z)

so that

Here the edge multiplicity at site (7,7) € V? in y and z is equal to the common value

mi;(x) fori=j
0 foriv>j .



The common edge multiplicity matrices of y and z are triangular with zeros below the main
diagonal. Moreover, the loop frequency matrices of x, y and z are all equal. The numbers
of loops and non-loops are therefore equal to

and
ma(z) =3 > miglz) =) Y mii(x)
i<j i#j
The sum of the multiplicity matrix and its transpose is the same symmetric matrix for x,
y and z, i.e.
m(x) + m'(x) = m(y) + m'(y) = m(z) + m’(z) .

The row and column sums in this matrix are given by the degrees, and the loop counts are
doubled in the main diagonal.

Figure 1 shows a schematic view of bijections and other functional relationships between
the various concepts introduced here. The functional relationships comprise three different
edge sequences and their edge multiplicity matrices, the stub sequence, and the degree
sequence.

N

|\

m(x)— m(y)=m(z) —»

p—pw

Figure 1: Functional relationships between the edge sequences, multiplicity matrices, stub
sequence and degree sequence.

3 Uniform Stub Matching with Fixed Degrees

We focus on uniform distributions for different families of graphs which we refer to as
random graphs. Assume that £ is a random permutation of the stub sequence s defined by
the degree sequence d, i.e. £ is uniform on X (d) = {x : x ~ s} C V2™ with probabilities

P=x)=—5— for xeX(d).



Let 1 be the edge sequence of the undirected graph obtained by shifts in &. Further let ¢
be the canonical edge sequence of the undirected graph generated by & with probabilities

=> P(¢=

X|z

2m2(z) (mngz)) 2m2(z)m! d!

(23"0) - m(z)! (2m)!

2m2(@mI T, d;!
= ‘ [ Z' for ze Z(d) .
(2m)! Higj mij(z)!
Consider the ordered partition m(z) and the corresponding unordered partition of m
into r non-negative integers. There is a bijection between this partition and the sequence of

frequencies of sites with multiplicities 0, 1,...,m given by r(z) = (ro(2), ..., rm(z)) where
:ZZI(mzj(z):k‘) for k=0,1,...,m
(]

The distribution of multiplicities that is given by r(z) is called the complexity of the graph
with edge sequence z (Frank and Shafie, 2012). It is convenient to separate frequencies of
loops and non-loops and use r(z) = r1(z) + r2(z) where

r1(z) = (rio(z),...,mr1m(z)) and ra(z) = (roo(z),...,rom(2z))
with
r1k (2 meu )=k) and rox(z ZZImU for k=0,1,...,m
1<J

Using these complexities it is possible to express the probability P({ = z) as a function
of a special summary measure of complexity according to the following:

P(¢=2)=02"""

where C' = 2"m!d! /(2m)! and



Simple graphs without loops and multiple edges have ¢(z) = 0 and all simple graphs have
the same probability C'. More complex graphs have higher values of ¢(z) and smaller prob-
abilities. All graphs with a fixed value ¢(z) = ¢ of the complexity measure have the same
probability. The set Z(d) of edge sequences is partitioned according to values of the com-
plexity measure, and the set of edge sequences with complexity ¢ is denoted

Z(d,t) ={z € Z(d) : t(z) = t} .

The number of sequences in this set is denoted |Z(d, t)|= K(d,t), or simply K if d is clear
from context. The probability of complexity value ¢ is given by

Pt)=t)= > P{=2)=CK2",

z|t(z)=t
and the conditional distribution of ¢ given complexity t is equal to

c2-t 1
which is uniform on K; outcomes in Z(d,t). Neither K; nor the probability P(¢(¢) = t)
are monotone as functions of ¢. This will follow by an examination of K; in a numerical
example considered below.

Example.

Consider undirected graphs with degree sequence d = (3, 3,2,2,2,2). There are in total 784
possible vertex labeled graphs with edge sequences z in Z(d). Table 1 lists the probability
P(t(¢) = t), the number of vertex labeled graphs K}, and the probability per graph P(¢({) =
t)/K; for each complexity value 2¢. As seen, neither K; nor the probability P(¢t(¢) = t) are
monotone as functions of ¢. It is also clear that every simple graph has a higher probability
of occurring than any complex graph, and that the more complex a graph is, the smaller
probability it has. Note however that this does not mean that all unlabeled graphs of
given complexity have the same probability of occurring. This is clarified by looking at all
unlabeled simple graphs in this example. In Table 2 the number of isomophic graphs (the
number of vertex labeled graphs) are listed for the four possible unlabeled simple graphs.
We see in Table 2 that the third unlabeled graph has more edge sequences generating it
than the others, and therefore it has the highest probability of occurring.



Table 1: Complexity distribution of graphs with degree sequence (3, 3, 2, 2, 2, 2).

Complexity Probability of complexity Number of graphs Probability per graph

(2"

1 0.230170 54 0.004262
2 0.387880 182 0.002131
4 0.252522 237 0.001065
6 0.002131 3 0.000710
8 0.098035 184 0.000533
12 0.001421 4 0.000355
16 0.024242 91 0.000266
24 0.000535 3 0.000178
32 0.002398 18 0.000133
48 0.000533 6 0.000089
64 0.000067 1 0.000067
96 0.000044 1 0.000044

Table 2: Simple graphs with degree sequence (3, 3, 2, 2, 2, 2).

Unlabeled graphs I:I:I m E:I I:X Total
12 6 24 12 54

Vertex labeled graphs

4 Moments of Edge Multiplicities

In order to investigate the distribution of the edge multiplicites under random stub matching
(RSM), we start by analyzing the moments of this distribution. The probability of coupling
stubs to edges in £ is

(5)/(5) for i = j

did;/2m(2m — 1) for i #j ,

Pij = P ((§or—1,&n) = (4,7)) =



where Y1, Z?:l P;; = 1. The probability of undirected edges in 7 is thus equal to
Pa=(B)/C) fori=;
Qij = P ((m2k—1,m2k) = (i,5)) = & 2Py = did;/(*)") fori<j
0 fori>j .

Note that (72r_1,72k) are identically but not independently distributed. It is convenient to
introduce Qijre = P ((N2u—1,M2u) = (4, ) and (n2v—1,M20) = (k,¢)) for u # v. For i < j and
k < ¢ we have that Qijké = ngij.

The expected values and variances of the numbers of loops and non-loops in ) (or in the
canonical edge sequence ¢) under RSM are derived by using the first and second moments
of the edge multiplicities, which occasionally is shortly denoted m;; when randomness is
clear, i.e.

maj = mig(m) = mi;(¢) = > Tijk,
k=1

where the indicators are given by

o 1 if —1, = (2,J
Liji = I ((n2k—1.m2k) = (i, 7)) = { 0 otl(lglxgzvi;en%) (i 3)

for (i,5) € R and k € E. Now E(I;j;,) = Q4 so that
(4)/(2m —1) fori=j

didj/(Qm— 1) fori <y,

E(mi;) = mQ;j =
In order to obtain the variance of m;; under RSM, we need the covariance between indicators
I;j, and I;j. They are given by
Qij(l — Q1J> fOI" k= f
COV([ijk, Il'jg) =
Qijij — QF  fork#10,
where di\ (di—2\ /(2m\ (2m—2
(5) (")) (%) for 7 =j

Qiji = 2m\ (2m—2
did;(d; — 1)(d; — 1)/ (5") ("5 7) fori<j.
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Hence

m

Var(m;;) = Z Z Cov(1ijk, Lije)

k=1 /=1
=mQi; (1 — Qij) + m(m — 1)(Qijij — Q7))
= mQi;(1 —mQi;) + m(m — 1)Qyji;

d; d; 6 d; . )
25;3)1 (1 - 25;12)1> + (2m—1()?2)m—3) for i = j

fori<j.

did; (1 _ did; ) + d;dj(d;—1)(dj—1)
(2m—1) 2m—1 (2m—1)(2m—3)
Covariances between m;; and my, require covariances between indicators I;;,, and Iy, for
v =1,...,mand v = 1,...,m. Here i < j and k < ¢ and, since Cov(m;j, mis) =
Cov(mpe, m;j), it is sufficient to consider i < k, and for ¢ = k, only j < ¢. Explicit
expressions for such covariances will be given when needed in the sequel.
The variance of m;; under RSM can be written as

Var(m;) = 01-2]- + Ay fori<j.

Here, U?j = mQ;j(1—Q;j;) is the variance of a binomial distribution obtained by independent
edge assignments (IEA) with parameters m and @;; for i < j and
Aij = m(m —1)(Qijij — QF) -
Using these expressions we can now show for which values of d; and d; the variance of the
IEA distribution is smaller or larger than the variance of the RSM distribution of edge
multiplicity. We start with the case when i = j and search the sign of A;; for values of
d; = d where 2 < d < 2m — 1. By rewriting A;; as
(d—2)(d-3) d(d—1)

Ay =m(m—1)Qy (2m—2)2m —3) 2m@2m—1)] "’

and noticing that
d—k 1 2m —d
2m —k 2m — k
is a decreasing function of k, it follows that A;; < 0 for d < 2m. Thus, Var(m;) < o2
for 1 < d < 2m and Var(m;;) = o2 only for the degenerate cases d = 1 and d = 2m with
o2 =0.
When i < j, set a = min(d;,d;) and b = max(d;,d;) and search the sign of A;; for
different pairs of values (a,b) with 1 <a < b and a+ b < 2m for m > 1. By rewriting A;;
as

a—1)(b—1 ab
= =100y | B~ |

11



we see that A;; has the same sign as the function

o= S G (1-2) () (-2) (-5

Now f(a,b) <0for1<a<b<m-—1,and f(1,b) <0 for 1 <b < 2m—1. For fixed value a
or fixed value b, f(a,b) is increasing in the other variable. Moreover, f(m,m) > 0. In order
to find the critical curve between positive and negative values of f(a,b), we set f(a,b) =0
and solve for b to get

a—1
b= ad — 1"’
where 6§ = (4m — 3)/m(2m — 1) and between 0 and 1. The intersection between this curve
and the upper boundary b = 2m —a of the (a, b)-region defined by 1 < a < band a+b < 2m
is obtained as the solution to the quadratic equation

with roots
m(m — 1)
=mt
a=m 4m — 3

The relevant root is m — y/m(m — 1)/(4m — 3) since a = min(d;, d;) cannot be larger than
m. It follows that

m(m — 1)
dm —3

-1
f(a,2m —a) >0 for m—\/%<a§m,
-1
a,2m—a) = I a=m— mm=2) 1s 1nteger.
fla,2 0 if 4(m—3) is i

With a similar investigation of the line b = 2m — 1 — a and the critical curve, we find no
intersection and therefore f(a,b) <0 for 1 <a <b < 2m — 1 — a. The conclusion is that

—1
A;; >0 only for m—“m<a:2m—b§m,
4m — 3

that is for the [\/m(m —1)/(4m — 3)-‘ integer points (a,2m — a) with

m(m — 1) <
TN Ty —g S="

12

fla,2m —a) <0 for 1<a<m-—

and




on the upper boundary. Moreover, A;; < 0 for the other m? — {\/m(m —1)/(4m — 3)—‘

points (a,b) in the (a,b)-region. Thus the RSM distribution of m;; has a variance that is
smaller than U?j unless d; and d; lie symmetrically around m and are given by m &+ k for
some non-negative integer
m(m — 1)

dm —3
It also follows that the variance is maximal for k& = 0 and decreases for increasing k. The
case m = 20 is illustrated in Figure 2 where the points with positive A;; are marked with

().

k<

40+

r
1
1
1
1
1
|
1
1
1
1
1
1
1
1

max(di, d])

b

edeo

10F-------

a = min(d;, d;)

Figure 2: Points and critical curve. Points represent posssible degree pairs (a,b) at a given
vertex pair in a graph with m = 20 edges. A critical curve is separating points with positive
and negative variance difference A;; between the edge multiplicity distributions obtained at
(a,b) by random stub matching and by independent edge assignments. The points where
the stub matching has larger variance are marked by ().
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5 Distributions of Edge Multiplicities

In this section, some new results on distributions of edge multiplicities for graphs obtained
by random stub matching (RSM) are derived. There are many asymptotic results in the
literature (e.g. Bollobas 2001) but we are also interested in exact results for fixed degree
sequences. Specific results for no loops and no multiple edges have been discussed in Janson
(2009) and Bollobas (1980), where random stub matching is referred to as the configuration
model or the pairing model.

The probability of no loops at vertex ¢, denoted Py, is given by Janson (2009) as

d;

2m—di—j—i—1
Py = .
h=11 2m —2j + 1

Jj=1

He gives no formula for arbitrary numbers of loops at ¢ but notes that it is more difficult to
find the probability of no multiple edges due to the complications caused by loops. We now
derive a formula for an arbitrary number of loops at vertex ¢ under RSM and get in particular
a simple expression for the number of no loops at i. This technique can be generalized and
used to derive the probability of arbitrary multiplicities at any site (i,5) € R.

Consider the probability of v loops at vertex ¢ under RSM denoted by P, = P(m;;(n) =
v) = P(m; = v) for v =0,...,m. To find how many of the (231) possible stub sequences
that generate v loops at ¢, arrange m edges with v loops at i, d; — 2v edges with the
remaining i¢-stubs, and m — d; + v other edges. This number of arrangements is given by

the multinomial coefficient (v dT:L72U). The single ¢-stubs have two alternative locations in
2m—d;

the d; — 2v edges. Finally, the remaining stubs are arranged in ( a4 ) ways where d* is
the degree sequence d without d;. This leads to

(v, dr20) 2 (")

v, d;j—2v d*
T
d
which simplifies to
( m )Qdiﬂv
P.— v d; —2v
=

2
(a)
In particular the probability of no loops at vertex ¢ under RSM is equal to

d;

(,)2

2

()
This formula can be developed according to the following which shows that it is equivalent
to Janson’s (2009) expression for Py as a ratio between a falling factorial from 2m — d; and

Py =

14



a falling semifactorial from 2m — 1, both carried out for d; factors (in fact, d; — 1 factors
suffice since the last one cancels):

m! d;! (2m—di)! odi

o om! 2™ (2m —d;)!

—(2m)! (m — d;)! 2m—ds

_@m)!! (2m — d;)!

—(2m)! (2m — 2d;)!!

(2m—2di — 1)” (2m—di)!
(2m — D! (2m — 2d;)!

(2m—di)(2m—dz~—1)---(2m—2di+1)
(2m—1)2m —3)---(2m —2d; + 1)

Py =

Assume that d; = d with 2 < d < 2m and consider the general probability that there
are v loops at vertex ¢ under RSM given by

(U7 Zln—2v) 2d—2’u

(°7)
This probability is also denoted P, or Py(m,d). Set P = (Fy,..., Pa/2)). The expected
value and variance of m; under RSM given in the previous section are equal to u;; and
07;21; + Ay, where pi; = (g)/(Zm —1) and 0121‘ =mQyi (1 — Qi) = i (1 - %) are the mean
and variance of the IEA distribution B = (By, ..., B),) with parameters m and @;;. The
range of the multiplicity distribution under IEA is v = 0,1,...,m and the range of the
multiplicity distribution under RSM is smaller. Its proportion is (|d/2] +1)/(m+1) of the
range of the IEA distribution. Table 3 gives these distributions for the case m = 10 and
d = 10. Also presented in Table 3 is a measure of the discrepancy between the distributions
given by the information divergence

P(mi; =v) = for v=0,1,...,]d/2] .

P,
D(P,B)= > PvlogB—v.
v: P, >0 v

The log-likelihood ratios can be of any sign but their weighted sum, the divergence D(P,B),
is non-negative and zero only when there is no discrepancy between the two distributions
(see e.g. Frank 2011). Figure 3 shows how divergence varies for different values of d =
2,...,2m—1 for m = 40, and how the divergence varies for different stub proportions d/2m
(or range proportions (|d/2| +1)/(m + 1) ) for some values of m.
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Table 3: The probability distribution of loop multiplicity at a vertex of degree d = 10 when
m = 10 edges are formed by random stub matching (RSM). It is compared by information
divergence to a binomial distribution obtained by m = 10 independent edge assignments
(IEA).

Number of Probability Probability Weighted
loops under RSM  under TEA log-likelihood ratio

0 0.005542 0.067011 -0.019930
1 0.124705 0.207964 -0.092044
2 0.436468 0.290433 0.256636
3 0.363723 0.240358 0.217242
4 0.068198 0.130539 -0.063849
5 0.001364 0.048615 -0.007164
6 0 0.012573 0
7 0 0.002230 0
8 0 0.000259 0
9 0 0.000018 0
10 0 0.000001 0

Divergence = 0.290891

2 2
8 1.5¢ 8 15¢
= =]
<) ]
20 £0
o |
A A
0.5 0.5F
O0 26 4‘0 éO 80 00 0‘2 0‘4 0‘6 0‘8 1
d ’ “d/2m” ’

Figure 3: Information divergence between random stub matching and independent edge
assignments for the distributions of loop multiplicity at a vertex of degree d in a graph with
m edges. Information divergence is plotted against degree d for m = 40 and against stub
proportion d/2m for m = 20, 40, 60.
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In order to compare the two distributions we also use the entropy which characterize
flatness of the distributions P and B. The entropies are equal to

h(P)= Y  —P,logP,
v: Py >0

and

h(B)= > —B,logB, .
v:By,>0

Upper bounds to the entropies are given by their logarithmic ranges:
h(P) < log (|d/2] +1)

and
h(B) <log(m+1) .

For the case where m = 10 and d = 10 we have that h(P) = 1.746 and h(B) = 2.443.
Figure 4 shows how entropies vary for different stub proportions d/2m for m = 20, 40, 60.
We see that stub matching has lower entropy and is more symmetric around 0.5 than the
entropy corresponding to independent edge assignments. The latter entropy is skew to the
right and has its maximum when loop probability (g) / (2;") is about 1/2 which occurs for
the stub proportion close to 1/v/2 ~ 0.7.

The asymptotic entropies (Frank and Nowicki 1989) of the loop multiplicity distribution

under RSM and under TEA are obtained by normal approximations given by
1
h(P) ~ 3 log [271'6(0’1'21' + A”)] ,

and !
h(B) ~ 5 log [2mec?] .

For the case where m = 10 and d = 10, these approximations are equal to h(P) ~ 1.747
and h(B) = 2.474. Figure 5 shows how these entropy approximations (dotted lines) vary
for the same cases as in Figure 4, i.e. for different stub proportions d/2m for m = 20, 40, 60.
We see that the approximations are close to their true values for all cases shown.
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Figure 4: Entropy of the distribution of loop multiplicity under random stub matching

(solid lines) and independent edge assignments (dashed lines) at a vertex of degree d in a
graph with m edges. Entropy is plotted against stub proportion d/2m for m = 20, 40, 60.
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We now turn to edge multiplicities m;; = m;;(n) for i < j under RSM, and start with the
joint probability distribution of the multiplicities (mg;, mjj, mij) = (mui(n), mj;(n), mi;(n))
which is denoted Pyuw = P((mi;, mjj,mij)) = (u,v,w)). Applying a similar argument
as before for i-loops, j-loops, (i,j)-edges, remaining i-stubs and j-stubs, we obtain after
simplification the following formula for the trivariate probabilities under RSM:

( m )2di+dj—2u—2v—w
u, v, w, di—2u—w, dj—2v—w

(a"a,)

To specify possible outcomes of (u,v,w) let a and b denote the smallest and largest number
of stubs at vertices 7 and j, and ¢ denote the number of stubs at other vertices, i.e. ¢ =
2m —a—>b. Table 4 gives the number of stubs of each category occurring at the edges within
and between categories. There are u loops with 2u stubs at the vertex with a stubs, v loops
with 2v stubs at the vertex with b stubs, and w edges with w stubs of each kind between
these two vertices. There are a —2u—w and b—2v —w remaining stubs at these two vertices,
and they combine to edges with the same number of other stubs. Since there is a total of ¢
other stubs, there remain ¢— (a—2u—w) — (b—2v—w) = 2(m—a—b+u—+v+w) other stubs
giving room for m —a —b+u+v+w other loops or edges. Note that 2u+w < a,2v+w < b
and (2u 4+ w) + (2v +w) > a + b — ¢ are required to achieve non-negative frequencies.

Pm)w -

Table 4: Number of stubs of each vertex category at edges or loops within and between
categories.

