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Abstract. Distributions of the size of the largest component of the
2-core for Erdés-Rényi (ER) random graphs with finite connectivity
c and a finite number N of nodes are studied. The distributions are
obtained basically over the full range of the support, with probabilities
down to values as small as 10732°, This is achieved by using an artifi-
cial finite-temperature (Boltzmann) ensemble. The distributions for the
2-core resemble roughly the results obtained previously for the largest
components of the full ER random graphs, but they are shifted to much
smaller probabilities (¢ < 1) or to smaller sizes (¢ > 1). The numerical
data is compatible with a convergence of the rate function to a limiting
shape, i.e., the large-deviations principle apparently holds.

1 Introduction

The result of any random process can be represented by a probability distribution
or by a probability density. Only for few cases analytical results can be obtained.
Thus, most problems have to be studied by numerical simulations [1], like Molecu-
lar Dynamics simulations [2], Finite Elements approaches [3], or Monte Carlo (MC)
techniques [4,5]. In numerical work, one often addresses only the typical region of
such a distribution, where the probabilities (or densities) are large, say in the range
[1076,1]. Nevertheless, for many problems in science and in statistics, one would like
to obtain (almost) the full distribution, i.e., the large deviation properties play an im-
portant role [6,7]. For the present work, we are interested in sampling and evaluating
a set ob random objects. There are many examples in science, e.g, graphs, disordered
magnets, protein sequences, or finite-dimensional paths. Often dynamical degrees of
freedom are associated with the random objects, like spins placed on nodes of lattices
or graphs, or alignments obtained for pairs of protein sequences. In this case the aver-
age over the random objects is usually called quenched average. Classically, sampling
the quenched average has been performed via a finite set of independently drawn
instances. Some years ago it has been noted that by introducing an artificial sam-
pling temperature the large-deviation properties with respect to the quenched random
ensemble can be obtained [8]. This corresponds somehow to an annealed average
(where the randomness fluctuates together with the dynamic degrees often defined
on top of the random objects), but the results are re-weighted in a way that the
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results for the original quenched ensemble are obtained. In this way, the large-
deviation properties of the distribution of alignment scores for protein comparison
were studied [8-10], which is of importance to calculate the significance of results of
protein-data-base queries [11].

Motivated by these results, similar approaches have been applied to other prob-
lems, sometimes where additional degrees of freedom appear, sometimes where not.
Examples are the distribution of the number of components of Erdés-Rényi (ER)
random graphs [12], the partition function of Potts models [13], the distribution of
ground-state energies of spin glasses [14] and of directed polymers in random me-
dia [15], the distribution of Lee—Yang zeros for spin glasses [16], the distribution of
success probabilities of error-correcting codes [17], the distribution of free energies
of RNA secondary structures [18], some large-deviation properties of random matri-
ces [19,20], the distribution of endpoints of fractional Brownian motion with absorbing
boundaries [21], and the distribution of work performed by an Ising system [22].

For the case of the distribution of the size of the largest component of the ER
random graphs [23], also a comparison to exact analytical results was performed. For
connectivities below the percolation threshold ¢, = 1, a very good agreement between
the N — oo analytical and numerical results was found already for moderate system
sizes. This is true for the full range of the support, i.e., even in the range of very small
probabilities like 10716°. Beyond the percolation threshold ¢ > 1 stronger finite size
effects were observed, but a convergence towards the analytical solution was visible.

In the present work, the same approach is applied to the related problem of
analysing the distribution of the size of the largest component of the 2-core. The
g-core is the subgraph which remains after iteratively removing all nodes which have
a degree less than ¢, including removing the incident edges. The ¢-core was introduced
as bootstrap percolation [24]. The name g-core was coined in sociology to represent
groups of persons who have a tight connection among each other [25]. The concept
has been applied, e.g., to identify molecular complexes in protein networks [26]. Note
that in case of percolation, the backbone, which carries any electric current on the
percolating cluster, is part of the 2-core.

