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NONPARAMETRIC GRAPHON ESTIMATION

By PATRICK J. WOLFE AND SOFIA C. OLHEDE
University College London

We propose a nonparametric framework for the analysis of net-
works, based on a natural limit object termed a graphon. We prove
consistency of graphon estimation under general conditions, giving
rates which include the important practical setting of sparse net-
works. Our results cover dense and sparse stochastic blockmodels
with a growing number of classes, under model misspecification. We
use profile likelihood methods, and connect our results to approxi-
mation theory, nonparametric function estimation, and the theory of
graph limits.

1. Introduction. Networks are fast becoming part of the modern sta-
tistical landscape (Durrett, 2007; Diaconis and Janson, 2008; Bickel and
Chen, 2009; Choi, Wolfe and Airoldi, 2012; Fienberg, 2012; Zhao, Levina
and Zhu, 2012; Arias-Castro and Grimmett, 2013; Ball, Britton and Sirl,
2013; Choi and Wolfe, 2013). Yet we lack a full understanding of their large-
sample properties in all but the simplest settings, hindering the development
of models and inference tools that admit theoretical performance guarantees.

In this article we introduce a nonparametric framework for the analysis of
networks, which relates to kernel-based random graph models (Janson, 2010;
Sussman, Tang and Priebe, 2013), stochastic blockmodels (Airoldi et al.,
2008; Rohe, Chatterjee and Yu, 2011), and degree-based models (Chatterjee,
Diaconis and Sly, 2011; Bickel, Chen and Levina, 2011). We use this frame-
work to establish consistency of likelihood-based network inference under
general conditions, and to show convergence rates across a range of network
regimes, from dense to sparse. Our framework thus addresses one of the
biggest factors limiting the use of statistical network models in practice: a
lack of flexible and transparent analysis tools that admit coherent statistical
interpretations (Fienberg, 2012).

Our methodology derives from a large-sample theory tailored to net-
work data, in which well-defined limiting objects play a role akin to the
infinite-dimensional functions that underpin classical nonparametric statis-
tics (Bickel and Chen, 2009). An exchangeable stochastic network can be
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viewed as a partial observation of this limiting object under Bernoulli sam-
pling (Diaconis and Janson, 2008). Hence our theory is closely related to
that of generalized linear models (Green and Silverman, 1994) and of con-
tingency tables (Fienberg and Rinaldo, 2012), as well as to nonparametric
function approximation. High-dimensional statistical theory in this setting
is nascent, and so the linkages we develop below provide for a foundational
understanding of nonparametric statistical network analysis.

2. Model elicitation. A network can be represented by an n x n data
matrix A, whose ijth entry describes the relation between node 7 and node
j of the network. In the most fundamental setting of graph theory, A is a
symmetric, binary-valued contingency table: it is sparse yet structured, with
A;j € {0,1} denoting the absence or presence of an edge between nodes i
and j, and with fixed, structural zeros along the main diagonal.

We call A an adjacency matrix, and model it as a realization of (g) inde-
pendent Bernoulli trials. Independently for 1 <7 < j < n, we have

(21) Aij ]pij ~ Bernoulli(p,-j), Aji = A’ijy A“ =0.

Each Bernoulli trial A;; has success probability p;;, which in turn we model
using a bivariate function termed a graphon that derives from the theory of
graph limits (Lovasz, 2012).

A graphon is a nonnegative symmetric function, measurable and bounded,
that represents a discrete network as an infinite-dimensional analytic object.
It is a basic characterization, allowing us to go from the discrete set of prob-
abilities {p;;}i<; to a limit object f (x,y) defined on (0,1)?, independently
of the network size. Various summaries of the network can be calculated as
functionals of the graphon; for example, a network’s degree distribution is
characterized by its graphon marginal fol f () dy.