Vertex 1 Vertex j Other vertices Total
Vertex 7 2u w a—2u—w a
Vertex j w 2v b—2v—w b

Other vertices | a —2u—w b—2v—w 2(m—a—-b+u+v+w) c

Total a b c 2m

The set of possible outcomes (u,v,w) is illustrated in Figure 6 and correspond to marked
points in the shaded regions with possible stub frequencies (2u + w,2v 4+ w) of the same
parity. Four different cases are numerically illustrated in Figure 6 where (a,b) = (3,7) and
the value of ¢ is varied and given by the vertical distance from a + b to the upper point
of the digonal. First, consider b < a + b — ¢ < a + b which corresponds to 0 < ¢ < a and
choose ¢ = 2. There are four possible points in the triangular region, namely (1,7), (2,6),
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(3,5), (3,7) corresponding to (u,v,w) equal to (0,3,1), (1,3,0), (0,2,2), (1,2,1), (0,1, 3),
(1,3,1), (0,2,3). These (u,v,w) are obtained by choosing w = 0,2,... or w = 1,3,... so
that 2u and 2v get even. It can be shown that the possible point (2u + w,2v + w) in the
shaded region corresponds to

{min@u +w,2v + w)J
1+ 5

possible outcomes (u,v,w). Second, consider the case where a < a 4+ b — ¢ < b which
corresponds to a < ¢ < b and choose ¢ = 6. Third, consider 0 < a + b — ¢ < a which
corresponds to a < b < ¢ < a+b and choose ¢ = 8, and finally fourth, consider a +b—¢ <0
which corresponds to a +b < 0 and choose ¢ = 12 to illustrate the case with maximal

number of outcomes.

a+b 10 . a+b q * a+bq ° a+bq °
9r ° 9 ° > 9r ° > 9 () L
8\ . 8¢ . 8¢ . 8¢ .
bz b7 b7 b7
3 69 5 69 L] 5 69 L] S 6 L[]
+ + + +
> = = >
[~ IS o N 5 e > N 5 o > [ (] L
4¢ . 49 . 44 (]
3r ° 3 ° > 3 . q
2¢ . 20 . 24 .
1+ . 1 3 1 . L
0 Il & L é L *
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
u+w @ u+w @ u+w @ u+w @

Figure 6: The possible outcomes of (u,v,w) in Table 4 correspond to the shaded region
with stub frequencies (2u + w, 2v + w) of the same parity. The four cases illustrate how the
region varies when the number of other stubs ¢ is smaller than a, between a and b, between
b and a + b, and larger than a + b.
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Letting u < |(a — w)/2] = ay, v < [(b—w) /2] = By, and u+v > a+b—m—w = 7,
the total number of possible outcomes of (u,v,w) denoted K is given by

K:Za:Kw,
w=0

where )
(anﬁBinfwar ) if Yw > Bw

Ky = (aw + 1)(510 — Yw) + (aw2+2) if ay <y < Bu

(aw+1)(Bu+1)— (") ifyw <o

providing an upper bound to the entropy. Table 5 gives a numerical example of this result
for the second case in Figure 6, i.e. when a = 3, b = 7 and ¢ = 6. The twelve points in
Figure 6 for this case can be individually checked for possible (u, v, w). There are six points
with two outcomes and six points with one outcome of (u, v, w), thus a total of 18 outcomes.
Using the formula for K, we also find that the total number of possible outcomes here is
given by

3
K:ZKU,:IS,
w=0

implying that the entropy of this distribution is

h(P) = Z —Pyw 103; Puow < 10g(18) =4.170 ,

UVW: Py >0

where P = (Pyyy @ all possible (u,v,w)). The exact entropy in this case turns out to be
3.525. Further comparisons are presented in Table 6.

Table 5: The total number of possible outcomes of (u,v,w) in Table 4 when a =3, b =17
and ¢ = 6, where u < q, v < By, and u +v > 7y .

wooaw Bu Yw Ky
0 1 3 2 )
1 1 3 1 7
2 0 2 0 3
3 0 2 -1 3
K =18
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If the edges are assumed to be independently assigned to sites, the IEA distribution for
(mii, mjj, mi;) is multinomial distribution with parameters m and [Qi; Qj; Qij (1 — Qii —

Qj;j — Qij)] where Q;; for i < j is defined as earlier. This distribution is shortly denoted B

with probabilities By, for (m; 3) different outcomes (u, v, w, m—u—v—w) that are ordered

partitions of m into four non-negative integers. Thus, the entropy of this distribution is
m+ 3
h(B) = Z — Buyw 10g Bypw < log ( X )
UVW: Byyw >0

and using the normal approximation to the multinomial distribution we obtain the approx-
imate entropy

h(B) =~ %log [(27‘1’6)3 det(ZIEA)] ,
where X, is the covariance matrix of (mg;, mj;, m;;) under IEA given by
Qi (1 — Qi) —QiiQjj —QiiQij
Spa=m —QjiQu  Qj(1—-Qj)  —Qj;Qij
—Qi; Qi —QijQj;  Qii(1— Qi)
The determinant of ¥, is given by
det(Bipa) = m*QiiQ;; Qi [(1 — Qi) (1 — Qi) (1 — Qi) — 2QiiQ;; Qi
— (1 - Qi)QyiQij — (1 — Q4;)Q:iiQi; — (1 — Qi) Qi Q]
=m?Q;iQ;;Qij(1 — Qi — Qj; — Qij)
so that 1
h(B) ~ 3 log [(2mem)®QQ;;Qi; (1 — Qi — Q5 — Qi) -

The approximate entropy of the distribution of (my;, mj;, m;;) under RSM is
1
h(P) ~ 510g [(27‘(‘6)3 det(Xrem) } ,

where det(Xggy) is the determinant of the covariance matrix. The covariance matrix of
(mi;, mjj, m;i;) under RSM is given by

ZRSM = 2IEA +A )

where

iiii — Q% Qiij; — QiiQj;  Qiiij — QiiQij
A=mm—1) | Qujj—QuQsij  Quyij ~ Qjy  Qugis — Qi |
Qiiij — Qiili;  Qijj; — Qij Q5 Qijis — Qi
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with
(%)
2

2
m

i\ (di—2 d;
(5) (%) (5)
2my (2m—2y 2 —2\
(5 (%) 30"
(5)(di —2)d; Qpii = Bildi — Dd;i(d; — 1)
2my\ (2m—2y ijij = 2my (2m—2 ’
)" 7) ) 7)
and note that Q;jre = Qpe;j for all i < j and k < L.
Table 6 illustrates the different entropies presented here for some cases witha =3,b=7
and where the total edge frequency m is varied, including the four cases given in Figure

6. Also presented in this table is the information divergence between the RSM and TEA
distribution of (my;, mj;, msj)

Q’L’L’L’L = Qiijj =

Qiiij =

Puvw
DP,B)= ) Py log 5 .

uvw
UVW: Py >0

We see in Table 6 that the approximate entropies are close to the entropies of both the IEA
and RSM distributions indicating that both distributions are fairly well approximated by
the normal distribution. We also note that as m increases, the RSM entropy moves towards
that of the IEA. This can also be seen by the divergence values which are decreasing towards
zero for increasing m. The common limiting distributions of RSM and IEA is a one-point
distribution at (u,v,w) = (0,0,0) so the exact entropies tend to zero. The upper bounds
for the RSM distributions tend to log(22) since there are 22 points (u, v, w) corresponding
to the last case shown in Figure 6. This limit is achieved already for m = 10.

The distribution of a single non-loop multiplicity m;; = m;;(n) for i < j under RSM
is given as a marginal in the trivariate distribution of (my;, mj;, m;;). It is obtained by
summing over the numbers of loops at vertices ¢ and j. Thus,

a w Lb ’LUJ
P(m;j = w) = Z Z Puw , forw=0,1,.
where a = min(d;, d;) > 1 and b = max(d;, d;) with a+b < 2m. Note that not all Py, > 0.

For the special case when n = 2, a +b = 2m and u + v + w = m, we get a = 2u — w and
b = 2v — w and the marginal distribution of m1s simplifies to

(u o 0)2" m! 2¥ a! (2m — a)!
P(miy = w) = Py = —5 05— = o) (=] (2=2)| ool
(a) (2m)! (5%)! (59! w!
where w = 0,2,...,a if a and b are even, and w = 1,3,...,a if a and b are odd. For this

case we cannot expect the binomial distribution under IEA to be an adequate approxima-
tion. Obviously the TEA distribution B = (B, : w = 0,1,...,m) with parameters m and
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Table 6: Entropy of the joint edge multiplicity distribution under random stub matching
(RSM), independent edge assignments (IEA) and the entropy approximations for these
distributions where number of stubs are a = 3, b = 7 and the total edge frequency is
m =6,8,9,11, 20, 30,40, 50, 60, thus including the four cases shown in Figure 6. Also given
is the divergence between these two distributions.

Entropy RSM Entropy IEA
Upper Upper
m  bound Exact Approximate bound Exact Approximate Divergence
6 2.81 2.36 2.31 6.39 5.07 5.31 1.88
8 4.17 3.53 3.61 7.37 4.87 5.13 0.76
9 4.39 3.64 3.70 7.78 4.68 4.94 0.55
11 4.46 3.61 3.65 8.51 4.30 4.58 0.34
20 4.46 2.96 2.90 10.79  3.17 3.36 0.10
30  4.46 2.40 2.19 12.41  2.50 2.48 0.04
40  4.46 2.03 1.65 13.59  2.08 1.86 0.02
50  4.46 1.77 1.21 14.52 1.80 1.38 0.02
60  4.46 1.57 0.84 15.28  1.59 0.10 0.01

ab/ (2;7"”) = a(2m — a)/m(2m — 1) gives positive probabilities to all outcomes whereas the
RSM distribution of edge multiplicity, P = (P, : w = 0,1, ...,m), has zero probabilities for
all even or all odd outcomes. According to the results in Section 4, it is only for this special
case, n = 2, that the RSM distribution can have a variance J?j + A;; that is larger than the
variance 0’% of the IEA distribution. This occurs when a and b lie at the same distance from

m, and this distance is strictly less than \/m(m — 1)/(4m — 3). Thus A;; > 0 for only one
choice (a,2m —a) = (m, m) if m < 5, two choices (m,m) and (m—1,m+1) if 5 <m < 17,
three choices if 17 < m < 37, four choices if 37 < m < 65, five choices if 65 < m < 101,
and so forth. Of the m cases of (a,2m — a) only [\/m(m —1)/(4m — 3)—‘ have a variance

larger than 02-2]-, so even if the number of cases increases with increasing m, the proportion

of cases decreases towards zero. This is illustrated in Figure 7, where we also notice that
the proportion is not monotonically decreasing.

Table 7 gives the RSM distribution of edge multiplicity and the corresponding IEA
distribution for the case m = 10 and (a,2m — a) = (10, 10). Also presented in Table 7 is
the information divergence between these distributions. The entropies for this example are
equal to h(P) = 1.746 and h(B) = 2.704. The asymptotic entropies for the edge multiplicity
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Figure 7: Proportion of the degree pairs (a,2m —a) for a = 1,..., m with edge multiplicity
variance larger for random stub matching than for independent edge assignments. The
proportions are plotted against edge frequency m.

distributions under RSM and IEA give the following approximations:
1
h(P) ~ 3 log [27‘1’6(0‘% + Al-j)]

and

h(B) ~ %log [27760%] .

For the case where m = 10 and (a,2m — a) = (10, 10), these approximations are equal to
h(P) = 2.747 and h(B) ~ 2.706.

Figure 8 shows divergence for m;; at degree pairs (a,2m — a) for different a when
m = 10, and how it varies for different proportions a/m for some selected values of m.
Figure 9 highlights how h(P) and h(B) vary for different a when m and Figure 10 compares
the entropy approximations to their true values. The deviation between entropy values in
Figure 10 indicates that edge multiplicity under RSM is poorly approximated by a normal
distribution. However, the approximate entropies are close to the true values under IEA.
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Table 7: The probability distribution of edge multiplicity at a pair of vertices with degree
pair (a,2m — a) = (10,10) when m = 10 edges are formed by random stub matching
(RSM). It is compared by information divergence to the binomial distribution obtained by
independent edge assignments (IEA).

Number of Probability Probability Weighted
edges under RSM  under TEA log-likelihood ratio

0 0.001364 0.000569 0.001721
1 0 0.006319 0
2 0.068198 0.031595 0.075702
3 0 0.093614 0
4 0.363723 0.182028 0.363242
5 0 0.242704 0
6 0.436468 0.224726 0.418008
7 0 0.142683 0
8 0.1247050 0.059451 0.133277
9 0 0.014679 0
10 0.0055424 0.001631 0.009781

Divergence = 1.001733
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Figure 8: Information divergence between random stub matching and independent edge

assignments for the distributions of edge multiplicity at a pair of vertices with degree pair
(a,2m — a) in a graph with m edges. Information divergence is plotted against different

degrees a for m = 10 and against different proportions a/m for m = 10, 20, 30, 40.
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Figure 9: Entropy of the distribution of edge multiplicity under random stub matching
(solid lines) and independent edge assignments (dashed lines) at a pair of vertices with
degree pair (a,2m — a) in a graph with m edges. Entropy is plotted against different

degrees a for m = 10, 20, 30, 40.
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Figure 10: Entropy of the distribution of edge multiplicity under random stub matching
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dotted lines for all cases. Entropy is plotted against different degrees a for m = 10, 20, 30, 40.
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This section is concluded with an illustration of how the divergence between the prob-
ability distributions of edge frequency m;; for i < j under RSM and under IEA vary for
different numbers of stubs at vertex i and vertex j, i.e. for different ordered degree pairs
(a,b) with 1 < a < band a+b < 2m where m is the total edge frequency. The case m = 15
is illustrated in Figure 11 where divergence D(P,B) is plotted against degree pairs (a,b)
using a color coding of standardized divergence values applied to the unit squares located
around points (a,b). The divergences for all possible degree pairs (a,b) are calculated and
their maxima are determined. Standardized divergence values are obtained by dividing
with the maxima. Every 10th percentile of this standardized distribution is then calculated
and assigned a color where darker colors represent higher divergences, i.e. darker colors
are assigned to unit squares where the RSM distribution deviates the most from the IEA
distribution. Letting ¢ = 2m — a — b denote the number of stubs at other vertices than
i and j, border lines are drawn in Figure 11 where ¢ is equal to the stub frequencies a
and b. These two border lines b = 2m — 2a and b = m — a/2, together with the border
lines b = 2m — a and b = a, divide the figure in three regions corresponding to whether c
is smaller than, or larger than, or between the two stub frequencies a and b. The upper
region in Figure 11 represents cases where ¢ < a < b. Here, we have the majority of the high
divergence values implying that the RSM distribution and the IEA distribution deviates the
most. The middle region in Figure 11 represents cases where a < ¢ < b. Here, the majority
of the region has a brighter color implying less deviation between the RSM distribution and
the IEA distribution. The same applies for the lower region in Figure 11 which represents
cases where a < b < c¢. Here, even less deviation is seen between the two distributions.
Thus we can conclude that the more stubs we have at other vertices than ¢ and j, the more
resemblance we have between the distributions of m;; under RSM and IEA.
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Figure 11: Divergence between the multiplicity distribution under random stub matching
and under independent edge assignments for edges between two vertices with ordered degree
pair (a,b) when total edge frequency is m = 15 and total number of stubs is 2m = a+b+c.
A darker color at the unit squares located around points (a, b) represent a larger divergence
than a brighter color.
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6 Distributions of Multigraphs

So far we have been considering the local structure of multigraphs by examining the dis-
tribution of edge multiplicities m;;(n) for i < j. We now turn to the global structure by
studying the distribution of multigraphs, i.e. the distribution of m(n). Entropy measures
are used to compare the distributions of multigraphs under RSM and under TEA.

In Section 3, the probability of generating undirected multigraphs under RSM was shown
to be given by
22 (1)

(d)

This probability depends on a single statistic, the complexity measure t(n) = mi(n) +
logm(n)!, and can be written as

P(m(n) = m) = Pu(d) =

Pm(d) =C27"

where ¢ = m; + logm! is the outcome of t(n) and C = 2™m!d!/(2m)! is a constant.
Letting P = (Pyn(d) : all different m) denote the probability distribution of multigraphs
under RSM, its entropy H(m(n)) = h(P) is given by

h(P)= Y  —PulogPn
m: Py >0

E(t(n)) —logC',

where the expected value of t(n) is
E(t(n)) = E(m1) + E(logm!) .

The first term of the above sum is the expected number of loops m; = mq(n) under RSM
which by using the results in Section 4 is obtained as

n

n n 1 d;

The second term of the expression for the expected value of () can be expanded to

E(logm!) = ZIng!ZZP(miJ =k),
k=2

1<j
where the probabilities need to be considered for vertex pairs with different degree pairs.
Letting P(mj; = k) = Py(m, a) for d; = a, P(m;; = k) = Py(m,a,b) for a = min(d;, d;) and
b =max(d;,d;), Yy I(di = a) =ng, Y iy I(di =b) =np and
{ ngnp fora <b

I (min(d;, dj) = a,max(d;,d;) = b) = n
ZZ (min( ) ( ) =1b) ("y) fora=b,

i<j
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we have that

Z Z P(mi; =k) = Z nePr(m, a) + Z <n;> Pi(m,a,a) + Z Z ngnpPr(m, a,b) .

1<j a<b

These expansions yield the formula for the exact entropy. In particular, for regular graphs
with the same degree d = 2m/n at each vertex, the expected number of loops under RSM

is given by ; ad—1)
£0m) = =13 (5) = S =1)

and the exact entropy is simplified to

~ nd(d—1

h(P) =

M n élog k! [nPk(m, d) + (Z) Py(m,d, d)} ~logC',

where
(a)"
(nd — 1)
The approximate entropy of the distribution of multigraphs under RSM is given by

h(P) ~ %log [(2me)"™™ det(Zrsm) |

where Xqy is the covariance matrix of » —n non-redundant components of the multiplicity
sequence m. In order to find Xy, consider Q;jx¢ for all ¢ < j and k < £ where Q;jrr = Queij-
More specifically, we need the formulae for two loops that are at the same vertex or at
different vertices, one loop and one non-loop with one or no common vertex, and two non-
loops with two, one or no vertices in common. With a slight abuse of notation, the r by r
covariance matrix under RSM can be written as

2RSM = EIEA +A )

where Xz, is the r by r covariance matrix under independent edge assignments, i.e. the
covariance matrix of a multinomial distribution with parameters m and Q. The elements
of 3ipa are mQy;(dijke — Qre) for r different (4, j) and (k,¢) in R, where d;j5 is equal to 1 if
(i,j) = (k,£) and 0 otherwise. The matrix A consists of elements A;jry = m(m —1)(Qijxe —
QijQre) for r different (4, j) and (k, ¢) in site space R. Renaming the ordered edge sequence
indexes (1,1) < (1,2) < -+ < (1,n) < (2,2) < (2,3) < -+ < (n,n) to 1,2,...,r = ("3,
Yrsm can be written as

Q:1(1—-Q1) —Q1Q2 —Q1Qr A A o Ay
7Q1Q2 Q2(1 - QQ) Tt 7Q2Q7’ A12 AQQ e AQT‘

Trsm =M : : . : +m(m—1) : : ) :
—QiQr Qe o Q(1-Q)) Ay Ao o A,
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In order to avoid singularity of Xgygy, remove n of the r components in m that are linear
combinations of the others, implying that the degrees of freedom here is equal to r — n =
(g) A similar argument was used in Section 5 for the trivariate distribution of the edge
multiplicities (m;;, mj;, m;;) obtained when three of the six pairs of vertex categories were
redundant.

We now turn to the distribution of multigraphs under IEA which corresponds to that
edges in £ are independently assigned to sites according to the probability distribution
(P : (i,j) € V?), and edges in i are independently assigned to sites according to the
probability distribution Q = (Q;; : (4,j) € R), where Pj; and @;; are defined as earlier.
Thus,

m
Pn=y) =[] Qar—1,v2) = HQZ-L”(ZJ) ;
k=1 i<j
where Q(i,7) = Q;j, and m(n) is multinomially distributed with parameters m and Q so

that
P(m(n) = m) = (r”fl) L . [T@5 .

1
[Ti<; mis! i<

which is shortly denoted By, (d). Note that this implies that m;;(n) is binomially distributed
with parameters m and Q;;, as considered in previous sections. Letting B = (Bm(d) :
all different m) denote the probability distribution of multigraphs under IEA, the entropy
of this distribution is equal to

h(B)= >  ~BmlogBm .
m: By >0

The number of multigraphs m is not restricted by d in the same way as for the RSM
distribution. Here it is given by the total number of ordered partitions of m into r = (”;1)
available sites of vertex pairs for the edges:

m+r—1
e (117,

This gives an upper bound to the entropy

h(B) < log (m +ﬂz - 1) .