For the distribution of the g-core in ER random graphs, no analytical solution is
known to the author. In the present work these results are shown for ¢ =2 together
with the result for the largest component of the full graph to highlight similarities
and differences. Additionally, for the case of the largest component for ¢ > 1 the com-
parison to the analytical result is updated, since there was a mistake in reference [23].

The paper is organised as follows. In the second section, all necessary definitions
are stated. Next is is stated how large deviations are studied here. In the fourth sec-
tion, the numerical simulation technique and the corresponding re-weighting approach
are explained. In the fifth section, the results are displayed for the 2-core of the ER
random graph ensemble, in comparison to the results for the largest component of
the full graph, as obtained before. Finally, a summary and an outlook are given.

2 Definitions

To fix notations, a graph G =(V, E) consists of N nodes i € V and undirected edges
{i,j} € E C V). For each edge {i,j} € E the nodes i and j are called adjacent. The
edge is called incident to its two nodes. The degree of a node ¢ € V' is the number of
adjacent nodes. A subgraph G’ of G is a graph G'=(V/,E') with V' C V and E' C E.
The g-core of a graph is the subgraph which remains after iteratively removing all
nodes with degree smaller than ¢, and removing the edges incident to these nodes.
Thus, for the g-core all nodes have a degree of at least ¢. Here, we focus on the
case ¢ =2. Two nodes i, j are called connected if there exists a path of disjoint edges
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{io,i1}, {i1,02}, ..., {i1—1,4;} such that i =iy and j =14;. The maximum-size subsets
C C V of nodes, such that all pairs 4, j € C' are connected, are called the (connected)
components of a graph. The size of the largest component of a graph, or of the largest
component of the corresponding 2-core, is denoted here by S.

Here, we do not study graphs occurring in the real world, but random graphs,
which can be generated by algorithms in the computer. ER random graphs [27] have
N nodes and each possible edge {7, j} is present with probability ¢/N. Hence, the
average degree (connectivity) is c.

3 Large deviations

Via the random-graph ensembles, a probability distribution P(S) for the size of the
largest component and the corresponding probability P(s) for relative sizes s=S/N
are defined. The probabilities P(s) for values of s which deviate from the typical size,
are exponentially small in N. Hence, one uses the concept of the large-deviation rate
function [6] by writing

P(s)=e N2+ (N 5 o0). (1)

Note that the normalisation is part of the e®®™) factor. One says that the large-

deviation principle holds if, loosely speaking, the empirical rate function
Ox(s) = — 3 log P(s) @
N(s) =~ log P(s

converges to ®(s) for N — co. Due to the logarithm and taking 1/N, the normal-
isation and the sub-leading term of P(s) become for finite values of N an additive
contribution, which converges to zero for N — oco.

This leading-order behaviour of the large-deviation rate function ®gg (s, ¢) for ER
random graphs with connectivity ¢ is known exactly [28] and given by the follow-
ing set of equations for s € [0,1]. For ¢ > 1 the rate function is defined piecewise on
several intervals [sg, Sg—1]:

80:1

Sk = sup{s: l_skslecs}
m(y) = log(1—e™?)
®pr(s,c) = —ksm(cs) + kslogs + (1 — ks)log(1 — ks) + cks — k(k + 1)cs*/2
for s, <s<sp_1. (3)

Note that in reference [28] there is a small misprint which states the forth term of
Dpr(s,c) as cs instead of the correct cks. Note also that for ¢ <1 we have s; =0,
i.e. only the case k=0 is relevant. For ¢ > 1, in principal s; > 0 for all values of k,
thus the intervals become smaller and smaller when approaching s=0 via k — oo.
Nevertheless, for plotting the function only a finite number of intervals is relevant.
For ¢ =2, which is used here, only data for s > s99 =0.02 is shown.
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For the case of the largest component of the 2-core, no analytical result is known
to the author.