To model both dense and sparse networks, we allow the success probabili-
ties p;; appearing in (2.1) to depend on n. We link these to a scaled graphon
pnf (z,y) through a random sample {;}!'_; of uniform variates, via a scale
parameter p, > 0 that specifies the expected probability of a network edge:

(2.2) pij = pnf (&, &5); {&,.., &} ud Uniform(0, 1), fff (z,y) dedy = 1.

Observe that E A;; = E¢p;j = py, for all 1 <i < j < n, and so p,, specifies
the sparsity of the generated network. We assume the sequence {py, }n=23,. ..
to be fixed and monotone non-increasing,.

This is a canonical model based on exchangeable random networks (Bickel
and Chen, 2009; Bickel, Chen and Levina, 2011), and is also strongly related
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to other statistical modeling paradigms. It relates the infinite-dimensional
graphon f (z,y) to the set of probabilities {p;; }i<; sampled via . This mod-
eling strategy is similar to time series analysis, where a sampled autocovari-
ance is related to an infinite-dimensional spectral representation. As with an
independent increments process, we may think of each &; in (2.2) as a latent
variable. Furthermore, &; is associated with the ith network node, acting
as a latent random index into the graphon. This reflects the fact that the
observed ordering of the network nodes conveys no information.

Similarly, the ordering of a given graphon f(x,y) along the = and y
axes has no inherent meaning; that is, f (z,y) has a built-in invariance to
“rearrangements” of the x and y axes. This is similar to statistical shape
analysis, where we seek to describe objects in a manner that is invariant to
their orientation in Euclidean space. Thus f (z,y) represents an equivalence
class of all symmetric functions that can be obtained from one another
through measure-preserving transformations of [0, 1].

This notion was formalized by Aldous (1981) and Hoover (1979) in the
context of exchangeable infinite arrays. Their eponymous theorem asserts
that any such array admits a representation in terms of some f(z,y, ).
This representation is unique up to measure-preserving transformation (Di-
aconis and Janson, 2008), and the value of « is not identifiable from a single
network observation (Bickel and Chen, 2009). The Aldous-Hoover repre-
sentation thus relates (2.2) to an exchangeable infinite array {A4;;}75_; of
binary random variables, such that for all n = 1,2,..., all permutations II
of {1,...,n} and all a € {0,1}"*", we have that Pr(4;; = a;;,1 <i<j <
’I’L) = PI"(AZ'j = ArI(i)11(5)> 1< i,j < n)

By putting an observed n x n adjacency matrix A in correspondence with
a finite set of rows and columns of {4;;}75_;, we arrive at a model for ex-
changeable networks, or for sub-networks thereof. Exchangeability implies
that once we condition on the latent variable &; associated to network node
i, then all linkages A;. to node ¢ are conditionally independent and identi-
cally distributed. This follows from de Finetti’s representation of a sum of
exchangeable indicator variables (Diaconis, 1977).

3. Main result. Our main result is that whenever a graphon f is
Holder continuous, and maximum likelihood fitting is used to derive a non-
parametric estimator of f from A, then this estimator will be consistent as
long as p, = w(n_l log? n), and its rate of convergence can be established.

To construct our estimator, we will calculate group averages after forming
k groups from n nodes. Any such grouping can be represented as an integer
partition of n via a vector h € {2,...,n}*, such that Zi:lha = n. Thus
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may view n~'h as the probability mass function of a random variable with
range {1,...,k}, indexed via a cumulative distribution function H and its
generalized inverse H !

(3.1a) th € [0,K], ()e{o,’;—l,’u—;@,...,1},

(3.1b) H '(2) = 11[1fk {H(u)>2}; xe(0,1], H *(z) € {1,...,k}.
u€(0
The central difficulty in constructing a nonparametric graphon estimator
is that we do not know the ordering of our observed adjacency matrix A,
relative to the ordered sample {5@)}?:1 indexing the graphon f. We thus
define an estimator f as a composition of two operations: first we re-index