The approximate entropy under IEA is given by

h(B) ~ %log [(2me)™! det(Sie) |
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where ¥, now denotes the (r — 1) by (r — 1) covariance matrix of m when one of the r
components is omitted (to avoid singularity). The determinant of this matrix can be proved

to be equal to
m" H Qij
1<j
where the product is over all r pairs (¢,j) € R. Thus, the approximate entropy under IEA
is obtained by

h(B) ~ %log (2mem)" ! H Qij
1<j

In Table 8 we consider the entropies of the distributions of multigraphs under RSM and
IEA and the entropy approximations for these distributions with n = 6 vertices, m = 9
edges and different degree sequences with minimum degree 2. Also shown in Table 8 is
the divergence between these two distributions. The total number of graphs under IEA for
this example is 10,015,005 and we do not calculate the exact entropies which here are close
to their approximations. We see that the approximate entropies under RSM and under
IEA are both close to their upper bounds. The exact entropies under RSM are close to
the approximate entropies implying that the distributions of multigraphs are fairly well
approximated by normal distributions. However, the divergence values indicate a large
deviation between the distributions under RSM and IEA. These findings indicate rather
flat distributions over very different ranges for RSM and IEA. We note that there are cases
in Table 8 when the approximate entropies are larger than the upper bounds to the exact
entropies. This occurs for the last three rows of Table 8. It would be a tedious task to
investigate this in general by using the formula given in Section 5 for the total number of
multigraphs under RSM. We therefore restrict ourselves to a general investigation of TEA
by considering the following inequality which holds when the IEA entropy approximation
is at most equal to the upper bound to the exact entropy:

1

-1
(2mem) e HQU < (m +nz ) .

1<j

The right hand side can be written as

(m+r—1> ’"H( )

and the inequality can be expressed as giving an upper bound to the geometric mean of the

edge probabilities according to
r—1




Table 8: Entropies of the distributions of multigraphs under random stub matching (RSM),
independent edge assignments (IEA) and the entropy approximations for these distributions
with n = 6 vertices, m = 9 edges and different degree sequences with minimum degree 2.
Also given is the divergence between these two distributions.

Entropy RSM Entropy IEA
Degree Number  Upper Exact Approx Upper Approx
sequence of graphs  bound bound Divergence
d=(8, 2, 2, 2, 2, 2) 773 9.59 8.63 7.61 23.26 18.84 8.72
d=1(7, 3,2, 2,2, 2) 1210 10.24 9.47 8.98 23.26 20.41 8.90
d=(6, 4, 2, 2, 2, 2) 1651 10.69 9.97 9.62 23.26 21.15 8.99
d= (5,5, 2, 2, 2, 2) 1804 10.82  10.14 9.82 23.26 21.37 9.02
d=(6, 3, 3, 2, 2, 2) 1914 10.90  10.23 10.25 23.26 21.86 9.07
d=(5, 4, 3, 2, 2, 2) 2424 11.24  10.60 10.77 23.26 22.45 9.14
d=(4, 4, 4, 2, 2, 2) 2814 11.46  10.81 11.08 23.26 22.82 9.18
d=(5, 3, 3, 3, 2, 2) 2857 11.48  10.87 11.40 23.26 23.17 9.21
d=(4, 4, 3, 3, 2, 2) 3316 11.70  11.08 11.72 23.26 23.53 9.26
d=(4, 3, 3, 3, 3, 2) 3943 11.95 11.36 12.35 23.26 23.27 9.33
d=(3, 3, 3, 3, 3, 3) 4720 12.21 11.64 12.98 23.26 24.97 9.41
where
1 1

Q~= HQU and G =

i<j

1l (L Wnﬂ
P vm k
Under IEA, we have that

o - di(dy — 1) da(dg — 1) -+~ dy(dp — 1) 2d1dy 2d1d3 - - - 2d,—1d,,
E [2m(2m — 1)

1<j
26) (1= 1) (do 1) -+ (dn = 1) (dy dp---dp)"
[2m(2m — 1)]" '

and the geometric mean is

1 1
a- Tes| - 2 [Ty (ds — 1) ([T, d)" |
11w [2m(2m —1)]"
A comparison between the distributions P and B for regular graphs with n = 4 vertices
of the same degree d is shown in Figure 12 when d varies from 2 to 10 so that the number of
edges m = nd/2 = 2d varies from 4 to 20. There is one case where the approximate entropy
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under IEA is larger than the upper bound to the exact entropy under IEA. This occurs for
m =6 and d = (3 3 3 3). We investigate this by using the above shown inequality. For this
case we have that » = 10 and the geometric mean of the edge probabilities is

Q=

[2(3)(d-— 1y1(d)”2] ’ B [ 2694316

2m@m — 1) _[UQUW} = 0088

Further, we have that

r—1 1 \/m2%_ 9 1 \@2%_
H<m+k>] _g<¢6+k> —1.107 ,

k=1

G =

so that the right hand side of the inequality is equal to

r—1 9
G\ 1.107\ 10
— = =0.085 .
(27‘1’6) ( 2me )

As seen, the geometric mean of the edge probabilities is greater than the upper bound
which implies that the inequality is not satisifed, i.e. the IEA entropy approximation for
this example is greater than the upper bound to the exact entropy.

Further in Figure 12, we note that as the number of edges increases, the differences
between the upper bounds of the entropies and the exact or approximate entropies are
increased. This indicates that the distributions of multigraphs under RSM and IEA cluster
at the high probability sites when more edges are added and therefore are less flat for large
values of m.

7 Simplicity and Complexity

The probability distribution of complexity of multigraphs generated by RSM depends in a
complicated way on its degree sequence. Different aspects of complexity can be studied by
various indicators and summary measures. For instance, the expected value of a simplicity
indicator is the probability that the multigraph is simple, and it has received much attention
in the literature. Janson (2009), McKay (1985), McKay and Wormald (1991), Bollobas
(1980), and Bender and Canfield (1978) all focus on asymptotic results and so far no exact
solution seems to have been found. Other examples of useful information about complexity
are given by the expected numbers of loops and multiple edges and their variances. This
section reviews some results from the literature and presents some convenient summary
measures of complexity.
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Figure 12: Approximate and exact entropies of the distribution of multigraphs under ran-
dom stub matching (RSM), approximate entropies under independent edge assignments
(IEA) and upper bounds of entropies in different regular multigraphs with n = 4 vertices.
Entropies are plotted against number of edges m between 4 and 20.

There is a considerable literature about graphical degree sequences, i.e. such degree
sequences that can be realized by simple graphs. Obvious necessary conditions for a finite
sequence of non-negative integers (di, . .., dy) to be graphical is that d; < n, Y ;- d; = 2m is
even and m < (g) Erdos and Gallai (1960) give further necessary and sufficient conditions
for the existence of a simple graph with given degree sequence. They show that a degree
sequence d of non-negative integers in non-increasing order d; > --- > d, is graphical if

and only if

J
S di<j(i-1)+ Y min(jd), forl<j<n-—1.
i=1 i=j+1
Proof of necessity is straightforward; the left side of the inequality counts degree among the
j vertices with highest degrees. The first term on the right side is a consequence of that at
most (j — 1) edges are incident to any of the first j vertices. The second term of the right
side is a sum of upper bounds to the number of edges for each remaining vertex. The proof
of sufficiency is more complicated but can be found in several papers including Tripathi,

37



Venugopalan and West (2009), Sierksma and Hoogeveen (1991) and Choudum (1986).

Besides the existence result above, a recursive test to find graphical degree sequences is
given by Havel (1955) and Hakimi (1962). To avoid isolated vertices only sequences with
strictly positive degrees are considered in their result. They show that a non-increasing
sequence dy > --- > d, > 1 with n > 2 is graphical if and only if the sequence

d*:(d2—17d3—1,...,dd1+1—l,dd1+2,...,dn)

is graphical. The proof, which can be adapted into an algorithm to determine whether or
not a sequence of positive integers can be realized by a simple graph, can be found in several
papers including Blitzstein and Diaconis (2011) and Tripathi and Tyagi (2008).

The asymptotic results given by Janson (2009) concern the probability that an RSM
multigraph is simple, which we denote Fy. The asymptotic probabilities given by Janson
(2009) are based on the assumptions that degrees and numbers of vertices and edges depend
on some parameter that tends to infinity. The main result is that as m — oo:

(i) liminf Py > 0 if and only if Y _df = O(m) ,

E 2

(13) Py — 0 if and only if = — oo,

with the corollary that as n — oo where m = O(n) and n = O(m):
(¢) liminf Py > 0 if and only if Z d? =0(n) ,

Z 2

(17) Py — 0 if and only if =+

The two asymptotic formulas for the probability that a multigraph is simple are given by
Janson (2009) and they can in our notations be given as

Py = exp ZZ)\”+ZZIOg L4+ Xj) | +o(1),

=1 j=1 1<i<j<n
and, assuming that max;(d;) = o(y/m),

Py =exp[-A(1+A)] +o(1)

v 6)
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and

1w 1 = (d; 1 & 1
Azf i = T g = — 2——
Hence
- d ’ d;\ [d
/ 1 i 1 i j
Py =exp _2m<z (2>> +ZZlog<1+m (2><2)> +o(1)
i=1 1<i<j<n
and

n

2
" 1 1 1

=1

In particular, for regular graphs with the same degree d at every vertex, \;; = (d —1)/n
and A = (d — 1)/2 so that

Py = exp [—n(d;l) + (Z) log (1 + (d; U)] +0(1)

when nd — oo and n — oo, and

P, =exp [—(d_l)idm} +o(1)

when d/n — 0 and n — oo. Some numerical examples for these approximations are pre-
sented later in this section.

Using the results obtained in Section 4 for edge multiplicities under RSM, we derive
expected values and variances of some quantities that can be used to study simplicity and
complexity of multigraphs. The expected values of the numbers of loops m; = mi(n)
(already mentioned in previous section) and non-loops ms = ma(n) under RSM are directly
obtained as expected values of local multiplicities according to:

n

i=1

and

E(ma)=m>» Y Qij = le_ . S did;

i<j i<j
We also obtain E(mg) = m — E(m1) by using the linear relationship my = m — my. This
linear relationship also implies that

Var(mg) = Var(my) .
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This common variance is given by

n n

m m
Var(mq) ZZCOV (mgi, mj;) E ZCOV (Liik, Ljje)

i=1 j=1 =1 j=1 k=1 (=1

where Cov(Ijik, 1) need to be considered for different 4, j, k and £. For k = ¢

Qii(1 — Q) fori=j
COV( uka]jk) = . .
—QiiQj; fori#7,
and for k # /¢
i — Q% fori=j
COV(L;ik, Ijjg) = . .
Qiijj — QuiQj; fori#j,
where

i = ) @ and Qi = e

This implies that

V&I’ m1 |:Z sz Qu) - Z Z QuQJ]]

i#]

+m(m—1)

Z an - + ZZ QZZ]] QuQ]j
=1

i#j

:mZsz+m _1 ZQ’L’L’L’L_ QZQ
i=1
m -1 ZZQW QZZ%@M

:mg% mZQm +m(m (ZanﬁE;#Z Qw)
() {12;;@)]
+(277~L1>1<2m?>) {i(dxd 2) ZZ( )( )] '
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In particular, for regular graphs with the same degree d at every vertex we obtain

d—1 1
E(m) = 2 <1+nd—1>

i3 (14 SBU) (1)

Hence we expect that there are slightly more than (d—1)/2 loops, and the expected number
of loops is about the same for any number of vertices. The variance indicates that the
number of loops might be approximately Poisson distributed.

A variable that has been used by several authors to study simplicity is mi + ms where
mg3 is the number of pairs of equal non-loops in 7. This number is formally given by

=25 (") = Z X T S e

i<j i<j k<t

and

The sum mj 4+ ms3 is a variable that is 0 if and only if the multigraph is simple. Now

E(m3) = m(m2_1) D Qi = (2m — 1)2(2m —3) z;qz: <C§> <d?J) 7

1<j

and the expected value of m; 4+ mg is thus given by

E(my+m3) =m» Qi+ <;n> > Qijis
=1

1<j

= 5 > @ " em- 1>2<2m —3) ZZ @) @ |

i=1

In particular, for regular graphs with the same degree d at every vertex this expected value
is about E(mq +mg3) = (d? — 1)/4 regardless of the number of vertices.

In order to make it easier to investigate simplicity and complexity, and find the expected
value of the number rp = r,(n) of sites with occupancy k, we use the IEA multiplicity
distribution introduced in the previous section so that m(n) is multinomially distributed
with parameters m and Q. From this it follows that m;;(n) is binomially distributed with
parameters m and Q;; and

E(ry) = ZZ <77ka> Z(l — Qij)mfk for k=0,1,...,m .

1<]
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Using this result, we obtain a formula for the expected value of the statistic ¢t = ¢(n), which
in Section 3 was shown to determine the probability distribution of multigraphs under
RSM. This statistic is a summary measure of complexity that is equal to 0 if and only if
the multigraph is simple. Its expected value under IEA is given by

Eit)=F |m +§:rklogk!]
k=2
:mZQu‘—FZ logk!( )ZZQ —Qij)™
i=1 k=2 i<j

Note that the expected value of ¢ under RSM that was given in the previous section is
considerably more complicated to specify and analyze.

Other statistics related to complexity are also easily handled under IEA. The number
of sites with no occupancy given by ro = ro(n) has expected value

=22 (1=Qy)",
i<j
and the number of sites with single occupancy given by 71 = r1(n) has expected value
=m) > Qy(l-Qy)"
1<j
The expected value of the number of multiple occupancy sites is thus
E(T_TO_Tl —T_ZZ 1_Qm _mZZQZJ sz 5
i<j (5]

and the number of multiple edges has expected value

Bn=r) = (1= 35 0y(1 - Q)"

1<]

A particulary interesting statistic is r9; (defined in Section 3) which is equal to m if and only
if the multigraph is simple. This means that there are m single occupancies of non-loops.
The exact probability distribution of this statistic is unknown, but being a counting statistic
it is not unreasonable to assume that it is approximately Poisson distributed with parameter
A = E(r21). The probability of simplicity Py = P(r2;1 = m) can then be approximated by

" e_)‘)\m
PO == 5
m!
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where
dz’dj m—1
A=) = S0y -0p) = mYY won = (mon=y)
i<j

For regular graphs with the same degree d at every vertex we obtain

Qe m yE
Blra1) = 00— <1 T nlnd = 1)>

This expected value is for large n and small d approximately equal to

L G)@ d(nd 2)\ , (n—1)yd d\ _nd dd+1)  d(d+2)

and it follows for this case that

i A\ A em—A e(d;q) (d';‘l) m

m! mmy/2mm - V2mm (1 m ) '
In Table 9 we give some numerical examples of the probability that a RSM multigraph is
simple. These probabilities are compared to the previously given asymptotic probabilities
P(l) and Pé/ and the approximate probability P(;N. Here, we look at small graphs with 6
to 8 vertices, and study cases where the numbers of edges are in the interval +1 of the
number of vertices. For each case presented in Table 9, we focus on degree sequences with
positive degrees at each vertex that are at most 3 so that a reasonable number of simple
graphs is possible. From Table 9 we see that the Poisson approximation is close to the RSM
probability of simplicity but, as expected, the asymptotic probabilites do not perform well
for these small examples. In particular, the best Poisson approximations are for cases where
m = n + 1. Further we note that the Poisson approximations do not perform well for the
regular graphs presented in Table 9.
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Table 9: Some numerical examples of the probability that an RSM multigraph is simple,
compared to the suggested Poisson approximation of m single edge occupancies of non-loops,
and the two asymptotic probabilities suggested by Janson (2009).

n=6,m=>5

Degree sequence RSM Poisson  Asymptotic 1  Asymptotic 2
d=(3,3,1,1, 1, 1) 0.107 0.104 0.482 0.383
d=(3,2,2,1,1, 1) 0.195 0.116 0.540 0.472
d=(2,2, 2, 2,1, 1) 0.284  0.128 0.603 0.571

n=6,m==6

Degree sequence RSM Poisson  Asymptotic 1 Asymptotic 2
d=(3, 3, 3,1, 1, 1) 0.042 0.070 0.356 0.269
d=(3, 3,2 2,1, 1) 0.086 0.082 0.401 0.329
d=(3, 2,2, 2,2, 1) 0.132 0.093 0.450 0.397
d=(2, 2, 2, 2, 2, 2) 0.180 0.104 0.503 0.472

n=6,m=7

Degree sequence RSM Poisson  Asymptotic 1  Asymptotic 2
d=(3, 3, 3,3, 1, 1) 0.031 0.051 0.276 0.204
d=(3, 3, 3,2, 2, 1) 0.047 0.061 0.311 0.246
d= (3, 3, 2, 2, 2, 2) 0.069 0.070 0.349 0.294

n=7m=6

Degree sequence RSM Poisson Asymptotic 1 Asymptotic 2

d=(3, 3,2, 1,1, 1, 1) 0.132 0.100 0.473 0.397

d=(3,2, 2, 2,1, 1, 1) 0.200 0.110 0.526 0.472

d=(2, 2,2, 2,2, 1, 1) 0.270 0.119 0.582 0.554
n=7,m=7

Degree sequence RSM Poisson  Asymptotic 1 ~ Asymptotic 2

d=(3, 3,3,2,1, 1, 1) 0.068 0.076 0.365 0.294

d=(3, 3,2, 2,2, 1, 1) 0.103 0.085 0.406 0.348

d=(3, 2,2, 2, 2, 2, 1) 0.143  0.093 0.451 0.407

d=(2, 2, 2, 2,2, 2, 2) 0.189  0.102 0.499 0.472
n=7m=8

Degree sequence RSM Poisson  Asymptotic 1 Asymptotic 2

d=(3, 3, 3, 3,2,1, 1) 0.043 0.059 0.291 0.229

d=(3, 3, 3,2, 2,2, 1) 0.060 0.067 0.324 0.269

d=(3, 3, 2, 2, 2, 2, 2) 0.082 0.075 0.360 0.313
n=8 m=7

Degree sequence RSM Poisson  Asymptotic 1 Asymptotic 2

d=(3,3,3,1, 1, 1, 1, 1) 0.098 0.090 0.424 0.348

d=(3,3,2,2,1,1,1, 1) 0.148 0.098 0.469 0.407

d=(3,2, 2,2, 2,1,1, 1) 0.202 0.106 0.516 0.472

d=(2,2, 2,2, 2 2,1, 1) 0262  0.113 0.566 0.542
n=8 m=3~8

Degree sequence RSM Poisson  Asymptotic 1  Asymptotic 2

d=(3, 3,3,3,1, 1, 1, 1) 0.059 0.071 0.337 0.269

d=(3,3,3,2,2, 1,1, 1) 0.084 0.079 0.373 0.313

d=(3,3,2 2, 2 2, 1, 1) 0115  0.086 0.411 0.362

d=(3,2, 22, 2 2 2 1) 0151  0.093 0.452 0.415

d=(2, 2,2, 2,2, 2,2,2) 0.193 0.099 0.496 0.472
n=8 m=29

Degree sequence RSM Poisson  Asymptotic 1  Asymptotic 2

d=(3, 3,3, 3,3, 1, 1, 1) 0.040 0.058 0.275 0.217
d=(3,3,3,3,2, 2,1, 1) 0.053 0.065 0.305 0.251
d=(3,3,3,2, 2,2, 2, 1) 0.071 0.071 0.336 0.288
d=(3, 3,2, 2,2, 2,2, 2) 0.093 0.078 0.369 0.329

44



A convenient way to obtain the IEA multiplicity distribution is to assume that the
stubs are randomly generated and independently assigned to vertices, independent stub
assignments (ISA). If stubs & for k = 1, ..., 2m are independently and identically distributed
according to a probability distribution p = (pi, ..., p,) with positive probabilities for the n
vertices, it follows that the sequence of stub frequencies d(&) is multinomially distributed
with parameters 2m and p. It also follows that edges in € are independent and equal to (i, )
with probabilities P;; = p;p; for i =1,...,n and j = 1,...,n. Edges in n are independent
and equal to (i, j) with probabilities Q;; = p? for i = j, and Q;; = 2p;p; for i < j . Now
the edge multiplicity sequence m(n) is multinomially distributed with parameters m and
Q. This is an IEA distribution with a new Q based on ISA. The conditional distribution of
m(n) given d(&) is equal to the previous edge multiplicity distribution obtained by random
stub matching with fixed degrees. This is a consequence of that the conditional probabilities
under ISA and TEA can be transformed according to

() Q™ _ (n)2™

Cap? (9)

P(m(n) =m|d(§) = d) =

using that

n n
@ =Tl = ([ ) (ITenr ) =2 1ot =
=1

i<j i<j i=1

and mp = 3 >, _;mij. The multinomial distribution for d(§) with parameters 2m and p
can be considered as a Bayesian model for the stub frequencies.