4 Simulation and reweighting method

We are interested in determining the distribution P(S) for any measurable quan-
tity S. Here S is the largest component of a graph or of the 2-core of a graph.
The distribution is over any graph ensemble, here the ER random graphs. Simple
sampling is straightforward: One generates a certain number K of graph samples
and obtains S(G) for each sample G. This means each graph G will appear with
its natural ensemble probability Q(G). The probability to measure a value of S is
given by

P(S)=>_ Q(G)sc).s (4)
G

Therefore, by calculating a histogram of the values for S, a good estimation for P(S)
is obtained. Nevertheless, P(S) can only be measured in a regime where P(S) is rel-
atively large, about P(S) > 1/K. Unfortunately, the distribution decreases usually
very quickly, e.g., exponentially in the system size N when moving away from its
typical (peak) value. This means, even for moderate system sizes N, the distribution
will be unknown on almost its complete support.

To estimate P(S) for a much larger range, even possibly on the full support of
P(S), where probabilities smaller than, e.g., 1073 may appear, a different impor-
tance sampling approach is used [8,23]. For self-containedness, the method is outlined
subsequently. The basic idea is to use an additional Boltzmann factor exp(—S(G)/T),
T being a “temperature” parameter, in the following manner: a standard Markov-
chain MC simulation [4, 5] is performed, where the current state at “time” ¢ is given by
an instance of a graph G(t). Here the Metropolis-Hastings algorithm is applied [29].
In in each step t a candidate graph G* is created from the current graph G(t). Here,
a local update is used which works in the following way: a node 7 of the current graph
is selected randomly, with uniform weight 1/N, and all adjacent edges are deleted.
For all pairs i,j the corresponding edge {4, j} is added with a probability ¢/N (and
not added with probability 1 — ¢/N), which corresponds to its contribution to the
natural weight Q(G) of an ER graph. For the candidate graph, the size of the largest
component is calculated, or the size of the largest component of the 2-core, depending
on what we want to measure. This size is denoted as S(G*). Finally, the candidate
graph is accepted, (G(t + 1) = G*) with the Metropolis probability

PMet = min {17 e—[s<c*>—s<c<tm/T} . (5)

Otherwise the current graph is kept (G(t + 1) = G(t)). By construction, the algorithm
fulfils detailed balance. Clearly the algorithm is also ergodic, since within N steps,
each possible graph may be constructed. Thus, in the limit of infinitely long Markov
chains, the distribution of graphs will follow the probability

4r(Q) = %Q(G)e‘S(G)/T , (6)

where Z(T) is the a priori unknown normalisation factor. Note that for 7' — oo all
candidate graphs will be accepted and the distribution of graphs will follow the orig-
inal ER weights.
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The distribution for S at any temperature T is given by
Pr(S) = > ar(G)isa).s
G

©6 1 _S(@)/T
= 7Z(T) gQ(G)e 5S(G),S

e—S/T

= 71 2(; Q(G)s(a),s

) e*S/T

=zt

= P(S) = 3T Z(T)Pp(8). (7)

Hence, the target distribution P(S) can be estimated, up to a normalisation constant
Z(T), from sampling at finite temperatures T'. For each temperature, a specific range
of the distribution P(S) will be sampled: using a positive temperature allows to sam-
ple the region of a distribution left to its peak (values smaller than the typical value).
This holds because for T' > 0, candidate graphs which lead to smaller values of S
will be always accepted, while candidate graphs increasing S only with exponential
small probability. Since T is only an artificial resampling parameter, also negative
temperatures are feasible, which therefore allow us to access the right tail of P(S).
Anyway, temperatures of large absolute value will cause a sampling of the distribu-
tion close to its typical value, while temperatures of small absolute value are used to
access the tails of the distribution. Hence one chooses a suitable set of temperatures
{Tn,,T-N, 415, Tn,~1,Tn, } iteratively N,, and N, being the number of negative
and positive temperatures, respectively. A good choice of the temperatures is such
that the resulting histograms of neighbouring temperatures overlap sufficiently. This
allows to “glue” the histograms together, see next paragraph. By obtaining the distri-
butions Pr_ (9), ..., Pry, (S), such that P(S) is “covered” as much as possible, one