By using that the sequence of stub frequencies d(£) is multinomially distributed with
parameters 2m and p under ISA, we derive a formula for the expected entropy of the
distribution of multigraphs m(n). This expected value is found by using the expected
entropy under ISA which is equal to the difference H(m) — H(d) using calculation rules for
entropy (given for instance in Frank 2011). Under ISA we use normal approximations to
the multinomial distributions of m and d and obtain the approximate entropies

H(m) ~ log \/(27rem)7“1 H Qij

1<j

and

H(d) ~log \/(47rem)"1 Hpi .
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It follows that the expected entropy under ISA is given by

E[H(m|d)] ~ log \/(27rem)"—1 H Qij — log , | (4mem)n—1 sz‘

1<j i=1

(2mem) " ];<; Qi
= log — T
2 Hi:l bi

1 \/(27rem)(g) o(3) (p1 - pp) L
- 2n—1 (pl . pn)

— log \/(QTrem)(g) 2("2") (pr-pa)n .

For fixed n and p this is a linear expression in logm which is denoted

H*=a"+b"logm ,

where

n—1

a* =a"(n,p) =log \/(ng)(g) 2( 20) (p1- - pn)™
and
b*=b"(n)=n(n—-1)/4.
If this expected entropy is calculated with p = d/2m for a fixed degree sequence d, it can
be considered as an approximation to the entropy H of the distribution of multigraphs m
under RSM with this degree sequence d. In particular, for the distribution of multigraphs
under RSM with all d; = 2m/n, its entropy is approximately given by

H* =log \/(27rem)(g) 2("2") p—n? ,
corresponding to uniform p.

Another approximation H** to the entropy H of the distribution of multigraphs m
under RSM can be based on asymptotic results for the expected entropy, F [H(m|d)] =
H(m) — H(d), under ISA. Both m and d are multinomially distributed and obtained from
sequences of m independent identically distributed sites, and 2m independent identically
distributed stubs. The central limit theorem in weak form yields asymptotic equipartition
properties for r. and n. stubs. Here r. and n. are given by the entropies of site and stub
probabilities according to

logr. = h(Q) and logn.=h(p) .

In particular, for uniform ISA it follows that n. = n and r, = n22~(=1/" which is about
(";rl) for large n. See for instance Cover and Thomas (1991) which has a detailed presen-
tation of the equipartition property. The equipartition properties implies that m and d are
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asymptotically multinomially distributed with r. equal site probabilities and n. equal stub
probabilities. Under ISA it holds that

h(Q) =2h(p) =1+ p},
i=1
and hence
re = ng 9~ (ne—1)/ne

The asymptotic entropies of m and d under ISA are thus given by

H.(m) = log \/(27rem)7’c_1 re '

and

H.(d) =log \/(47Tem)”f1 ne .
The difference

(2mem)re=1 nge
(dwem)re—1 rge

He(m) — He(d) = log\/

is the asymptotic expected conditional entropy of m given d, when d is obtained from p.
The RSM entropy H of m with a fixed d can be approximated by the asymptotic expression
obtained with p = d/2m for this fixed d. Let H** denote this approximation. It can be
given as

where
R (2me)re=t nee
a™ =a™(n, h(p)) = log ey T
and -
5= b (b)) =

Now 7, = n?2~(e=D/ne where n, = 2"P) and p is choosen as p = d/2m in order to estimate
the RSM entropy H with this d. Note that the dependency of H** on p is only via the
degree distribution entropy h(p).

Using these results, a few examples are given to illustrate the performance of the ap-
proximations H* and H** to the entropy H of the distribution of multigraphs under RSM.
In Table 10 we compare two approximations using multigraphs with n = 3 vertices and
m = 6 edges. Thus, the approximations for this case are given by

H* =log+/(me)3 2 (dy - dg - d3)3(12)~6
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and

H** _ log \/(27T66>Tc—1 n?c

(4me6)re—1 pie

where d = (di, da, d3) = 2mp is varied. As seen in Table 10, both approximations are
good for degree distributions that are uniformly or nearly uniformly distributed. Note that
the approximation H* is not useful for very skew degree distributions, e.g. d = (10, 1, 1),
which yields a negative entropy approximation. However, H** yields better approximations
for these skew degree distributions.

Table 10: The entropy of the distribution of multigraphs under random stub matching
(RSM) and its approximations in multigraphs with n = 3 vertices and m = 6 edges for
various degree sequences d.

Entropy  Expected entropy  Asymptotic entropy

d=2mp RSM (d) ISA (p) ISA (p)
(10, 1, 1) _ 0.440 20.631 0.754
9,2, 1)  1.096 0.641 1.247
(8,3, 1) 1.651 1.264 1.665
(7,4, 1) 2.044 1.597 1.965
6, 5, 1) 2242 1.747 2.121
(7,3,2) 2.362 2.475 9.343
(6, 4, 2) 2.723 2.763 2.642
(5,5, 2)  2.847 2.852 9.744
(6, 3, 3) 2.889 3.019 2.815
(5,4, 3)  3.172 3.247 3.057
(4, 4, 4) 3.330 3.386 3.197

To visualize these findings further, we conclude this section with comparisons between
the entropy under RSM and the approximations. First, consider regular multigraphs with
n = 4 vertices having the same degree d that varies from 1 to 15, so that the number of
edges m = nd/2 = 2d varies from 2 to 30. Thus, the degree sequences of these multigraphs
are uniformly distributed under ISA with p; = 1/n. In Figure 13 where we see that the
entropy under RSM is well approximated by both H* = a* 40" logm = —2.22+3logm, and
H* = a**+b** logm = —1.6742.76 logm. The RSM entropy deviates slightly from linearity
in logm, which is easier to see in Figure 14 where the entropy and its approximations are
plotted against logm.
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Figure 13: The entropy of the distribution of multigraphs under random stub matching
(RSM) and its approximations for different regular multigraphs with n = 4 vertices and
different numbers of edges m between 2 and 30.
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Figure 14: The entropy of the distribution of multigraphs under random stub matching
(RSM) and its approximations for different regular multigraphs with n = 4 vertices and
different numbers of edges m between 2 and 30. Entropy is plotted against log m.
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In Figure 15 and 16, we consider two cases with skew degree distributions in multigraphs
with n = 3 and n = 4 vertices. Here, p = (4/7, 2/7, 1/7) and p = (5/10, 3/10, 1/10, 1/10)
which implies that possible degree sequences for RSM are multiples of the degree sequences
d=(8, 4, 2) and d = (5, 3, 1, 1), respectively. As seen from these two figures, the RSM
entropies are well approximated by H*, but not by H** which deviates more and more from
RSM entropy as m increases. When m increases, the same p will result in different degree
sequences d which in turn give entropies that are harder to approximate by the asymptotic
method. From these examples we also note that both the approximations can be either
larger or smaller than the RSM entropy H.

In Table 11 we compare the RSM entropy and its approximations using multigraphs with
n = 8 vertices and m = 8 edges. It is clear that approximations H** perform much better
than approximations H*, in particular for the skew degree distributions. However, as the
degree sequences become more uniformly distributed, the performance of H* is improved.

The findings from these considered cases can be summarized as follows. The approxima-
tion H* performs well for multigraphs with degree distributions that are uniformly or close
to uniformly distributed. This holds for all multigraphs, no matter size. For skew degree
distributions, H* performs well if the edge frequency m is large. The approximation H**
performs well for small multigraphs, i.e. multigraphs with small numbers of vertices and
edges, no matter degree distributions. Further, if the number of vertices n increases, this
approximation is much better than H*. If the degree distribution is uniformly distributed,
H** also performs well for small number of vertices but large edge frequencies.
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Figure 15: The entropy of the distribution of multigraphs under random stub matching
(RSM) and its approximations for multigraphs with n = 3 vertices and degree sequences
that are multiples of d = (8, 4, 2) for edge frequencies m = 7,14,21,...,70. Entropy is

plotted against logm.
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Figure 16: The entropy of the distribution of multigraphs under random stub matching
(RSM) and its approximations for multigraphs with n = 4 vertices and degree sequences
that are multiples of d = (5, 3, 1, 1) for edge frequencies m = 5,10, 15,...,50. Entropy is

plotted against logm.
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Table 11: The entropy of the distribution of multigraphs under random stub matching
(RSM) and its approximations in multigraphs with n = 8 vertices and m = 8 edges for
various degree sequences d.

Entropy  Expected entropy Asymptotic entropy

d =2mp RSM (d) ISA (p) ISA (p)
9,1, 1,1, 1, 1,1, 1) 6589 75.502 8.447
(8,2, 1,1, 1,1, 1, 1) 7.869 -2.181 9.897
(7,3, 1,1, 1,1, 1, 1) 8.790 -0.612 10.82
6,4, 1,1,1,1,1,1)  9.352 0.1589 11.340
(5,5 1,1, 1,1,1,1)  9.541 0.394 11.505
(7,2,2, 1,1, 1,1, 1) 9.144 1.048 11.259
6,32 1,1, 1,1, 1)  9.992 2.498 12.037
(5,4,2, 1,1, 1,1, 1) 10.419 3.106 12.391
(5,3,3 1,1, 1, 1, 1) 10.701 3.786 12.646
(4,4,3,1,1,1,1,1)  10.938 4.159 12.831
6,2 2 2 1,1,1,1) 10.379 4.159 12.443
(5,3,2 2 1,1,1,1)  11.109 5.446 13.023
(4,4,2,2,1,1,1,1) 11.352 5.819 13.195
(4,3,3,2 1,1,1,1) 11.652 6.498 13.417
(3,3,3,3,1,1,1, 1) 11958 7.178 13.625
(5,222 21,1, 1) 11.526 7.106 13.373
(4,3,2,2, 2 1,1,1) 12.084 8.159 13.731
(3,3,3 .2 2 1,1,1) 12.398 8.838 13.914
(4,2,2,2,2 2, 1,1) 1252 9.819 14.005
(3,3,2,2,2,2, 1, 1) 12.847 10.498 14.159
(3,2,2, 2 2 2 2 1) 13.304 12.159 14.351
(2,2,2,2, 2 2 2 2) 13771 13.819 14.482
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Statistical Analysis of Multigraphs

Termeh Shafie

Abstract

This article analyzes multigraphs by performing statistical tests of multigraph mod-
els obtained by random stub matching (RSM) and by independent edge assignments
(IEA). The tests are performed using goodness-of-fit measures between the multiplicity
sequence of an observed multigraph and the expected multiplicity sequence according
to a simple or composite IEA hypothesis. Test statistics of Pearson type and of infor-
mation divergence type are used. The expected values of the Pearson goodness-of-fit
statistic under different multigraph models are derived, and some approximations of the
test statistics with adjusted x2-distributions are considered. Illustrations of test perfor-
mances are presented for all models, and the results indicate that even for very small
number of edges, the null distributions of both statistics are well approximated by their
asymptotic x2-distribution. This holds true for testing simple as well as composite hy-
potheses with different asymptotic distributions. The non-null distributions of the test
statistics can be well approximated by adjusted y2-distributions which can be used for
power approximations. The influence of RSM on both test statistics is substantial for
small number of edges and implies a shift of their distributions towards smaller values
compared to what holds true for the null distributions under IEA.

Keywords: multigraph, multiplicity, goodness-of-fit, information divergence.

1 Introduction

A random multigraph model is given by a probability distribution over some class of multi-
graphs. In this article multigraphs are analyzed by performing statistical tests of some
multigraph models presented in Frank and Shafie (2012) and Shafie (2012). Two main
multigraph models are considered. The first is obtained by random stub matching with
fixed degrees (RSM) so that edge assignments to sites are dependent, and the second is
obtained by independent edge assignments (IEA) according to a common probability distri-
bution. Further, we present two different methods for obtaining an approximate IEA model
from an RSM model. This is done by assuming that the stubs are randomly generated
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and independently assigned to vertices (ISA) and can be viewed as a Bayesian model for
the stub frequencies under RSM. Another way of obtaining an approximate IEA model is
to ignore the dependency between edges in the RSM model and assume independent edge
assignments of stubs (IEAS). The tests are performed using goodness-of-fit measures be-
tween the multiplicity sequence of an observed multigraph and the expected multiplicity
sequence according to a simple or composite IEA hypothesis. The exact distributions of the
test statistics are investigated and compared to different approximations given by adjusted
x2-distributions.

In the next section, multigraph data structures are described and exemplified. It is shown
how they can be obtained by different kinds of vertex and edge aggregations. These kinds of
aggregations are powerful methods to analyze structures in very large graphs. In Section 3,
some basic notations are introduced, and the different multigraph models mentioned above
are defined.

Statistical tests of simple hypotheses are considered in Section 4 where the hypotheses
are fully specified IEA models. For an IEAS model, the edge probability parameters are
functions of a specified degree sequence d, and for an ISA model these parameters are
functions of a specified stub selection probability sequence p. The Pearson goodness-of-fit
statistic S and the divergence statistic T for these tests are defined. The expected value of S
is derived under different multigraph models, and in particular it is shown that for the null
distribution under RSM, this expected value only depends on the numbers of vertices and
edges. Test illustrations for IEAS, ISA and RSM models are presented where the moments
and cumulative distribution functions of the test statistics are used to compare and evaluate
their performances. The convergence of the null distributions of .S and T to their asymptotic
x2-distributions is rapid and even for small number of edges m, a good fit is seen between
the null distributions and the asymptotic y?-distribution. For cases when flat d or p is
tested against skew d or p (or vice versa), both statistics have good powers of rejecting a
simple hypothesis about a false model. The non-null distributions of S and 7" needed for
determining power are approximated by adjusted y2-distributions. The influence of RSM
on the distributions of S and T is substantial for small m and implies a shift towards smaller
values of the statistics compared to what holds true for the null distributions under IEA.

In Section 5, statistical tests of composite multigraph hypotheses are illustrated for
IEAS, ISA and RSM models. Moments and cumulative distribution functions of the test
statistics are used for comparisons and evaluations of their performances. The composite
multigraph hypotheses might be unspecified IEAS or ISA where the parameters have to be
estimated from data. For composite IEAS or ISA hypotheses including the correct model,
the following results are noted. The null distributions of S and T' converge faster to their
asymptotic y2-distributions for flat d or p than for skew d or p, but even for rather small
m, there is a good fit between these distributions and their asymptotic y2-distributions.
Further, both statistics have very poor powers of detecting differences between TEAS and
ISA hypotheses for small as well as for large m.



2 Data Structures and Possible Applications

A multigraph is defined as a graph where multiple edges and edge-loops are permitted.
Such data structures are common in contexts when several edges can be mapped on the
same vertex pair, but they are also obtained by different types of aggregation. Several
simple graphs representing different binary relations can be aggregated to a multigraph, or
an initial very large graph can be transformed to a multigraph by aggregating vertices into
special subsets. Such possibilities are illustrated by some examples.

Consider a social network of friendships between 15 school children consisting of 12
pairs of mutual friendships. The children are categorized by two attributes, gender with
categories labeled G (girl) and B (boy), and living area with categories labeled N (north)
and S (south). Thus, there are four vertex categories BN, BS, GN and GS which are
displayed together with mutual friendships in Figure 1. By aggregating vertices in the same
category, we obtain a multigraph on 4 new vertices corresponding to the categories, and it
has the same number of edges as the initial graph. This is shown in Figure 2. By performing
this kind of transformation, we reduce the number of vertices but increase the number of
multiple edges and edge loops. Generally, social networks of contacts between individuals
can be transformed to multigraphs on vertices corresponding to combined categories of
individual attributes, and edge multiplicities represent frequencies of contacts within and
between these categories.

() (x)
OCmOmONO
) ) ) )

Figure 1: Initial graph of friendships between 15 children in a school and 12 pairs of mutually
good friends. The children are categorized by gender, girl (G) or boy (B), and living area,
north (N) or south (S).

Figure 2: Final multigraph of the friendships in Figure 1 categorized by gender and living
area. The edges represent pairwise friendships within and between categories.



As another illustration of vertex aggregation, consider network of co-operations between
business companies which are categorized by branch. Figure 3 shows 20 co-operation pairs
between 25 companies belonging to branch A, B or C. The multigraph on the three branches
is given in Figure 4 and has edge multiplicities that represent co-operations within and
between the branches. It is conveniently presented in table format.

Figure 3: Initial graph of 20 co-operations between 25 companies. The companies are
categorized by three different branches labeled A, B and C.
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Figure 4: Final multigraph of the co-operations in Figure 3 categorized by branch. The
edges represent pairwise co-operations within and between the three branches.




Vertex aggregation is a powerful method to analyze structure in very large graphs.
Another type of aggregation that is often useful is edge aggregation, which is illustrated by
the following example of a time series. Assume that we are studying a graph with a fixed
number of vertices and different categories of pairwise contacts. Further, assume that we
study this graph over a period of time, i.e. how the different contacts vary over a time period.
For example, let the initial graph have 5 vertices representing 5 different departments in
a company and we study the variation of 3 different edge categories representing pairwise
contact types between and within the departments. These contact types are phone call,
video call or meeting. The connections between the five departments have been observed
every day for a total time period of three days. This is illustrated in Figure 5 where the
edge attributes are labeled with the colors blue, red and green.

5

O ®

Day 1 Day 2 Day 3

Figure 5: Initial daily graphs on 5 different departments of a company showing three con-
nection types labeled blue (phone call), red (video call) and green (meeting).

The transformation with respect to edge attributes of the graphs in Figure 5 can be
done in different ways. If we aggregate over time periods, we obtain for each edge category
a multigraph for the total time period of three days, which is shown in Figure 6.

O—0
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Phone call Video call Meeting

Figure 6: Multigraphs obtained by aggregating each of the edge categories in Figure 5 over
all three days.



Another way of transforming the initial graphs in Figure 5 to multigraphs is by aggre-
gating over contact types (ignoring edge colors), to get one multigraph for each time period.
If we also aggregate over the three time periods we obtain a multigraph with 5 vertices and
a total of 25 edges, shown in Figure 7.

Figure 7: Final multigraph of the total number of connections during 3 days within and
between the five departments in Figure 5.

3 Some Random Multigraph Models

In order to analyze multigraphs, we perform statistical tests of some random multigraph
models considered in Frank and Shafie (2012) and Shafie (2012). First we introduce some
basic notations. A finite graph ¢g with n labeled vertices and m labeled edges associates with
each edge an ordered or unordered vertex pair. Let V = {1,...,n} and E = {1,...,m} be
the sets of vertices and edges labeled by integers, and let R denote the set of available sites
for the edges. For directed graphs the site space is R = V2 and the number of sites is given
by r = n?. For undirected graphs we use the site space R = {(i,j) € V2 :i < j} where we
consider (7,j) with ¢ < j as a canonical representation for the unordered vertex pair. The
number of sites for undirected graphs is given by r = (";rl) The graph is thus an injective
map g: E — RC V2.

A random multigraph is given by a probability distribution over some class of multi-
graphs. A multigraph with labeled vertices and undistinguished edges is represented by the
edge multiplicity sequence m = (m;; : (¢,j) € R) where the edge multiplicity m;; denotes
the number of multiple edges at site (i,j) € R. For undirected multigraphs, the edge sites
are listed in the canonical order

(L)< (L,2)<---<(LLn)<(2,2)<(2,3) <--- < (n,n) ,



so that m;; is the number of loops at vertex 4, and m;; for ¢ < j is the number of edges
between vertices ¢ and j. In this case it is convenient to define m;; = 0 for 7 > j. The edge
multiplicity sequence m has total

n n
m. = E E Mmi; =M and m;. +m,; = E m4; + E mji:di
Jj=1 Jj=1

1<y

is the degree of vertex ¢, which can also be interpreted as the number of edge-stubs or
half-edges at vertex ¢ for i = 1,...,n. The stub multiplicity sequence d = (d,...,d,) has
total Y " | d; = 2m.