can measure P(S) over a large range, possibly on its full support. The range where
the distribution can be obtained may be limited, e.g., when the MC simulations at
certain temperatures T} do not equilibrate, usually for small absolute values |T}|,
where the system might also behave glassy. Also in case P(s) is not concave, a first
order transition will appear [23] as a function of T, which might prevent to obtain
P(s) in some regions of the support for large systems.

The normalisation constants Z(T') can easily be obtained, e.g., by including a his-
togram obtained from simple sampling, which corresponds to temperature T'= + co.
This histogram may be normalised, but this is not important. Using suitably cho-
sen temperatures 771, 71, one measures histograms which overlap with the simple
sampling histogram on its left and right border, respectively. Then the corresponding
relative normalisation constants Z,(T+1) can be obtained by the requirement that
after rescaling the histograms according to (7), they must agree in the overlapping
regions with the simple sampling histogram within error bars. This means, the his-
tograms are “glued” together. In the same manner, the range of covered S values
can be extended iteratively to the left and to the right by choosing additional suit-
able temperatures T4o, T3, ... and gluing the resulting histograms one to the other.
The histogram obtained finally can be normalised (with constant Z), such that the
probabilities sum up to one. This would also yield the actual normalisation con-
stants Z(T') = Z,(T)/Z from equation (7), if they are needed. Note that one could
also not only glue together neighbouring histograms, but use for each bin value S all
data which is available, as it is done, e.g., within the multi-histogram approach by
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Fig. 1. Distribution of the size S of the largest component (“graph”) and of the largest
component of the 2-core for Erdos-Rényi random graphs of size N =500 at connectivity
c¢=0.5. In this and all other plots, error bars are of symbol size or smaller if not explicitly
shown. Note that the data was obtained for all 500 (or 501) possible values of S, here the
data is thinned out (not averaged!) for clarity. Error bars are at most of order of symbol
size, usually much smaller. The inset shows the size of the largest 2-core as function of the
number tycs of Monte Carlo sweeps for the same type of graphs at temperature T'= — 1.
Two different starting conditions are displayed: either an empty graph (S =0) or a complete
graph (S'=500) was used.

Ferrenberg and Swendsen [30]. For the present case, the data statistics was easy to
make very good such that it was sufficient to use the histograms just pairwise.

A pedagogical explanation and examples of this procedure can be found in
reference [31].

In order to obtain the correct result, the MC simulations must be equilibrated.
For the case of the distribution of the size of the largest component, this is very easy
to verify. The equilibration of the simulation can be monitored by starting with two
different initial graphs G(t =0), respectively:

— Either an empty graph is taken, i.e., it has N nodes but no edges. This means
that the largest component is of size one, while the 2-core is empty. In the inset
of Figure 1 the evolution of the size S of the largest component of the 2-core as
a function of the number t\cs =t/N of Monte Carlo sweeps is shown for Erdos-
Rény random graphs with N =500 nodes, connectivity ¢=0.5 at temperature
T= —1. As ¢ > 0, edges will be added to the initial empty graph during the
Markov-chain Monte Carlo simulation. As one can see, S(ftycs) moves after
some initial equilibration time away from zero towards values around .S = 150.

— Alternatively one can start with a complete graph, which contains all
N(N —1)/2 possible edges. For this graph the largest component contains all
N nodes, also for the 2-core. Here S(tarcs) starts on the opposite side of the
possible values, i.e., S(tprcs =0) = N. During the Monte Carlo evolution, since
¢ < N, the graph will evolve on average towards having fewer edges, resulting
in a decrease of S(tycs)-
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In any case, for the two different initial conditions, the evolution of S(tymcg) will
approach from two different extremes, which allows for a simple equilibration test:
equilibration is achieved if the measured values of S agree within the range of fluctu-
ations. Only data was used in this work, where equilibration was achieved with less
than 1000 Monte Carlo sweeps.