Consider a random undirected multigraph model where the edges are independently as-
signed to sites according to a common probability model. Let ();; denote the probability of
assigning an edge to site (¢,7) € R so that 33>, Q;; = 1. This independent edge assign-
ment (IEA) model has edge multiplicity sequence m(IEA) that is multinomially distributed
with parameters m and Q = (Qy; : (4,7) € R) so that edge sequences m have probabilities

P(m(IEA) = m) = <Z> Qn= " Tlan.

H%S] My i<j

Another random multigraph model is obtained by assuming that the edges are formed
by random matching of pairs of edge-stubs in a given sequence of edge-stubs. This random
stub matching (RSM) model has fixed stub multiplicity sequence d = (dy,...,d,). Under
RSM, the edge assignments to sites are dependent. The probability that an edge is assigned
to site (i,7) € R is given by

(3)/(3) fori=j

didj/(*)") fori<j,

ij =

so that the edge probability sequence Q = Q(d) is a function of the stub multiplicity
sequence d. The probability of edge multiplicity sequence m under RSM is shown in Shafie
(2012) to be given by

2m2 (M) oM T, d;!

P(m(RSM) =m) = (Q(TI)’“ = @) L, !

where mo = >3, mij.

A Bayesian version of the RSM model is obtained by assuming that the stubs are in-
dependently assigned to vertices according to a probability distribution p = (p1,...,pn)-
The stub multiplicity sequence under independent stub assignments (ISA) is multinomially
distributed with parameters 2m and p. This multinomial distribution can be viewed as a



Bayesian model for the stub multiplicities and leads to independent edge assignments. Thus
by the Bayesian assumption the RSM model is turned into a special IEA model with edge
probability sequence Q defined as a function of p according to

pg fori=j
Qij = .
2pip; fori<j.

Another way to get an approximate IEA model from an RSM model is to ignore the de-
pendency between the edge assignments in the RSM model. The edge probability sequence
Q = Q(d) of the RSM model is used to define a model with independent edge assignment
of stubs (IEAS). Note that the IEAS model, like other IEA models, has (m+mr_1) different
outcomes of m, while the RSM models are restricted to outcomes that are consistent with
stub multiplicity sequence d only.

The following notations will be used for the models presented in this section. Inde-
pendent edge assignment is denoted IEA(Q), random stub matching is denoted RSM(d),
independent stub assignments is denoted ISA(p), and independent edge assignments of
stubs is denoted IEAS(d).

4 Statisticial Tests of a Simple Multigraph Hypothesis

4.1 Test Statistics

A simple multigraph hypothesis Hy is defined as a fully specified IEA(Qg) which can be an
ISA(po) or an IEAS(dg) with Qg specified as a function of dg or pg. The tests are per-
formed using goodness-of-fit measures between the multiplicity sequence m of an observed
multigraph and the expected multiplicity sequence according to Hy.

Asymptotic theory for likelihood ratios and goodness-of-fit statistics is given for instance
by Anderson (1980) and Cox and Hinkley (1974). The Pearson goodness-of-fit statistic is

given by
(m; Quij)*
SOZZZ m]mé?zmoj ZZ

1<j 1<j

mQO’L]

which is asymptotically y2-distributed with df =  — 1 degrees of freedom if the multiplicity
sequence is obtained according to IEA(Q) and the correct model Qg = Q is tested. We
denote a random variable with this distribution x2_;. The divergence statistic is given by

Dy = Z Z i log mng;[])w

1<j

and an asymptotic x2_;-statistic can be obtained as

2
Ty =

loge "
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Divergence statistics are used as goodness-of-fit statistics for instance by Kullback (1959)
and Frank (2011). For good asymptotics it is normally assumed that m is large and m@Q;;
is not too small (for instance mQ);; > 5 and m > 5r). By approximation of the logarithm
function it can be shown that Sy ~ Tg for large m. The critical region for the tests is taken
as values of Sy and Ty above a critical value cv given by

cw=df +2:/2df =r—14/8(r —1),
which has a significance level approximately equal to 5% given by
a=P(x?>cv).
The power functions

P(So>cw)=1-p55,(Q) and P(Ip>cv) =1-6r(Q)

are calculated using the distributions of Sy and Ty when m is multinomially distributed with
parameters m and Q, for Q = Qg and for Q # Qq. Specifically, Sy and Ty are compared to
X3—1 via moments and cumulative distribution functions. For instance, the expected value
of Sy reveals how far from E(x?_;) = r — 1 the distribution of Sp is. This expected value
is given by

E(m3;) Qij + (m —1)Q7;
B0 =22 mQuj 2.2 Qoij "

i<j 1<j

where m;; is binomially distributed with parameters m and Q;; so that

E(m3;) = Var(mg;) + [E(mij)]* = mQu;(1 — Qi) + m*Q3; = mQij + m(m — 1)Q}; .

In particular, if Q = Qg so that Q;; = Qo;; for i < j, the null distribution of Sy has
expected value

E(So)=>_Y [+ (m—-1)Qil-m=r—1.
i<j
Under the ISA(p) model and ISA(pg) hypothesis, the expected value of Sy is given as

E(So)=> Li[1+(m-1p}]+> Y LZ'ZLJ' [1+ (m—1)2pips] —m
=1

i#j
SO RIUEN SIS D 9E
=1 =1 =1 j=1
+ (’I’I’L — 1) Z Z LiLjpipj — Z 72 — (m — 1) Z(szz)2 —m
i=1 j=1 i=1 i=1
2
S L2+ (X, L) ( -
— L= = —m+ (m—1) ZLipi ;
2 =1

9



where L; = p;/po; is the likelihood ratio for stub assignments. As seen, the variation of
E(Sp) depends on > &, L;, S L? and Y 1 ; L;p;. In particular, for a uniform ISA(po)
hypothesis where po,; = 1/n,

2

AN 2 2 n

n . 4+ n

s = EEEE e (3008
=1

which by letting so = Y, p? can be simplified to
2

E(Sy) = m(n®s3 — 1) + %(1 + 89 — 253) .

From this we see that E(Sp) grows linearly with m having coefficients depending on n and
s9. By using
- n2  n?
E(Sp) = s5n (m—1)+52?—|—?—m

and 1/n < s9 < 1, it follows that
r—1<E(Sy) <m(n?—1).

We also note that if p = pg so that p; = po;, the null distibution has

2
E(So):n;n —mA(m—1)= <”‘2”)_1:7~_1

which is consistent with the result shown previously for Q = Q.

The expected value of Sy can also be considered for the RSM(d) model when Hy is
RSM(dp) or IEAS(dg) since Qg of IEAS and RSM are identical. Shafie (2012) gives the
moments of m;; under RSM as

E(mi;) =mQ;; fori<j,

and
Var(mij) = 01-2]- + Aij for ¢ <7,

where UZ-QJ- = mQ;;(1 — Qi) is the variance under IEA, and A;; is the difference between the
variances of m;; under RSM and IEA:

Ay =m(m —1)(Qiji; — QF)
where
d;i—2)(d;—3 . .
Qi ((§m72gg2mf;)> for 7 = J
Qijij = . .
Qij (72( i—1)(d;—1) ) for 7 < ] .

(2m—2)(2m—3)
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A general expression for the expected value of Sy under RSM is here obtained as

-y mQOU

i<j

o7+ Aij + m*Q;;

DDA

i<j mQOzg

B mQy;(1 — Qi) + Agj +m?
B ZZ;]Z: mQOij

For Q = Qg so that Q;; = Qo;; for 7 < j, this simplifies to

E(So) _TileZZmQU

i<j
Qz]zy Q”)

—1
T +ZZ<JZ sz]
e [EY %2 Ty,

1<j 1<j
:r—mjL(m*l) ZZQ’L]@]

L 1<J
- 2(d; —1)(dj — 1) | <~ (di—2)(d; —3)
=r—m+(m—1) Zqz 2m — 2)(2m — 3)+;(2m—2)(2m—3)

n

—rem ZZ )(dj = 1)+ (di — 2)(d; — 3)

1#£] =1
1
:r—m+m[4m2+4mn+n2—6m+5n}
B (m—1)n(n—1)
a 2m — 3 ’

which implies that the expected value of the null distribution only depends on the number
of vertices and edges. Using this expression we can now show for which values of m and n
the expected value of Sy under RSM is smaller than r — 1, i.e.

m—1)n(n —1)
2m — 3

n(n+1)

E(So) = ¢ .

—1.

<(r—1)=

11



Solving the inequality for m gives the following results:

6
E(Sp)<r—1 for m>n1_ ,

6
E(Sy)=r—1 if m:% is integer ,
and
n+6
T

Note that the restriction 2m > n imposed by no isolated vertices implies that E(Sp) > r—1
only for some degenerate cases (n = 2, m = 1) and the extreme cases n = 3 or 4, and m = 2.
Therefore, under RSM the null distribution of the test statistic Sy has for all other cases
an expected value below r — 1, and its cumulative distribution function will tend to lie on
or above that of x2_; for all practical useful cases. Exceptional cases with m < (n + 6)/4
have so few stubs to be matched that they are unlikely to be useful in practice. Compare
the requirement of large m needed for good x? asymptotics. Note however that the test
statistics may not have asymptotic x2-distributions under RSM due to dependency between
edges.

Any test statistic S, like S or Tp, can be approximated by an adjusted y2-distribution
given by

E(Sp) >r—1 for m<

1
S* = EX% )

where p = E(S). For any positive integer k the approximation S* has the same mean as S
and a variance given by
2442

o
Two particular approximations S and S" are given by S* for k chosen as the integer part
of p and for k = r — 1, respectively. Their variances are

Var(S*) =

/ 2 1"
Var(S) = ﬁ and Var(S)= )

and the preferred approximation is the one with variance closest to Var(S) = 2. Equiva-
lently, the preferred adjusted y?-distribution is the one with degrees of freedom closest to
212 /o%. A good approximation is useful for power calculations.

4.2 Test Illustrations for IEAS Models

We consider multigraphs with 4 vertices and 10 edges and test IEAS(dg) hypotheses against
IEAS(d) models. The degree sequences are chosen to include both skew and flat (uniform

12



and close to uniform) cases. The number of edge sites is here given by r = 10 and the test
statistics Sy and Ty are thus asymptotically Xg—distributed when the correct model with
do = d is being tested. The critical value is cv = 17.49 and o = P(x3 > cv) = 0.04.
The powers of these tests according to Sy and T are given in Table 1, where the diagonal
representing dg = d is shaded. Note that there is one case where the order between the
components in dg is switched. For this special case, the large deviations between the
degree values in models and hypotheses result in powers being close or equal to one for both
statistics. Whendo =d, ar, =1-01, < a <1-8s, = ag,. For flat dg = d, both statistics
have significance levels equal or close to «, but for skew dg = d, the significance level of Tj
is much below « and that of Sy is much above a. For the majority of cases with not too
skew dg # d, both statistics have fairly good powers, but the inequalities between them
persist indicating that their cumulative distribution functions can approach an asymptotic
distribution from either below or above. To illustrate the fit of the distributions of the
statistics Sg and Tp to ng their cumulative distribution functions are shown in Figure 8.
For flat dg = d, the null distribution of Sy almost coincides with that of x%- For skew
do = d, the null distributions of both statistics give poor fit to x2-distribution. This poor
fit is also noted for both flat and skew dg # d. Both Sy and Ty seem to have distributions
that would be better approximated by x? with degrees of freedom chosen to be higher than
r — 1 in cases with dg # d.

The speed of the convergence of the cumulative distribution functions of Sy and Tj is
illustrated in Figures 9 and 10 where both flat and skew dg = d are considered. The number
of edges m increases as multiples of the chosen degree sequences. We see that even for small
m, the null distributions of both statistics are fairly well approximated by their asymptotic
x2-distribution. A similar investigation of the non-null distributions of Sy and T} is shown
in Figure 11 for flat dg # d and in Figure 12 for skew dg # d, where dg is kept fixed and
d is varied. For both flat and skew dg, the deviations between the non-null distributions
of Sp and Ty and their asymptotic null distribution increase with the number of edges, and
even for m = 12 this deviation is clearly notable. Thus even for the rather small m = 12,
it is easy to detect simple hypotheses about false models.

Two cases in Table 2 illustrate how test statistics can be approximated by adjusted
x2-distributions. The approximated goodness-of-fit statistics are S(/) and Sg, and the ap-
proximated divergence statistics are T(; and T(/)/. These approximations are evaluated by
comparing their variances to Var(Sy) and Var(Ty). The expected values and variances of
all versions of the test statistics are presented in Table 2 where the versions that are not
preferred are shaded so that it is easier to compare preferences in different cases. For the
first case, Sg is preferred to 5’6 while TOI is preferred to T(;/. Equivalently, the preferred
adjusted y2-distribution for Sy has df = r — 1 = 9 since it is closer than df = [u| = 13 to
2E(Sy)/Var(Sp) = 7.31, and the adjusted y?-distribution for Ty has df = |u] = 13 since
it is closer than df = r — 1 = 9 to 2E(Ty)/Var(Ty) = 18.19. For the second case, S, is
preferred to S(l)/, while T(;/ is preferred to T(;.

13



Table 1: Power according to Sy (upper value) and Ty (value below) when model is IEAS(d)
and hypothesis is IEAS(dg) for n = 4 and m = 10. a = 0.04.

d
(14,2,2,2) (12,3,3,2) (9,7,2,2) (8,8,2,2) (6,6,6,2) (6,5 54) (55,5,5)
do
(14, 2,2, 2) 0.19 0.42 0.87 0.94 0.98 0.97 0.99
0.01 0.06 0.52 0.70 0.87 0.82 0.92
(2, 2, 14, 2) 1.00 1.00 1.00 1.00 0.98 0.99 0.99
1.00 1.00 1.00 1.00 0.87 0.92 0.92
(12, 3, 3, 2) 0.06 0.10 0.50 0.66 0.75 0.77 0.89
0.01 0.01 0.24 0.40 0.52 0.50 0.69
(9,7,2,2) 0.34 0.31 0.13 0.14 0.74 0.78 0.87
0.25 0.14 0.01 0.02 0.40 0.44 0.60
(8, 8,2,2) 0.58 0.44 0.13 0.13 0.73 0.78 0.87
0.47 0.26 0.02 0.01 0.38 0.44 0.58
(6, 6, 6, 2) 0.85 0.54 0.24 0.21 0.08 0.36 0.53
0.74 0.39 0.19 0.18 0.02 0.14 0.27
(6, 5,5, 4) 0.78 0.46 0.26 0.28 0.07 0.05 0.07
0.69 0.36 0.22 0.23 0.06 0.03 0.05
(5, 5,5, 5) 0.91 0.70 0.48 0.46 0.13 0.05 0.04
0.63 0.63 0.43 0.41 0.12 0.04 0.03

Table 2: Moments of S, Sé), Sg, To, T(; and T[/)/ for some TEAS(d) models and TEAS(dy)
hypotheses with n = 4 and m = 10. The unshaded columns correspond to the best approx-
imations to the test statistics.

Case 1: dg = (6,6,6,2), d = (8,8,2,2)

"

SO S(I) Sg Ty T(; TO
Expected value 13.62 13.62 13.62 13.40 13.40 13.40
Variance 50.74 28.52 41.20 19.74 27.64 39.93

Case 2: do = (12,3,3,2), d = (14,2,2,2)

"

So Sy Sy To T, T,
Expected value 7.51 7.51 7.51 7.82 7.82 7.82
Variance 31.79 16.14 12.55 10.61 1747 13.59
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Figure 8: Distributions of Sy, Ty, and x3 for some IEAS(d) models and IEAS(dg) hypotheses
with n =4 and m = 10.
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m=06,dp=d=(3,3,3,3)
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Figure 9: Null distributions of Sy and Ty for some IEAS(d) models and TEAS(dg) hypotheses
with flat dg = d when m increases.
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Figure 10: Null distributions of Sy and Ty for some IEAS(d) models and IEAS(dg) hy-
potheses with skew dg = d when m increases.
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Figure 11: Non-null distributions of Sy and Ty for some IEAS(d) models and TEAS(do)
hypotheses with flat dg and different d when m increases.
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Figure 12: Non-null distributions of Sy and Ty for some IEAS(d) models and IEAS(do)
hypotheses with skew dg and different d when m increases.
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4.3 Test Illustrations for ISA Models

We now turn our attention to ISA(pg) hypotheses tested against ISA(p) models and consider
tests of different multigraphs of the same size. The stub selection probability sequences are
chosen to illustrate both skew and flat cases. Note that there is one case where the order
between the components in pg is switched. The powers of these tests according to Sy and
Ty are given in Table 3. We see that most results are consistent with those seen in Table 1
for IEAS models. For pg = p, as, and a7, are on opposite sides of o = 0.04 but they are
both close to a except for very skew cases. For the majority of cases with pg # p, both
test statistics have reasonable powers unless pg and p are too close. In Figure 13, the fit of
the distributions of the statistics Sy and T to that of X% are illustrated for some selected
cases. Overall, we see that even for these examples with small m, we have fairly good fit
for all illustrated cases with both flat and skew pg = p, and pg # p.

The impact on the null and non-null distributions of Sy and Ty for skew and flat pg when
m increases is illustrated in Figures 14 to 17 where similar results as those for IEAS models
are noted. The convergence to the asymptotic distribution is rapid for null distributions of
both statistics, and the deviations between the non-null distributions of both statistics and
their asymptotic null distribution increase with m. The latter result implies that adjusted
x2-distributions should be used to approximate the non-null distributions.

Two cases from Table 3 are chosen to illustrate the performance of the approximate
test statistics. By comparing variances we obtain the results presented in Table 4, where
non-preferred statistics are shaded.
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Table 3: Power according to Sy (upper value) and Tp (value below) when model is ISA(p)
and hypothesis is ISA(pg) for n = 4 and m = 10. a = 0.04.

14
7 1 1 1 3 1 1 1 1111 4 1 1 1 3 3 1 1 1111
(101010 5w @ess) Gwss) Gsess) (@o11)
Po
7 1 1 1
(%15 150 15) 0.10 0.33 0.57 0.80 0.92 0.99
0.01 0.07 0.19 0.47 0.67 0.88
1 1 7 1
(3555 1.00 1.00 1.00 1.00 1.00 0.99
1.00 1.00 0.99 1.00 1.00 0.88
(21455 0.06 0.08 0.36 0.32 0.50 0.92
079
0.01 0.01 0.11 0.11 0.24 0.72
(3.%.5.%) 0.04 0.04 0.06 0.27 0.42 0.53
0.05 0.03 0.02 0.14 0.25 0.35
($.3.5. %8 0.27 0.09 0.29 0.06 0.11 0.74
0.24 0.05 0.14 0.02 0.04 0.49
(2,3,4,%) 0.54 0.19 0.29 0.04 0.05 0.58
0.47 0.14 0.19 0.02 0.02 0.38
(3.14,44) 0.88 0.66 0.32 0.35 0.25 0.03
0.86 0.63 0.28 0.33 0.23 0.03

Table 4: Moments of Sp, S(l), Sg, Ty, Té and T(;/ for some ISA(p) models and ISA(po)
hypotheses with n = 4 and m = 10. The unshaded columns correspond to the best approx-
imations to the test statistics.

. _ (1111 3311
Case 1: po = (1,5, 1:3) P= (55 55) ,
So So So Ty 15 Ty
Expected value 14.56  14.56 14.56 14.43 1443 14.43
Variance 50.98 30.30 47.13 22.05 29.74 46.27
- 9 _ (311 1 1111
Case 2: po = (3. 5. 75 16): P= (3:5:5:5) ,
So So So T 15 Ty
Expected value 17.08 17.08 17.08 11.20 11.20 11.20
Variance 167.82 34.33 64.85 25.83 22.82 27.89
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Figure 13: Distributions of Sy, Ty and x3 for some ISA(p) models and ISA(po) hypotheses
with n = 4 and m = 10.