The resulting distribution for ER random graphs (¢=0.5, N =500) is shown in
the main plot of Figure 1. As one can see, the distribution can be measured over its
full support such that probabilities as small as 10710 for the largest components and
even 107320 for the largest component of the 2-core are accessible.

Note that in principle one can also use generalised ensemble methods like Multi-
canonical method [32] or the Wang-Landau approach [33], in particular when a first
order transition as function of T appears, to obtain the distribution P(S) without
the need to perform independent simulations at different values for the temperatures.
Nevertheless, the author has performed tests for ER random graphs and experienced
problems by using the Wang-Landau approach, because the sampled distributions
tend to stay in a limited fraction of the values of interest. Using the finite-temperature
approach it is much easier to guide the simulations to the regions of interest, e.g.,
where data is missing using the so-far-obtained data, and to monitor the equilibration
process.

5 Results

ER random graphs of size up to N =500 were studied. In a few cases, additional
system sizes (N =50,100,200) were considered to estimate the strength of finite-
size effects, see below. For ER random graphs there exists a percolation transition
marked by the appearance of a largest component of the order of the system size
(called “giant component”) at c=c. = 1. At the same point there is a percolation
transition for the 2-core [34], see also the pedagogical presentation in reference [35].
Since the percolation transition of the graph and of the 2-core are at the same value
of the connectivity, the results for P(S) can be conveniently compared.

The model was studied for three values of ¢, namely directly at the percolation
transition ¢=c, for one point in the non-percolating regime (¢=0.5), and for one
point in the percolating regime (¢ =2). The temperature ranges used for the different
cases are shown in Table 1. Note that for each quantity S of interest a separate set of
simulations has to be performed, since the reweighting is done with the corresponding
value S (the simulations for the largest component of the full graph were performed
in the project leading to the publication of Ref. [23]). This also means that the sets
of temperatures actually differ when measuring the size of the largest component of
the full graph and when measuring the size of the largest component of the 2-core.
Note furthermore that, depending on the position of the peak of the size distribution,
sometimes only negative and sometimes negative as well as positive temperatures had
to be used.

For the systems listed in the table, the length of the MC simulation was 10° sweeps,
to have a high-quality statistics. Equilibration was always achieved within the first
1000 MCS, thus the graphs from these initial parts of the simulations were excluded
from the analysis. In general, studying significantly larger sizes or going deeper into
the percolation regime makes the equilibration much more difficult, in particular for
temperatures close to zero corresponding to very small probabilities.

For the case of the largest component of ER random graphs the analytical result
(3) can be used for comparison [23]. This allows to assess the quality of the method
and to get an impression of the influence of the non-leading finite-size corrections.
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Table 1. Parameters used to determine the distributions P(S) for the different models.
Tiin is the minimum and Tax the maximum temperature used. Also always included was
a histogram from simple sampling, corresponding to 7'=o00. N7 denotes the total number
of different temperature values (N =500). For smaller sizes a somewhat smaller number of
temperatures is needed.

system Tmin Tmax Nt
full ER ¢=0.5 -5 —-0.4 14
full ER ¢=1.0 —7.0 —0.6 9
full ER ¢=2.0 —2.0 10.0 6

2-core ER ¢=0.5 | —150 —-0.2 14
2-core ER ¢=1.0 | —10.0 -0.2 15
2-core ER ¢=2.0 | —10.0 5.0 16

14 O
o
o}
1.2 F N=500, c=0.5 OO .
o
1.0 + 2-core ©O ooo .
s glaph - ® X
g 08 L analytic e
&

s=S/N

Fig. 2. Large-deviation rate function ®(s) for the relative 2-core size s of ER random graphs
with average connectivity ¢=0.5 < ¢, N =500 (circle symbols). For comparison the results
for the rate function of the relative size s of the largest component is included. Both functions
are shifted by subtracting the value ®¢ they attain at the minimum, respectively. The line
displays the analytical result for the largest component as shown in equation (3).

In Figure 2 the empirical rate function equation (2) is displayed for ¢=0.5,
corresponding to the distribution shown in Figure 1. Note that by just stating the
analytical asymptotic rate function ®gg(s,c), the corresponding distribution P(s)
is not normalised. Hence, for comparison, ®(s) is shifted (by a very small amount
here) for all values of the connectivity ¢ such that it is zero at its minimum value,
like ‘I’ER(S, C).

The numerical data for the size of the largest component of the graph agrees
very well with the analytic result. Only in the region of intermediate cluster sizes, a
small systematic deviation is visible, which is likely to be a finite-size effect. Given
that for the numerical simulations only graphs with N =500 nodes were treated,
the agreement with the N — oo leading-order analytical result is remarkable.
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Fig. 3. Large-deviation rate function ®(s) for the relative 2-core size s of ER random graphs
with average connectivity ¢ =1=c., N =500 (circle symbols). For comparison the results for
the rate function of the relative size s of the largest component is included. Both functions
are shifted by subtracting the value ®¢ they attain at the minimum, respectively. The line
displays the analytical result for the largest component as shown in equation (3).

Thus, we can assume, that at least in this region of configuration space, small graphs
are sufficiently close to the N — oo limiting behaviour.

The rate function of the size of the largest component of the 2-core looks very
similar, but exhibits larger values, corresponding to much smaller probabilities. This
is natural, since for almost each graph the largest component of the 2-core is smaller
than the largest component of the graph (in few rare cases they are the same). Note
that the shape of the distributions look rather similar. But a simple rescaling of the
y-axis does not allow for a collapse of the data, which shows that the shapes are
actually very different. These numerical results and the qualitative similarity to the
case of the largest component of the full graph speak in favour of the existence of a
limiting rate function, i.e., the large deviation principle appears to hold. The resulting
rate function right at the percolation transition c=c.=1 is shown in Figure 3.
Qualitatively, the results are very similar to the non-percolating case ¢ = 0.5, except
that the distributions are much broader, corresponding to smaller values of the rate
function. Again, the agreement with the analytical result for the largest component
of the graph is very good, which also is an indication for a weak finite-size effect.
Thus it might be that also the result for the 2-core might be actually already close
to the large-graph limit, and it appears to be likely that the large-deviation principle
holds here as well. Like for ¢=0.5, the corresponding rate function values for the
2-core are above the values for the full graphs, with the same explanation.

The case of the percolating regime (connectivity ¢ =2) is displayed for the largest
component of the full graph in Figure 4. The rate function exhibits a minimum at
a finite value of s, corresponding to the finite average fraction of nodes contained
in the largest component. Note that the numerical data was already published in
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Fig. 4. Large-deviation rate function ®(s) for the size of the largest component of ER
random graphs with average connectivity c=2 > ¢, N =100 and N =500 (symbols). Both
functions are shifted by subtracting the value ®¢ they attain at the minimum, respectively.
The line displays the analytical result from equation (3).

reference [23], but there the analytical result was slightly incorrect. For this reason,
the data is shown here again together with the correct rate function. For most of the
support of the distribution, the numerical data for N =500 agrees again very well
with the analytic result. Nevertheless, for s — 0, strong deviations become visible
because the numerical rate function ®(s) grows strongly as s — 0. In comparison to
c < 1, strong finite-size deviations are visible.