20



m=6,po=p=(1/4,1/4,1/4,1/4)

1 e t e
» o
08 o 08 ;
1/ b
0.6 . 0.6 /i
'
! 4
0.4 / 0.4 #
1J ’
, ,
p /
0.2 — 0.2 f
—P(x§<s) s
0 0
0 5 10 ¢ 15 20 25 () 5 0 4 15
m=12,po =p = (1/4,1/4,1/4,1/4)
1 1
-
0.8 2 0.8
b <
Vi ¢
0.6 P 0.6 P
9 *
p /
0.4 P 0.4 -
,
¢
0.2 0.2 2
-
0 o “
0 5 10 g 15 () 5 0 4 15

Figure 14: Null distributions of Sy and Tj for some ISA(p) models and ISA(pg) hypotheses
with flat pg = p when m increases.
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Figure 15: Null distributions of Sy and Tj for some ISA(p) models and ISA(pg) hypotheses
with skew pg = p when m increases.
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m=6,po=(1/4,1/4,1/4,1/4) #p

Figure 16: Non-null distributions of Sy and Ty for some ISA(p) models and ISA(pg) hy-
potheses with flat pg and different p when m increases.
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Figure 17: Non-null distributions of Sy and 7y for some ISA(p) models and ISA(pg) hy-
potheses with skew pg and different p when m increases.
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4.4 Test Illustrations for RSM Models

When performing tests of IEA models, multigraphs are known to have multiplicity sequences
that are multinomially distributed, which implies that the distributions of the test statis-
tics Sy and Tp are asymptotically y2-distributed when the correct model is being tested.
However, for RSM models, there is dependence between edges, and the distributions of Sy
and Ty are unknown. In this section, we illustrate some of the consequences of using the
previously described tests of simple hypotheses against a false IEA model when the true
model is RSM. Here, both IEAS(dp) and ISA(pg) hypotheses are tested for flat and skew
do and pg. The true model is RSM(d) so that only non-null distributions of Sy and Tj are
considered.

We start by testing multigraphs with 4 vertices and 12 edges. The powers of these tests
according to Sy and Tp are presented in Table 5. For IEAS(dg) hypotheses, the diagonal
representing dg = d is shaded, and for ISA(pg) hypotheses, the diagonal representing
po = d/2m is shaded. For these shaded cases, both ag, and ag, are much below a = 0.04,
except for the very skew dop = d = (18, 2, 2, 2) where ag, is much above a. For the
majority of cases with dg # d or po # d/2m both test statistics have good or reasonable
powers, unless d is too close to dg or 2mpg. To illustrate the fit of the distributions of the
statistics Sy and Ty to that of XS, their cumulative distribution functions for some selected
cases are shown in Figure 18. We see similar trends as those for IEAS models in Figure 8
and ISA models in Figure 13 which generally makes it hard to detect differences between
how the models RSM, IEAS and ISA effect the test statistics.

Four cases are chosen to illustrate adjusted x?-approximations to the distributions of
the test statistics. Table 6 shows the expected values and variances for test statistics and
approximations, and the approximations that are not preferred are shaded. Thus we see
that the preferences can vary in all different ways.

Let us now increase the number of edges and consider multigraphs with 3 vertices and
45 edges. The powers of these tests according to Sy and Ty are presented in Table 7 where
the following is noted. For IEAS and ISA hypotheses with dg = d and pg = d/2m, the
significance levels of both Sy and Ty are much smaller than « and also equal or almost equal.
There are some cases of powers below « implying that it is difficult to detect hypotheses
about wrong models. For IEAS hypotheses where dg # d, and ISA hypotheses where
po # d/2m, the powers are equal or close to one another in the majority of cases. This
is a consequence of similarities between IEAS and ISA models for large m. Other results
concerning the powers in Table 7 are similar to those seen in Table 5. Figure 19 illustrates
the fit of the distributions of Sy and Tj to that of X% for some different cases with m = 45
and should be compared to Figure 18 which illustrates m = 12. We see strong deviations
from x2 for both Sy and Ty, and for flat dg, the distributions are either to the left of the
Xg—distribution or close to it. This is further illustrated in Figures 20-23 and is in contrast
to the finding for IEAS models in Figure 9-12 and for ISA models in Figures 14-17.
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In Figures 20 to 23, the non-null distribution of Sy and T for some RSM(d) models
are illustrated where m increases as multiples of different specified d. Figures 20 and 21
illustrate IEAS hypotheses with flat and skew dg, and Figures 22 and 23 illustrate ISA
hypotheses with flat and skew pg. When dg = d or pg = d/2m, the non-null distributions
of both Sy and Ty lie above the asymptotic null distributions. This is consistent with
results shown in Section 5.1. Further for these cases we see that as m increases, these
distributions still lie above the asymptotic null distribution, and a y?-distribution with
lower degrees of freedom seem to better approximate these distributions. For cases with
do # d or pg # d/2m, the non-null distributions of both statistics move further away
from the asymptotic null distribution as m increases, implying a need to use adjusted x?2-
distributions for better fit.

Three cases to illustrate the approximations by adjusted y2-distributions are given in
Table 8. For all three cases, S(/) and T(; are preferred. For the second and third case
with dg = d, the variances of Sy and Ty are roughly twice their expected values which
are approximately equal to 3. Thus, the adjusted y?-distribution for both test statistics
seem to be closer to r — n rather than r — 1 degrees of freedom under RSM. This is also
supported by the expected value of Sy which according to the result in Section 4.1 is
(m —1)n(n —1)/(2m — 3) which is about r —n =n(n —1)/2.

So far in this section we have considered the consequences of replacing IEA models
with RSM models, but have only tested IEA hypotheses. We conclude this section with a
comment about testing RSM hypotheses. A simple RSM(dg) hypothesis has the same Qg as
the IEAS(dg) hypothesis, and Sy and Tj can not distinguish between these two hypotheses.
Should the model be RSM(d), there is a dependency between edges when they are assigned
to sites, which could be used to distinguish between the two hypotheses. This requires a
test not using Sy or Ty, but a test using the full potential of m having as its critical region
the set M(do) consisting of all outcomes m that are not compatible with dg. This test
has zero probability of false rejection of RSM(dg), and its power can be determined as the
sum of the probabilities according to RSM(d) of the outcomes in the critical region. Shafie
(2012) gives the RSM(d) probabilities and specifies outcomes of m compatible with a fixed
degree sequence. We will not pursue details of this test further here.
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Table 5: Power according to Sy (upper value) and T (value below) when model is RSM(d)
and hypothesis is IEAS(dg) or ISA(pg) for n =4 and m = 12. a = 0.04.

d
(18,2,2,2) (16,3,3,2) (13,5,4,2) (8,8,4,4) (7,7,7,3) (7,6,6,5) (6,6,86,06)
do

(18,2,2,2) 0.14 0.33 0.74 1.00 1.00 1.00 1.00
0.00 0.00 0.08 1.00 1.00 1.00 1.00

(16, 3, 3, 2) 0.05 0.05 0.15 1.00 1.00 1.00 1.00
0.00 0.00 0.01 0.79 0.96 0.95 1.00

(13,5, 4, 2) 0.05 0.04 0.05 0.47 0.49 0.79 0.9
0.02 0.00 0.00 0.10 0.14 0.28 0.70

(8,8,4,4) 1.00 0.57 0.07 0.01 0.07 0.09 0.15
1.00 0.36 0.03 0.01 0.03 0.03 0.04

(7,7,7,3) 1.00 1.00 0.15 0.02 0.00 0.05 0.12
1.00 1.00 0.07 0.02 0.01 0.02 0.04

(7,6,6,5) 1.00 1.00 0.15 0.01 0.01 0.00 0.01
1.00 1.00 0.14 0.02 0.01 0.01 0.01

(6, 6, 6, 6) 1.00 1.00 0.52 0.02 0.02 0.01 0.01
1.00 1.00 0.37 0.02 0.02 0.01 0.01

Po

4555 0.02 0.00 0.79 1.00 1.00 1.00 1.00
0.00 0.00 0.04 1.00 1.00 1.00 1.00

(2,3,%,5) 0.01 0.01 0.15 0.98 1.00 1.00 1.00
0.00 0.00 0.00 0.77 0.92 0.95 0.99

(B.2.5 5 0.02 0.02 0.01 0.42 0.43 0.78 0.99
0.02 0.02 0.00 0.09 0.07 0.27 0.76

(3.3.%53%) 1.00 1.00 0.02 0.00 0.03 0.04 0.08
1.00 1.00 0.03 0.00 0.02 0.03 0.04

. 1.00 0.83 0.11 0.02 0.00 0.05 0.12
1.00 1.00 0.06 0.02 0.01 0.02 0.04

(&,%,1,2) 1.00 0.83 0.11 0.01 0.01 0.00 0.01
1.00 0.84 0.08 0.02 0.01 0.00 0.01

($:5.51) 1.00 1.00 0.52 0.02 0.01 0.00 0.00
1.00 1.00 0.34 0.02 0.02 0.01 0.01
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Table 6: Moments of Sy, Sy, Sy, To, Ty and T, for some RSM(d) models and TEAS(dg) or
ISA(do/2m) hypotheses with n = 4 and m = 12. The unshaded columns correspond to the
best approximations to the test statistics.

Case 1: ISA dp =d = (7,6,6,5)

"

So S, S, To T, T,
Expected value 6.18 6.18 6.18 7.90 7.90 7.90
Variance 870 12.71  8.47 11.32 17.83 13.87

Case 2: IEAS dg =d = (16, 3,3,2)

So Sp Sy To T, T,
Expected value 6.29 6.29  6.29 5.08  5.08 5.08
Variance 3241 13.17 8.78 7.25 10.32 5.73

Case 3: ISA dg = (13,5,4,2), d = (8,8,4,4)

"

SO S(l) Sg Ty T(; TO
Expected value 16.98 16.98 16.98 12.71 1271  12.71
Variance 39.45 36.02 64.04 10.84 26.93 35.91

Case 4: IEAS do = (7,7,7,3), d = (6,6,6,6)

"

SO S(/) Sg Ty T(; TO
Expected value 13.28 13.28 13.28 10.85 10.85 10.85
Variance 4797 27.12 39.17 11.73 23.53 26.14
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Table 7: Power according to Sy (upper value) and Ty (value below) when model is RSM(d)
and hypothesis is IEAS(dg) or ISA(pg) for n = 3 and m = 45. o = 0.05.

d
(70, 10, 10) (65, 15, 10) (50, 20, 20) (45, 35, 10) (40, 30, 20) (35, 30, 25) (30, 30, 30)
do
(70, 10, 10) 0.01 0.13 1.00 1.00 1.00 1.00 1.00
0.01 0.03 1.00 1.00 1.00 1.00 1.00
(65, 15, 10) 0.01 0.01 1.00 1.00 1.00 1.00 1.00
0.01 0.01 1.00 1.00 1.00 1.00 1.00
(50, 20, 20) 1.00 0.85 0.01 1.00 0.37 0.97 1.00
1.00 1.00 0.02 1.00 0.23 0.90 1.00
(45, 35, 10) 1.00 1.00 1.00 0.01 1.00 1.00 1.00
1.00 1.00 1.00 0.01 0.56 1.00 1.00
(40, 30, 20) 1.00 1.00 0.12 0.13 0.01 0.04 0.42
1.00 1.00 0.24 0.32 0.01 0.03 0.28
(35, 30, 25) 1.00 1.00 0.92 1.00 0.02 0.01 0.03
1.00 1.00 0.90 1.00 0.03 0.01 0.03
(30, 30, 30) 1.00 1.00 1.00 1.00 0.23 0.02 0.01
1.00 1.00 1.00 1.00 0.25 0.03 0.01
Po

(5:%.%) 0.01 0.12 1.00 1.00 1.00 1.00 1.00
0.01 0.03 1.00 1.00 1.00 1.00 1.00
(12,4,9) 0.01 0.01 1.00 1.00 1.00 1.00 1.00
0.01 0.01 1.00 1.00 1.00 1.00 1.00
(2,2,2) 1.00 0.85 0.01 1.00 0.34 0.91 1.00
1.00 1.00 0.02 1.00 0.21 0.84 1.00
(3. % %) 1.00 1.00 1.00 0.01 1.00 1.00 1.00
1.00 1.00 1.00 0.01 0.54 1.00 1.00
(3.4.2) 1.00 1.00 0.11 0.13 0.01 0.04 0.39
1.00 1.00 0.24 0.32 0.01 0.03 0.28
(%, %.2) 1.00 1.00 0.90 1.00 0.02 0.01 0.03
1.00 1.00 0.90 1.00 0.03 0.01 0.02
(3:3.3) 1.00 1.00 1.00 1.00 0.19 0.02 0.01
1.00 1.00 1.00 1.00 0.24 0.03 0.01
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Table 8: Moments of Sy, Sy, Sy, To, Ty and T, for some RSM(d) models and TEAS(dg) or
ISA(do/2m) hypotheses with n = 3 and m = 45. The unshaded columns correspond to the
best approximations to the test statistics.

Case 1: IEAS do = (70,10, 10),d = (65, 15, 10)

So So Sy v T, T,
Expected value 743 743 743 6.05 6.05 6.05
Variance 15.96 15.77 22.07 5.28 12,19 14.63

Case 2: ISA dg = d = (50, 20, 20)

So Sp Sy v T, T,
Expected value 3.01 3.01 3.01 3.32 332 3.32
Variance 5.50  6.05  3.63 745 735 441

Case 3: IEAS do = d = (30,30, 30)

’ "

So Sp Sy o, T, T,
Expected value 3.03 3.03  3.03 3.14 3.14 3.14
Variance 5.83 6.14  3.68 6.66 6.57 3.94
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Figure 18: Distributions of Sy, Tp and x3 for some RSM(d) models and TEAS(dg) or

ISA(do/2m) hypotheses with n =4 and m = 12.
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IEAS do = d = (30, 30, 30)
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Figure 20: Non-null distributions of Sy and Ty for some RSM(d) models and TEAS(dg)
hypotheses with flat dg and different d when m increases.
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Figure 21: Non-null distributions of Sy and T for some RSM(d) models and IEAS(do)
hypotheses with skew dg and different d when m increases.

31



m=8,po=(1/4,1/4,1/4,1/4)

1 ) [P 1 S
d=(4,4,4,4)__-=*» S
( >/, Tt do(a40) -8
¢« - I A
08 o X 0.8 4
S AT a=(6,53,2)
06 06
04 0.4
D
0.2 02
‘
0 0
0 0 5 10 , 15 20 25
m=16,po = (1/4,1/4,1/4,1/4)
1 oo —so o8 — 1 -
d=(8,8,8,8) o= o d=(88,8,8) -
(8, ')/., ) e ”~
08 T & S 08
. / - 4
! e & “
! » P — /
0.6 i g p d=(16,6,6,4) 0.6 ks !.4 Sd=(16,6,6,4)
Sl 7 4
04 J fe—7d=(12,10,6,4) 0.4 ; & fd=(12,10,6,4)
’ ’ 4 7 o &
0.2r / 4 0.2 Fd ’ 2
i s I3 o o P
0 -9 ‘ ‘ o= . r' d(
0 5 10 s 15 0 5 10 t 15

Figure 22: Non-null distributions of Sy and Ty for some RSM(d) models and ISA(pg)
hypotheses with flat pg and different d when m increases.

m=8,po = (1/2,3/16,3/16,1/8)

1 q— 3.3.9 [ 1 Rt
(8.3.3, )-—nl"' '/.-' d=(8,3,3,2)p " e
s ” < ;
08 . 4 Lo’ 0.8 o
B 4 » J
T S ’
0.6 A S d=(6.5,3,2) 0.6 MY
) } .
. A
04 13 f—d=(4,1) 0.4 S A
J ‘ Al
02 1 ! 0.2 :
‘
0 0
0 5 10 5 15 20 25 0 5 0, 15 20 25

1 N 1 1
d=(16,6,6,4
(16,6,6,4) A= (16,6,6,4) gl ~
08 08 \,
0.6 06 ! 4
-‘, -‘,J rd = (8,8,8,8)
; ‘\(:
0.4 4 0.4 ‘4 s J d = (12,10,6,4)
I3 s ‘.-' _»r’
0.2 L] 0.2 2
7 7 .
o2 P 0 « et
0 5 0 5 10 t 15
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5 Statisticial Tests of a Composite Multigraph Hypothesis

5.1 Test Statistics

The composite multigraph hypothesis might be ISA for unknown p or IEAS for unknown d.
The parameters have to be estimated from data m. These estimates are denoted p = p(m)
and d = d(m), and they are related according to
5 d
b= om
where

g (myj +my;)) =mi. +my fori=1,...,n,

and m;; = 0 for ¢ > j. Thus, we have estimated sequences Q= (Qw : (4,7) € R) in the two
cases with composite ISA and TEAS hypotheses. Note that for ISA

. P fori=j
Qij = - o
2p;p; fori<j,

and for IEAS A
(/) fori=;
Qz] = o, . .
dd/( ) fori<yj.

The Pearson goodness-of-fit and divergence statistics are here given as

ng sz]
§=2.0. " 5.

1<j i<j mQZJ
and
- T s
i<i Qi
Here, S and
~ 2 A
7=""
loge

are asymptotically X%n)—distributed when the correct model is tested. Note that the number

2
of degrees of freedom here is given as the difference in numbers of estimated free parameters
without and with the hypothesis, i.e. df = (r —1) — (n — 1) = r —n = (}). The critical
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regions for these tests are given by values of S and T above a critical value cv which can be

chosen as
cv =df +2+/2df = <>+“8<>

to get a significance level close to 5% given by

o = P(x(n

2

)>cv).

The power functions P(S > cv) and P(T > cv) are functions of p or d depending on whether
an ISA(p) or IEAS(d) model is considered. The error probabilities of false rejection and
false acceptance are denoted by a and 8 indexed by S and 7.

Similar to the test statistic approximations described in Section 4.1, S" and S~ are
here given by S* for k chosen as the integer part of u and r — n, respectively. These
approximations can be used as alternative test statistics provided the expected values of S
and T are known. Formal expressions for the expected values are complicated to obtain due
to that m is involved also via Q that depends on d which is determined by m. However, for
our theoretical investigation we use complete enumerations of all outcomes of m and find
the expected values and variances numerically. Under an RSM(d) model the estimated d
is always (for any data m) equal to the d specified in the model which implies that

B($) = B(sy) = =1

as shown in Section 4.1. The preferences between approximations to the test statistics under
IEA models are determined by comparing variances, as mentioned in Section 4.1.

5.2 Test Illustrations for IEAS Models

Consider composite IEAS hypotheses against IEAS(d) models for multigraphs with 4 ver-
tices and 10 edges. Here, the composite hypotheses include the correct model and the
probabilities of false rejection according to S and T are given in Table 9. For flat d, both
ag and «aj are close or equal to a = 0.04 and for skew d, ag remains close or equal to «
while . is below. If the composite ISA hypothesis is instead tested against the IEAS(d)
model, the powers of S and T are almost equal to the values of a g and a; in Table 9. Thus,
both statistics have very poor powers of detecting differences between composite ISA and
TIEAS hypotheses. Figure 24 illustrates the fit of the distributions of S and T to that of X%-
For skew d there are larger deviations from 32 for both S and T than there are for flat d.

Figures 25 and 26 shows the null and non-null distributions of S and 7" for some IEAS(d)
models with flat and skew d when m increases as multiples of the specified d. The null
distributions correspond to composite IEAS hypotheses while non-null distributions corre-
spond to composite ISA hypotheses. The convergence of the null distributions for flat d is
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rapid towards the asymptotic distribution, especially for S, However, the convergence of the
null distributions for skew d is slower for both statistics. The non-null distributions of both
statistics also seem to converge to the asymptotic null distributions. Thus, for small and
large m, it is difficult to detect differences between composite ISA and TEAS hypotheses
The expected values and variances of S and T and of their approximations S s,
and T" are presented in Table 10, where the versions that are not preferred are shaded. For
flat d, the variances of S are roughly twice their expected values, which are approximately
equal to 6. This indicates a good fit to the X%—distribution in terms of the first two moments.
This is also noted by S being preferred to s’ Further, for flat d, S" and T are preferred,
while for the majority of cases with skew d, T" and S are preferred. Two particular cases
are d =(6, 6, 6, 2) and d =(6, 5, 5, 4) where the variances of the approximations are equal
so that any one of them can be preferred.

/

Table 9: Probabilities of false rejection according to S and 7" when model is IEAS(d) and
a composite IEAS hypothesis is tested for n =4 and m = 10. a = 0.04.

d| (14,222 (1233,2) (97,22 (88,2,2) (6,662 (6554 (5555)
S 0.04 0.04 0.03 0.03 0.02 0.03 0.03
T 0.00 0.01 0.01 0.01 0.03 0.04 0.04

Table 10: Moments of S, S', 8", T, T" and 7" when model is IEAS(d) and a composite
TEAS hypothesis is tested for n = 4 and m = 10. The unshaded rows correspond to the
best approximation to the test statistics.

d (14,2,2,2)  (12,3,3,2) (9,7,2,2) (8,822 (6,6,6,2) (6,554 (55, 5,5)

g Mean 3.69 4.59 4.56 4.57 5.31 5.88 5.94

Variance 18.50 16.12 12.79 12.71 10.57 11.32 11.08

1 Mean 3.69 4.59 4.56 4.57 5.31 5.88 5.94

S Variance 9.09 10.52 10.39 10.42 11.29 13.85 14.11
N7 Mean 3.69 4.59 4.56 4.57 5.31 5.88 5.94

S Variance 4.54 7.02 6.92 6.95 9.41 11.54 11.76
7 Mean 3.30 4.57 5.04 5.07 6.23 6.96 7.07

Variance 6.71 7.43 8.29 8.43 8.97 9.20 9.22

L~/ Mean 3.30 4.57 5.04 5.07 6.23 6.96 7.07

T Variance 7.26 10.45 10.15 10.29 12.95 16.16 14.28
11 Mean 3.30 4.57 5.04 5.07 6.23 6.96 7.07
T Variance 3.63 6.96 8.46 8.57 12.95 16.16 16.66
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Composite IEAS hypothesis
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5.3 Test Illustrations for ISA Models

We now turn to composite ISA hypotheses against ISA(p) models, and consider tests of
multigraphs with 4 vertices and 10 edges. The probabilities of false rejection according to
S and T are given in Table 11 where similar results are seen as for IEAS models in Table
9. For skew p, a; is much below o = 0.04, while ag is always close to . If a composite
hypothesis ITEAS instead of composite ISA is tested against the ISA(p) model, the powers
of S and T are approximately equal to ag and a;. given in Table 11. As noted before, these
poor powers are due to the resemblances between ISA and TEAS models.

Some selected cases from Table 11 are illustrated in Figure 27 where the cumulative
distribution functions of S and 1" are given. We see that we have fairly good fit between
the distributions of both statistics and that of x2, except for the very skew p =(7/10, 1/10,
1/10, 1/10).

In Figures 28 and 29 we illustrate the effect of increasing m on the null and non-null
distributions of S and 7" for some ISA(p) models with flat and skew p. Here, the resemblance
between IEAS and ISA models gives similar results as those for composite hypotheses against
TEAS models shown in Section 5.2. The convergence of the null distributions is faster for
flat p than for skew p, and the detection of a composite hypothesis not including the correct
model is more difficult as m is increased.

The expected values and variances of all the versions of the test statistics are presented in
Table 12 Where the unshaded rows correspond to the best approxunatlons For the majority
of cases §” and T" are preferred, except for very skew p where S and T" are preferred.

Table 11: Probabilities of false rejection according to S and T when model is ISA(p) and a
composite ISA hypothesis is tested for n = 4 and m = 10. a = 0.04.

Pl (pmwwn) Giwn) Goss) Gies) Giss) Gipi)
g 0.03 0.03 0.03 0.03 0.03 0.03
7 0.01 0.01 0.02 0.02 0.02 0.05
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Table 12: Moments of S’, ,SA’,, 5’”, T, T" and 7" when model is ISA(p) and a composite ISA
hypothesis is tested for n = 4 and m = 10. The unshaded rows correspond to the best
approximation to the test statistics.

P (5% 110 Gs5on Gess) Goss) Gihas) GiHii)

e Mean 4.00 4.59 5.42 4.99 5.22 5.96

Variance 15.50 11.92 9.81 10.19 9.28 8.41

W Mean 4.00 4.59 5.42 4.99 5.22 5.96

S Variance 8.01 10.52 11.73 12.43 10.91 14.23
Al Mean 4.00 4.59 5.42 4.99 5.22 5.96
s Variance 5.34 7.01 9.78 8.29 9.09 11.86
7 Mean 3.70 4.73 6.01 5.56 5.93 7.24

Variance 7.17 7.48 8.15 8.72 9.00 9.21

s Mean 3.70 4.73 6.01 5.56 5.93 7.24

T Variance 9.14 11.18 12.05 12.38 14.06 14.99
11 Mean 3.70 4.73 6.01 5.56 5.93 7.24
T Variance 4.57 7.45 12.05 10.32 11.72 17.49
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Figure 29: Null and non-null distributions of S and T for some ISA(p) models with skew
p =(5/8,1/8,1/8, 1/8) and composite ISA and TEAS hypotheses when m increases.
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5.4 Test Illustrations for RSM Models

In this section we illustrate some of the consequences of using previously described tests
of composite hypotheses against a false IEA model when the true model is RSM. Here,
both TEAS and ISA hypotheses are tested against RSM(d) models. We start by considering
multigraphs with 4 vertices and 12 edges. The poor powers according to S and T of
rejecting IEAS and ISA when RSM is true are presented in Table 13. To illustrate the fit
of the distributions of the statistics S and 7' to that of x2, their cumulative distribution
functions for some selected cases are shown in Figure 30. For all cases, there is reasonably
good fit to x2 for this rather small m.

The expected values and variances of all the versions of the test statistics are presented
in Table 14. For the majority of cases, the variances of S are roughly twice their expected
values which are equal to 6. This indicates a good fit to the X%—distribution in terms of the
first two moments. Note that F (5’ ) under IEAS hypotheses are not dependent on the values
in the degree sequence, as mentioned in Section 5.1. For very skew d, 7" is preferred for
almost all cases and for the rest of the skew cases and for flat cases, T" is preferred.

The poor powers of rejecting IEAS and ISA when RSM is true for multigraphs with
3 vertices and 45 edges are shown in Table 15. We see that ag is close to a = 0.04 for
all cases shown, while T is equal, less or greater than « for both skew and flat d. The fit
of the non-null distributions of S and T to that of x3 for some selected cases are shown
in Figure 31 where we for all cases illustrated see a good fit. The expected values and
variances of all the versions of the test statistics are presented in Table 16. For all cases
with TEAS hypotheses, and almost all cases with ISA hypotheses, we note a good fit to the
x3-distribution since the variances of both test statistics are roughly twice their expected
values which are equal to 3. This indicates that the approximations are mostly unnecessary
for large m.

In Figures 32 and 33 the effects of increasing m on the non-null distributions of S and
T for some RSM(d) models with flat and skew d are illustrated. For all cases illustrated we
see that these distributions are very close to the asymptotic null distribution. Further, the
effect from increasing m on the non-null distributions is small. Thus it can be concluded
that no matter the size of m, it is difficult to detect a false composite hypothesis under an
RSM model, just as it is difficult to detect a false composite hypothesis under IEA models
as demonstrated in Figures 25-26 for IEAS models, and in Figures 28-29 for ISA models.
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Table 13: Power according to S and 7" when model is RSM(d) and a composite IEAS or
ISA hypothesis is tested for n = 4 and m = 12. o = 0.04.

d (18, 2, 2, 2) (16, 3, 3, 2) (13, 5, 4, 2) (8, 8,4, 4) (7,7,7,3) (7, 6, 6, 5) (6, 6, 6, 6)
IEAS S 0.14 0.09 0.06 0.03 0.04 0.04 0.03

T 0.02 0.02 0.03 0.05 0.06 0.08 0.07
ISA fé' 0.04 0.08 0.06 0.03 0.03 0.03 0.02

T 0.02 0.01 0.02 0.06 0.06 0.09 0.06

Table 14: Moments of S, S’/, .SA’”, T, 7" and 7" when model is RSM(d) and a composite
IEAS or ISA hypothesis is tested for n = 4 and m = 12. The unshaded rows correspond to
the best approximations to the test statistics.

Composite IEAS hypothesis

d (18,2,2,2) (16,3,3,2) (13,5,4,2) (8,8,4,4) (7,7,7,3) (7,6,6,5) (6,6,86,6)

g Mean 6.29 6.29 6.29 6.29 6.29 6.29 6.29

Variance 66.26 32.41 26.50 10.18 11.83 9.64 9.63
" Mean 6.29 6.29 6.29 6.29 6.29 6.29 6.29
S Variance 13.18 13.17 13.17 13.17 13.17 13.17 13.17
a1 Mean 6.29 6.29 6.29 6.29 6.29 6.29 6.29
S Variance 13.18 13.17 13.17 13.17 13.17 13.17 13.17
7 Mean 3.80 5.08 6.26 7.34 7.39 7.83 7.90

Variance 9.06 7.25 7.57 11.43 11.77 11.54 11.56
s Mean 3.80 5.08 6.26 7.34 7.39 7.83 7.90
T Variance 9.63 10.32 13.04 15.40 15.62 17.51 17.82
1 Mean 3.80 5.08 6.26 7.34 7.39 7.83 7.90
T Variance 4.81 8.60 13.04 17.97 18.23 20.43 20.80

Composite ISA hypothesis
d (18,2,2,2)  (16,3,3,2) (13,54,2) (8,844 (7,7,7,3) (7,6,6,5 (6,6,6, 6)

g Mean 5.12 5.52 5.76 6.09 6.07 6.18 6.19

Variance 23.58 13.19 10.87 8.41 9.07 8.70 8.78
7 Mean 5.12 5.52 5.76 6.09 6.07 6.18 6.19
S Variance 10.50 12.17 13.26 12.36 12.29 12.71 12.76
a1 Mean 5.12 5.52 5.76 6.09 6.07 6.18 6.19
S Variance 8.75 10.14 11.05 12.36 12.29 12.71 12.76
7 Mean 3.86 5.16 6.33 7.42 7.46 7.90 7.98

Variance 6.78 5.36 6.40 10.83 11.44 11.33 11.37
./ Mean 3.86 5.16 6.33 7.42 7.46 7.90 7.98
T Variance 9.92 10.66 13.34 15.73 15.91 17.82 18.18
1 Mean 3.86 5.16 6.33 7.42 7.46 7.90 7.98
T Variance 4.96 8.88 13.34 18.35 18.56 20.79 21.21
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Table 15: Power according to S and 7' when model is RSM(d) and a composite IEAS or
ISA hypothesis is tested for n = 3 and m = 45. o = 0.04.

d (70,10,10) (65, 15, 10) (50, 20, 20) (45, 35, 10) (40, 30, 20) (35, 30, 25) (30, 30, 30)
EAs O 0.04 0.04 0.04 0.04 0.05 0.05 0.05

T 0.02 0.04 0.07 0.05 0.06 0.06 0.07
a9 0.03 0.04 0.04 0.04 0.04 0.05 0.05

7 0.02 0.04 0.06 0.05 0.06 0.06 0.06

Table 16: Moments of S, S’/, .SA’”, T, 7" and 7" when model is RSM(d) and a composite
IEAS or ISA hypothesis is tested for n = 3 and m = 45. The unshaded rows correspond to
the best approximations to the test statistics.

Composite IEAS hypothesis

d (70, 10, 10) (65, 15, 10) (50, 20, 20) (45, 35, 10) (40, 30, 20) (35, 30, 25) (30, 30, 30)

E Mean 3.03 3.03 3.03 3.03 3.03 3.03 3.03

Variance 6.62 6.12 5.71 6.11 5.78 5.81 5.83
o Mean 3.03 3.03 3.03 3.03 3.03 3.03 3.03
S Variance 6.14 6.14 6.14 6.14 6.14 6.14 6.14
Al Mean 3.03 3.03 3.03 3.03 3.03 3.03 3.03
s Variance 6.14 6.14 6.14 6.14 6.14 6.14 6.14
7 Mean 3.43 3.48 3.31 3.22 3.21 3.15 3.14

Variance 3.66 5.28 7.35 5.48 6.94 6.77 6.66
A7 Mean 3.43 3.48 3.31 3.22 3.21 3.15 3.14
T Variance 7.82 8.09 7.30 6.92 6.88 6.63 6.57
~ 11 Mean 3.43 3.48 3.31 3.22 3.21 3.15 3.14
T Variance 7.82 8.09 7.30 6.92 6.88 6.63 6.57

Composite ISA hypothesis
d (70, 10, 10) (65, 15, 10) (50, 20, 20) (45, 35, 10) (40, 30, 20) (35, 30, 25) (30, 30, 30)

e Mean 2.91 2.95 3.01 2.98 3.03 3.03 3.03

Variance 5.55 5.36 5.50 5.60 5.66 5.75 5.78
7 Mean 2.91 2.95 3.01 2.98 3.03 3.03 3.03
S Variance 8.49 8.69 6.05 8.88 6.10 6.13 6.14
Al Mean 291 2.95 3.01 2.98 3.03 3.03 3.03
s Variance 5.66 5.79 6.05 5.92 6.10 6.13 6.14
7 Mean 3.45 3.50 3.32 3.23 3.23 3.17 3.15

Variance 3.47 5.23 7.45 5.42 7.02 6.82 6.73
.7 Mean 3.45 3.50 3.32 3.23 3.23 3.17 3.15
T Variance 7.92 8.16 7.35 6.98 6.95 6.71 6.60
11 Mean 3.45 3.50 3.32 3.23 3.23 3.17 3.15
T Variance 7.92 8.16 7.35 6.98 6.95 6.71 6.60
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Figure 30: Distributions of S, 7" and x2 for some RSM(d) models and composite IEAS or
ISA hypotheses with n = 4 and m = 12.
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IEAS, d = (45, 35, 10)
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Figure 31: Distributions of S, 7" and X2 for some RSM(d) models and composite IEAS or
ISA hypotheses with n = 3 and m = 45.
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Composite IEAS hypothesis
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Figure 32: Non-null distributions of S and 7" for some RSM(d) models with flat d and
composite IEAS and ISA hypotheses when m increases.
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Some Multigraph Algorithms

Termeh Shafie

Abstract

Several algorithms for generating and analyzing multigraphs under two different multi-
graph models are presented including the following: to find distributions of complexity
measures in different random multigraphs, to analyze the local and global structure of
multigraphs under different multigraph models using information theoretic tools based
on entropy, and to test simple or composite hypotheses concerning random multigraphs.

Keywords: multigraph, algorithm, graph enumeration, complexity, multiplicity, en-
tropy, information divergence, goodness-of-fit.

Introduction

There are many graph theoretic algorithms available in the literature. In this article, multi-
graph algorithms used in the articles by Frank and Shafie (2012), Shafie (2012a) and Shafie
(2012b) are presented. Algorithms are given for generating multigraphs under two different
multigraph models. The first model is random stub matching (RSM) where the edges are
formed by randomly coupling pairs of stubs according to a fixed stub multiplicity or degree
sequence. Thus, edge assignments to vertex pair sites are dependent. The second multi-
graph model is obtained by independent edge assignments (IEA) according to a common
probability distribution over the sites. Two different methods for obtaining an approxi-
mate IEA model from an RSM model are also considered. The first method is obtained by
assuming that the stubs are randomly generated and independently assigned to vertices,
called independent stub assignments (ISA) and the second method of obtaining an approxi-
mate IEA model is to ignore the dependency between edges in the RSM model and assume
independent edge assignments of stubs (IEAS).

Algorithms are also given for analyzing and testing different multigraph models using
information theoretic tools based on entropy. In particular, algorithms are given for using
the local and global distributions under RSM and IEA to calculate moments and entropies,

Department of Statistics, Stockholm University, S-106 91 Stockholm, termeh.shafie@stat.su.se



and for comparisons between distributions by information divergence. Further, special
algorithms are developed for analyzing the complexity of multigraphs which is defined and
quantified by the distribution of edge multiplicities.

All algorithms are developed by me and presented in a brief algorithmic style. They
have been used for research work presented in the references, and details about concepts
and notations used in the algorithms can be found there. Note that there might be more
efficient alternatives available in the computer science literature. Such efficiency might be
required in order to apply the methods to large multigraphs or to extensive calculations with
many multigraphs. Since this has not been needed during the methodological development,
no attempts have been made to get optimal algorithms.

List of Algorithms

1 Generating non-decreasing edge sequences for multigraphs with fixed number
of vertices and edges 3

2 Complexity of multigraphs with fixed number of vertices and edges 4
3 Generating non-decreasing permutations of a stub multiplicity sequence 4
4 Complexity distribution and multigraph distribution for multigraphs under

RSM 5
5 Entropies of trivariate edge multiplicity distributions under RSM and TEA 6
6 Entropies and moments of marginal loop distributions under RSM and TEA 7
7 Entropies and moments of marginal non-loop distributions under RSM and IEA 8
8 Information divergence between trivariate edge multiplicity distributions un-

der RSM and TEA 9
9 Information divergence between marginal loop multiplicity distributions under

RSM and IEA 9
10  Information divergence between marginal non-loop multiplicity distributions

under RSM and TEA 9
11  Entropies of and information divergence between distributions of multigraphs

under RSM and TEA 10
12 Entropy approximations of distributions of multigraphs under RSM 11
13 Approximations of the probability that an RSM multigraph is simple 12
14 Distribution of the multiplicity sequence under an RSM, IEAS or ISA model 13
15 Statistical tests of a simple IEA hypothesis 14
16  Statistical tests of a composite IEAS hypothesis 15
17  Statistical tests of a composite ISA hypothesis 16



Algorithm 1: Generating non-decreasing edge sequences for multigraphs with fixed
number of vertices and edges

Input: Number of vertices n and number of edges m
Output: A list Z with all possible non-decreasing edge sequences

e ()

2 t+1

3 for i<+ 1 tom do

a | e(ti) 1

5 k< m

6 while £ > 0 do

7 while e(t, k) < r do

8 t+—t+1

9 for i + 1 to m do
10 if i < k then
11 | e(t,i) < e(t —1,i)
12 else if i > k and e(t,i) + 1 <r then
13 L e(t,i) «e(t—1,k)+1
14 k+m
15 if e(t,k) = r then
16 L k+—k—-1
17 Z+ e
18 for i < 1 ton do
19 for j <+ 1 ton do
20 if i < j then
21 | A(i,j) =1
22 else
23 | A(i,j)=0
24 foreach row in Z do
25 foreach column ¢ <+ 1 to m do
26 for i + 1 ton do
27 for j <+ 1 ton do
28 if A(i,j) > 0 then
29 a < row index 1
30 b < column index j
31 recode ¢ <+ (a,b)

32 return Z




Algorithm 2: Complexity of multigraphs with fixed number of vertices and edges

[ N I

b e

10
11

12
13
14

15
16
17
18
19

20

Input: Number of vertices n and number of edges m, edge loops allowed or forbidden
Output: Properties of multigraphs including complexity sequences r = (rq,...,7m) and summary
complexity measure ¢ for each possible non-decreasing edge sequence

Call Algorithm 1 for e and Z

re (3

foreach row i in Z do
for j < 1 tor do
L Multiplicity sequence m(%, j) < frequency of e(i) = j

for j <~ 0 to m do
L Complexity sequence r(i, j + 1) < frequency of m(i) = j

M (i) < upper triangular matrix containing elements of m(%)
Number of edge loops m1 (i) < sum over all diagonal elements M (i)
if m1(7) > 0 then

L Imy, +1
if forbidden then
Remove all rows in Z where Ip,; =1
Repeat steps 3-7

foreach row i in Z do
mFac(i) < product over the factorial of each element in m(7)
Complexity summary measure t(¢) < m1(z) + log, mFac(i)
for u <1 ton do

L Degree sequence d(i) < frequency of Z(i) = u

return List with columns containing Z, d, m, my, r, t

Algorithm 3: Generating non-decreasing permutations of a stub multiplicity sequence

N O A W

10
11
12
13

14
15

Input: Degree or stub multiplicity sequence d = (d1,ds, ..., dy)
Output: A list S with all non-decreasing permutations of a stub sequence

Number of vertices n <— number of columns in d
Number of edges m < half of the sum of all element values in d
t+1
s(t) < [191 292 ... pdn)
k< m-—1
while k£ > 0 do
Wi (t) + [191(5:F) ... pdn(t.K)] an ordered sequence of vertices in the edges (eg(t),...,em(t))
Try to re-order Wy (t) as a non-decreasing sequence of edges (fi(t),..., fm(t)) above eg(t) so that
fre(@) «—er(t)+1 < frg1(t) < -+ < fm(t), where eg(t) + 1 means that its second vertex is increased by 1
if re-order possible then
S(t + 1) A [el(t)v R ek—l(t)v fk(t)v cee fm(t)]
t+—t+1
else
| kek-1
S+s
return S




Algorithm 4: Complexity distribution and multigraph distribution for multigraphs
under RSM

© O N O A~ W N

[ T
N = O

13
14
15
16

17
18
19
20

21

22
23
24

25
26
27
28

29

Input: Degree or stub multiplicity sequence d = (d1,d2, ..., dn)
Output: Lists including complexity distributions P, and multigraph distributions Pz

Number of vertices n <— number of columns in d
Number of edges m < half of the sum of all element values in d
Call Algorithm 3 for S « list of all permutations of the stub sequence
Z<+S
Follow steps 2-19 in Algorithm 2 to find m, my, r, ¢
foreach row i in Z do
if any element in m(i) > 2 then
Multiple edge indicator Ipm, (i) < 1
x < a vector containing elements in m(i) > 2
C' < product over the factorial of each element in =
else
L Multiple edge indicator I, (i) < 0

if I, (i) =1 then

‘ Total number of possible shift permutations between edge pairs SPB(i) < m!/C
else

L Total number of possible shift permutations between edge pairs SPB(i) < m!

if m1(¢) = m then
‘ Total number of possible shift permutations within edge pairs SPW (i) < 1
else
L Total number of possible shift permutations within edge pairs SPW (i) < 2™~ ™)

| Total number of permutations of each edge sequence Kz (i) <~ SPB(i) - SPW (i)

Total number of multigraphs Kq < sum over all elements in Kz
foreach row i in Z do
L Probability of multigraph Pz (i) < Kz(i)/Ka

tuNn1 + unique values of ¢
foreach row ¢ in t do
Number of complexity value K(i) < frequency of tynr = t(7)
L Probability of complexity value P;(i) <— sum over all Pz where tunr = t(4)

return List with columns containing Z, Pz, Kz, m, mi, r and list with columns containing ty N7,
Ky, P




Algorithm 5: Entropies of trivariate edge multiplicity distributions under RSM and
IEA

Input: Number of edges m, degrees d; and d; at vertices ¢ and j
Output: The entropies h, entropy upper bounds Maxh, and entropy approximations Apxh of
P((mg;,mj5,mij5)) = (u,v,w)) under RSM and IEA

1 a+d;, b<dj, and ¢ < min(a,b)

2 10

3 for w <0 tocdo

4 for u < 0 to |(a —w)/2] do

5 for v+ 0 to | (b—w)/2] do

6 if(( m—a—b+u+v+w) >0 then

7 i=1+1

8 UVW (i) + [u v w]

o P(i) « m! al bl 2(atb—2u—2v—wyo,_4_p)

u! v! wl(a—2u—w)! (b—2v—w)! (m—a—bt+utv+w)! (2m)!