In Figure 5 the rate function for the largest component of the 2-core is shown.
The rate function also exhibits a minimum, corresponding to the typical size of the
largest component. This minimum is shifted to the left, to a value a bit smaller
than s=1/2 here, as compared to the case of the full graph. Also large sizes are
much less likely for the 2-core case. This appears, again, to be natural because for
sparse graphs, i.e., where the average number of neighbours stays finite, the largest
component of the 2-core is basically always smaller than the largest component of
the full graph. Here no analytic results are available. Nevertheless, the finite-size
dependence of the result appears to be very weak, which indicates that the limiting
rate function will look very similar. Note that actually the strongest finite-size effect
is not visible here, since it was removed by a shift of the function such that at the
minimum ®(spiy) =0. This shift decreases from 0.0575 for N =50 to 0.0079 for
N =500, a bit slower than ~ 1/N, indicating that for N — oo no shift is needed. In
particular, there seems also here to exist a limiting rate function, meaning that the
large-deviation principle holds.

6 Summary and outlook

By using an artificial Boltzmann ensemble characterised by an artificial temperature
T, the distributions of the size of the largest component of the full graph and of the
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Fig. 5. Large-deviation rate function ®(s) for the relative size of the largest 2-core of ER
random graphs with average connectivity c=2 > ¢., N =50, N =100, N =200 and N = 500.
All functions are shifted by subtracting the value ®¢ they attain at the minimum, respec-
tively. A convergence to a limiting rate function appears to be compatible with the data.

largest component of the 2-core for ER randoms graphs with finite connectivity ¢ have
been studied in this work. For reasonable large system sizes, the distributions can be
calculated numerically over the full support, giving access to very small probabilities
such as 107320,

For the ER case, the numerical results for the large-deviation rate function ®(s),
obtained for rather small graphs of size N =500, agree very well with analytical re-
sults obtained previously for the leading behaviour in the limit N — oo. This proves
the usefulness of the numerical approach, which has been applied previously to mod-
els where no complete comparison between numerical data and exact analytic results
have been performed. Note that the results for the case of the full graphs have been
published before [23] and are included here mainly for comparison. Nevertheless, the
analytic result stated in reference [23] for ¢ > 1 was slightly incorrect, while here now
the correct analytical rate function is given.

The main findings are that below and at the percolation transition, ®(s) exhibits
a minimum at s =0 and rises monotonously for s — 1. This holds for the full graph
as well as for the 2-core case. However, for each component-size S, the corresponding
probability is (much) smaller for the 2-core case as compared to the full graph. Inside
the percolating regime, ®(s) exhibits a minimum, grows quickly around this minimum
and levels off horizontally for s — 0. The rate function for the 2-core case is shifted
to the left, again due to smaller sizes of the 2-core for sparse graphs.

The finite-size corrections are usually small, except for the largest component of
the full graph in percolating regime (¢ > 1) in an extended region near s = 0. Interest-
ingly, for the 2-core case, the finite-size corrections concerning the shape of the rate
function always appear to be small.

Since the comparison with the exact results for the ER random graphs indicates
the usefulness of this approach to study large-deviation properties of random graphs,
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it appears promising to consider many other properties of different ensembles of ran-
dom graphs in the same way. For example, it would be interesting to obtain the
distribution of the diameter of ER random graphs, where only for ¢ < 1 there is an
analytic result available. Corresponding simulations are currently performed by the
author of this work.

Note that with respect to the g-core, here we have focused on the 2-core, which
exhibits a second order phase transition at ¢ =1. For the 3-core this shifts to ¢ ~ 3.35
and becomes first order (see also the numerical results in Ref. [35]). The distributions
fall off in some regions extremely quickly (with, e.g., a factor of 10~° between two
adjacent values of S), as tests performed by the author show. This makes it much
harder to address the distributions over the full range of support even when using
sophisticated large-deviations approaches.

The author is grateful to Charlotte Beelen for critically reading the manuscript. The simula-
tions were partially performed at the HERO cluster for scientific computing of the University
of Oldenburg jointly funded by the DFG (INST 184/108-1 FUGG) and the ministry of
Science and Culture (MWK) of the Lower Saxony State.
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