10 foreach row i in P do

11 if P(i) > 0 then
12 | (i) « —P(i) log, P(i)
13 else

14 | ¢() <0

15 Entropy hrsar < sum over all elements in ¢
16 Max entropy Mazhprgsy < logy of number of rows in UVW
17 Cov <+ covariance matrix of UVW

18 Entropy approximation Apzxhgrsns < log, <\/ 27reC'ov>

(a—1) b(b—1) 2ab
19 Qaa ¢ 277”{(;777,71)’ Qvb < smm=1y> 4 Qab < 35501

20 Qc < (1 — Qaa — Qup — Qup)

21 multprobs <+ [Qaa Qub Qab Qcl

22 U+~ 0tom,V <+ 0tom,and W+ 0tom

23 Produce three-dimensional coordinate arrays where the output coordinate arrays u, v, and w contain copies
of the grid vectors U, V, and W, respectively

24 4+ m— (u+v+w)

25 X+ [uvwaz]

26 Remove rows in X that have negative elements and check that there are (m; 3) rows left

27 for i<+ 0 to (m;{S) do

28 B(i + 1) < the pdf for the multinomial distribution with probabilities multprobs evaluated at each row
X(i+1)

29 for i< 0 to (mé‘rS) do

30 if B(i) > 0 then

31 | #(i) < —B(i)logy B(i)

32 else

33 | ¢() <0

34 Entropy hrpa < sum over all elements in ¢
35 Max entropy Mazhrga  log, (m;r:)’)
36 Entropy approximation Apzhrga < logs (\/(27rem)3QaabeQach)

37 return hrsy, Maxhrsn, Apthrsy, hipa, Mazhrpa, Aprhiga




Algorithm 6: Entropies and moments of marginal loop distributions under RSM and
IEA

10
11
12

13
14
15
16

17
18
19
20
21
22

23

24
25
26
27
28
29

30

31

32

33

34

Input: Number of edges m
Output: The entropies h and entropy approximations Apzh of P(m;; = v) under RSM and IEA,

together with expected values and variances, respectively

for i + 2 to 2m do

L

deg(i) =i

foreach row i in deg do

d = deg(i)
for v < 0 to |d/2] do
if (m —d+v) <0 then
| P@i,v+1)«0
else
| PG,v+1) « (m! 272 d! (2m —d)!) / (v! (d — 2v)! (m — d + v)! 2m!)

Q<+ d(d—-1)/2m(2m —1))
for v <~ 0 to m do
B(i,v + 1) < the pdf for the binomial distribution with parameters @ and m evaluated at
| point v
(i) <= d(d —1)/(2(2m — 1))
o (i) = p(@) (1 — p(i)/m)
A(#) + (d(d = 1)(d = 2)(d = 3)) / (42m — 1)(2m — 3)) — (u(2)*((m — 1)/m))
Var <+ (i) + A4)

foreach row i in P do

foreach column j in P do
if P(i,7) > 0 then
| (i, j) « —P(i,j)log, P(i, )
else

[ ¢(i,5) <0

L Entropy hrsn (i) < sum over all columns in ¢(7)

foreach row i in B do

foreach column j in B do
if B(i,7) > 0 then
else

| #i.5) « 0

| Entropy higa(i) < sum over all columns in ¢(4)

foreach row i in deg do

Entropy approximation RSM Apzhrsn (i) < logy ( 27reVar(i))

Entropy approximation IEA Apzhrga(i) < log, ( 27rer72(i))

return List with columns containing deg, hrsar, higa, Apxhrsy, Apzhiga, u, 02, A, Var




Algorithm 7: Entropies and moments of marginal non-loop distributions under RSM
and TEA

w
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Input: Number of edges m
Output: The entropies h and entropy approximations Apzh of P(m;; = w) under RSM and IEA,

together with expected values and variances, respectively

for i + 2 to m do

for j < i to 2m — i do
L Each row in deg + [i j]

foreach row ¢ in deg do

d; « deg(i, 1)
dj — deg(i, 2)
Call Algorithm 5 for P
a < d;, b+« d; and ¢+ min(a,b)
for w < 0 to c do
L Py(i,w+ 1) < sum over a to [(a —w)/2] and b to | (b —w)/2] in P
Q < 2ab/(2m(2m — 1))
for w < 0 to m do
L By (i, w + 1) < the pdf for the binomial distribution with parameters @ and m evaluated at
point w
u(i) < 2ab/(2(2m — 1))
o? (i) ¢ p(i)(1 — p(i)/m)
A(4) = (abla = 1)(b = 1)) / ((2m = 1)(2m = 3)) — (u(0)*((m — 1)/m))
Var «+ o(i) + A(4)

foreach row i in P, do

foreach column j in P, do
if Py (i,7) > 0 then
else

| 6(i,5) <0

| Entropy hrswm (i) < sum over all columns in ¢(i)

foreach row i in B, do

foreach column j in B,, do
if By(i,7) > 0 then
else

[ #(i,4) <0

| Entropy higa(i) < sum over all columns in ¢(i)

foreach row i in D do

Entropy approximation RSM Apzhrsa (i) < log, ( 27reVar(i))
Entropy approximation IEA Apzhiga(i) + log, ( 271'602(2'))

return List with columns containing deg, hrsar, higa, Apxhrsy, Apzhiga, u, 02, A, Var




Algorithm 8: Information divergence between trivariate edge multiplicity distribu-
tions under RSM and IEA

Input: Number of edges m, degrees d; and d; at vertices ¢ and j
Output: The information divergence D between P((mi;, mjj, mi;)) = (u,v,w)) under RSM and IEA

1 Call Algorithm 5 for UVW, P and multprobs

foreach row i in UVW do
L UVW (i,4) + (m —UVW(i,1) —=UVW (4,2) — UVW (i, 3))
foreach row i in UVW do
B(i) + the pdf for the multinomial distribution with probabilities multprobs evaluated at each row
UVW (i)
foreach row i in UVW do
L Weighted log-likelihood ratio LLR(%) < Puvw (¢) logy (P(2)/B(7))
Divergence D < sum over all elements in LLR
return D

Algorithm 9: Information divergence between marginal loop multiplicity distribu-
tions under RSM and IEA

N0 oW N

Input: Number of edges m
Output: The information divergence D between P(m;; = v) under RSM and IEA
Call Algorithm 6 for deg, P and B
foreach row i in P do
foreach column j in P do
if P(i,5) > 0 then
| Weighted log-likelihood ratio LLR(j) < P(i, ) logy (P(4,5)/B(i, 5))
else
L LLR(j) «+ 0

Divergence D(i) < sum over all elements LLR(j5)

return List with columns containing deg, D

Algorithm 10: Information divergence between marginal non-loop multiplicity dis-
tributions under RSM and TEA

N0 AW N

0]

Input: Number of edges m
Output: The information divergence D between P(m;; = w) under RSM and IEA
Call Algorithm 7 for deg, P, and By,
foreach row i in P, do
foreach column j in P, do
if Py (i,7) > 0 then
| Weighted log-likelihood ratio LLR(j) < Pu (i, 5)logs (Puw (4, 5)/Buw (i, 5))
else
L LLR(j) «+ 0

Divergence D(i) < sum over all elements LLR(j)

return List with columns containing deg, D




Algorithm 11: Entropies of and information divergence between distributions of
multigraphs under RSM and TEA

Input: Degree or stub multiplicity sequence d = (d1,d2, ..., dx,)

Output: The entropies h, entropy upper bounds Maxh, entropy approximation Apxh and
information divergence D of and between the multigraph distributions under RSM and
IEA

Number of vertices n < number of columns in d
Number of edges m < half of the sum of all element values in d
Call Algorithm 4 for m, Pz and Kgq
foreach row i in Pz do
if Pz(i) > 0 then
‘ @(i) < —Pz(i)log, Pz(i)
else

| 6(i) « 0

9 Entropy hrsa < sum over all elements in ¢
10 Max entropy Mazhrswy ¢ log, Kq
11 CovRSM < covariance matrix of m

12 Entropy approximation Apzhrsa < log, (Vdet(?n’eC’ovRSM))

13 for i < 0 ton do

w N O oo~ W N

14 for j < 0 to n do

15 if i = j then

16 | Q(i,j) + (d()(d(@) - 1))/(2m(2m — 1))
17 else if i < j then

18 ‘1 Q(i, ) «= 2d(i)d(j)/(2m(2m — 1))

20 | Q(i,j) «0

21 @ <+ vector containing the upper triangular elements ¢ < j of Q(i,7)

22 T (";1)

23 fori<+ 1 tor—1do

24 for j<1tor—1do

25 if 1= j then

26 | CovIEA(i, j) + mQ(i)(1 — Q(i))
27 else

28 L CovIEA(i,j) + —mQ(i)Q(j)

m+r—1)

m

20 Max entropy Mazhrea < log, (
30 Entropy approximation Aprhrga < log, ( det(27reCovIEA))

31 for i+ 1 to m do

32 Prea(i) < the pdf for the multinomial distribution with probabilities @ evaluated at each row
m(7)

33 foreach row i in Pz do

34 L Weighted log-likelihood ratio LLR(%) < Pz(i)log, (Pz(i)/Prea(i))

35 Divergence D <— sum over all elements in LLR
36 return hrsy, Maxhrsy, Apxhrsy, Maxrhrgpa, Apxhrpa, D
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Algorithm 12: Entropy approximations of distributions of multigraphs under RSM

Input: Degree or stub multiplicity sequence d = (d1,d2, ..., dxs)
Output: Entropy H under RSM, and the two entropy approximations H* and H** based on
expected entropy and asymptotic entropy under ISA

Number of vertices n < number of columns in d

Number of edges m < half of the sum of all element values in d
Call Algorithm 11 for hrsm

H < hrsm

prod < product over all the elements in d

if n > 2 then

D ook W N

—1

7 ‘ H* + log, (\/(2wem)(3)2("2 )pmdn(l/Qm)n2>
8 else

9 L H* « log, (\/(2wem)(3)prodn(1/2m)n2)

10 p < vector containing each element in d divided by 2m
11 for i< 1 ton do

12 | (i) « —p(i)log, p(i)

13 hp <= sum over all elements in z

14 ng < 2Me

15 7 < n227(meD/ne

16 a** + log, (\/(2776)”*1(n?“)/(4ﬂ'e)”c*1r20>
17 0™ (re —ne)/2

18 H™ + a™ +b"" logy(m)
19 return H, H*, H**

11



Algorithm 13: Approximations of the probability that an RSM multigraph is simple

Input: Degree or stub multiplicity sequence d = (d1,d2, ..., dxn)
Output: The probability that an RSM multigraph is simple Prsar, together with the three

0w N O oA W N
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37
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39

approximation Piasymp, Paasymp and Ppoisson

Number of vertices n < number of columns in d

Number of edges m < half of the sum of all element values in d

Call Algorithm 4 for m, mi, Im, and Kq
foreach row i in m do
if m1(4) =0 and I, (i) =0 then
| simple(i) + 1
else
L simple(i) < 0

Prsay < sum over all elements in simple divided by Kg
S < sum over all squared elements in d
PiAsymp + exp(—1/4(S/2m)? 4 1/4)
for i <~ 0 ton do
for j < 0 ton do
if i = j then
| L(i,j) + d(i)(d(i) — 1)/2m
else if i < j then
| L(i,j) « ADEE) = DG)EG) - 1)/2m

else
| L(i,4) <0

X <+ L—log(l+1L)
Y < matrix with elements above the diagonal in X
suml < sum over the diagonal in L
sum2 < sum over all rows and columns in Y
Poasymp < exp(—1/2(suml) — sum2)
for i <~ 0 ton do
for j «+ 0 ton do
if i = j then

| Q(i,5) < (d()(dG) — 1))/(2m(2m — 1))
else if i < j then

| Qi) < 2d()d()/@m(2m — 1)
else

[ Q(i,j) « 0

for i <~ 0 ton do
for j «+ 0 ton do
if i < j then

evaluated at point 1

A < sum over all columns and rows in bin

Ppoisson < the pdf of the Poisson distribution with parameter A evaluated at point m

return PRS]\47 PlAsymzn P2Asymp7 Proisson

12

L bin(z, j) < the pdf for the binomial distribution with parameters Q(i,7) and m



Algorithm 14: Distribution of the multiplicity sequence under an RSM, TEAS or ISA
model

1
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3
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Input: Model RSM(d), IEAS(d) or ISA(p), where d and p are specified
Output: Multiplicity sequences m and their probabilities probs under the specified model
re (3!
if Model=RSM (d) then
Number of vertices n <— number of columns in d
Number of edges m < half of the sum of all element values in d
Call Algorithm 4 for m and Pz
probs < Pz
else if Model=IEAS(d) then
Number of vertices n <— number of columns in d
Number of edges m < half of the sum of all element values in d
Call Algorithm 11 for Q
Q < vector containing the upper triangular elements 7 < j of Q(%, j)
m < ("77") rows of possible multiplicity sequences under IEAS
foreach row i in m do
L probs(i) < the pdf for the multinomial distribution with probabilities Q evaluated at each
row m(%)

else if Model=ISA(p) then
Number of vertices n <— number of columns in p
Number of edges m < half of the sum of all element values in p
for i <~ 0 ton do
for j «+ 0 ton do
if ¢ = j then
| Q{ij) « p()?
else if i < j then
| Q. j) « 2p(i)p())
else

| Qi,5) 0

Q@ < vector containing the upper triangular elements i < 7 of Q(, 7)
m < (m‘w_l) rows of possible multiplicity sequences under ISA
foreach row i in m do
L probs(i) < the pdf for the multinomial distribution with probabilities @ evaluated at each
row m(%)

return m, probs
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Algorithm 15: Statistical tests of a simple IEA hypothesis

Input: Model RSM(d), IEAS(d) or ISA(p), and hypothesis IEAS(do) or ISA(po) where d, do, p and po
are specified
Output: Outcomes of the Pearson goodness-of-fit statistic S with probabilities Pg, and outcomes of the
divergence statistic T' with probabilities Pp

1 Call Algorithm 14 for m and probs according to input model
2 if Hypothesis=IEAS(dg) then

3 d do
4 Call Algorithm 11 for Q
5 Q < vector containing the upper triangular elements ¢ < j of Q(4,7)
6 m (mt:;_l) rows of possible multiplicity sequences under IEAS
7 foreach row i in m do
: Os(i) « m(i), Es(i) «mQ
9 foreach column j in m do
10 if Fs(j) =0 then
11 | =z(j)«0
12 else
13 L 2)  (0s() — Es(i))*/Es(i)
14 | S(i) + sum over all columns in
15 Syn71 < unique values of S
16 foreach row i in S do
17 L Pg(i) < sum over all probs where Synr = S(1)
18 foreach row i in m do
19 Op (i) + m(i), Ep(i) < mQ
20 foreach column j in m(i) do
21 if Op(j) > 0 and Ep(j) > 0 then
22 | 2(j) + (Op(j)/m)logy(Op(j)/Ep(5))
23 else
24 | 2()«0
25 D(i) < sum over all columns in z
26 | T(i) < 2mD(i)/ logy(e)
27 TuynN1 + unique values of T'
28 foreach row i in T do
29 L Pr (i) < sum over all probs where Ty n1 = T'(t)
30 else if Hypothesis=ISA(po) then
31 for i + 0 ton do
32 for j <~ 0 ton do
33 if i = j then
54 | Qi) « po()?
35 else if i < j then
36 | Q(,4) < 2po(i)po(y)
37 else
38 L Q(zv ]) 0
39 Repeat steps 5-29

40 return Synr1, Ps, Tuni, Pr
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Algorithm 16: Statistical tests of a composite IEAS hypothesis

Input: Model RSM(d) IEAS(d) or ISA(p) and hypothesis IEAS
Output: Outcomes of the Pearson goodness-of-fit statistic S with probabilities Ps, and outcomes of
the divergence statistic 7" with probabilities Pr

1 Call Algorithm 14 for m and probs according to input model

2 foreach row i in m do

3 M < upper triangular matrix containing the elements in m(%)
4 M+ M+ M

5 dgsr(i) + sum over all rows (or columns) in M

6 d + dEST(i)

7 Call Algorithm 11 for Q

8 Q@ < vector containing the upper triangular elements i < 7 of Q(, 7)
9 Os(2) < m(3)
10 Es(i) + mQ
11 foreach column j in m do
12 if Es(j) =0 then
13 ‘ z(j) <0
14 else
15 | 2() + (Os(j) = Es(5))*/Es(j)
16 (¢) < sum over all columns in x

S
17 Op (i) + m(7)
18 Ep(i) < mQ

19 foreach column j in m(:) do

20 if Op(j) > 0 and Ep(j) > 0 then

21 | () = (On(j)/m)logy(On(j)/ Ep ()
22 else

23 L z(j) <0

24 D(i) « sum over all columns in z

25 T(i) + 2mD(i)/ log,(e)
26 Clear M d, Q, Q

27 Suni1 + unique values of S
28 foreach row i in S do
29 L Ps(i) < sum over all probs where Synr = S(3)

30 Tynr < unique values of T'
31 foreach row i in T do
32 L Pr(i) < sum over all probs where Tynr = T'(¢)

33 return Synr, Ps, Tun1, Pr
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Algorithm 17: Statistical tests of a composite ISA hypothesis

Input: Model RSM(d) IEAS(d) or ISA(p) and hypothesis 1.SA
Output: Outcomes of the Pearson goodness-of-fit statistic S with probabilities Ps, and outcomes of
the divergence statistic 7" with probabilities Pr

1 Call Algorithm 14 for m and probs according to input model
2 foreach row i in m do

3 M < upper triangular matrix containing the elements in m(%)
4 M+ M+ M

5 desr (i) < sum over all rows (or columns) in M

6 pest(i) < each element in dgsr (i) divided by 2m

7 for i <~ 0 ton do

8 for j «+ 0 ton do

9 if i = j then
10 | Q(,4) « pesT(i)?
11 else if i < j then
12 | Qi) < 2pesr(i)pesT(j)
13 else
14 | Q(i,j)«0
15 Q(i) < the upper triangular elements i < j of Q(%, 5)
16 Clear M, Q
17 foreach row i in m do
18 Q+ Qi)
19 Repeat steps 9-25 inAlgorithm 16

20 Repeat steps 27-32 in Algorithm 16
21 return SUNI, Ps, TUNI7 PT
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