the rows and columns of A according to some permutation IT of {1,...,n},
and then we group them in accordance with H:
f (:Ev Y; h) = ﬁ;lAHfl(m)Hfl(yﬁ Pn = Z Alj7 :E y (07 1)2 ;
1<j
- 1 nH(b) nH(a)
Ay = Anemen, 1< < k.
ab ha {hb _ ]:[((I — b)} Z Z H(Z)H(])? — a? b — k

j=nH(b-1)+1i=nH(a—1)+1

We then define the mean-squared error of f relative to f as

23{4//01 F(o(@).0(y)) - F (x,y: ) dady,

where M is the set of all measure-preserving bijections of the form o: [0, 1] —
[0, 1]. This error criterion is based on the so-called cut distance in the theory
of graph limits (Lovész, 2012), and allows for all possible rearrangements of
the axes of f (Choi and Wolfe, 2013).

Any estimator f can be viewed as a Riemann sum approximation of f,
and thus we must understand when such sums converge. Lebesgue’s criterion
asserts that a bounded graphon on (0, 1)? is Riemann integrable if and only
if it is almost everywhere continuous. A sufficient condition is that f is
a-Holder continuous for some 0 < a < 1, where we write

- /oo
(3.2) f € Holder®(M) < sup |f (z,9) f/(:v;ya)l
(@A y)eon? (@) = (@ y)]

<M < .

This assumption ensures that f is uniformly continuous, so that its approx-
imation error can be controlled through Riemann sums.

Under this model specification, we obtain our main result, which we prove
in Appendix A.
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THEOREM 3.1 (Consistency of smooth graphon estimation). Assume a
sequence of graphon estimators f (x,y; h) is fitted under the model of (2.2),
with k = w(1) and h = n/k the average group size, where

1. The graphon f is symmetric, bounded away from zero and a-Hdlder
continuous, 0 < o < 1;

2. The scaling sequence p, satisfies py, = w(n_l log? n), and maxy, pnf s
bounded away from unity;

3. Fvery admissible partition H has group sizes bounded uniformly above
and below by hy = o(n), ha = w(log'/?n), and may be composed with
any permutation I of {1,... ,n} to yield f(x,y; h).

Suppose furthermore that the minimum effective sample size of every pos-
. . ha . .
sible fitted grouping, ( 5 )pn, and the average effective sample size across all
groupings, h?py, both grow sufficiently rapidly in n:

h%pn = w(log n), h?p, = w(max {712/71, 1} log® n)

Then z'ff(m,y; h) is fitted by blockmodel mazimum profile likelihood estima-
tion as described in Section 4 below, the mean-squared error of f satisfies

O _
r h2pn Npn ne/2

log h log? (1/py) log (n/h h\ 2 log (h
g +\/ g” (1/pn) g(/)+<_v> ., log (hv/pn)
n
The terms appearing in this expression each stem from a different portion
of the nonparametric inference problem of graphon estimation, and will be
derived and discussed in Section 5-7 below.

4. Nonparametric graphon approximation via blockmodels. To
understand Theorem 3.1, we must first describe how a particular class of sta-
tistical network model—the stochastic blockmodel—lends itself naturally to
nonparametric approximation. Later, in Section 5, we will establish block-
model consistency under model misspecification, in settings ranging from
dense (Chatterjee, 2012; Choi and Wolfe, 2013) to very sparse networks.

4.1. Stochastic blockmodels and nonparametric graphon approximation.
A k-community blockmodel (k, z,0) is a statistical network model that con-
sists of two main components:

1. A community assignment function z: {1,...,n} — {1,...,k}. This
mapping assigns each of n network nodes to exactly one of k& groupings
or “communities,” each of size hy,1 < a < k.
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2. A block mean estimator 0: {1,... k}" x [0,1]"*" — [0,1]***. This
assigns an interaction rate 6,, to every pair (a,b) of communities,
based on the observations {A;; :i € 27 (a),j € 271 () }.

Any community assignment function z thus has two components: a vec-
tor h(z) = (h1,...,hg) of community sizes equivalent to some H as defined
in (3.1a), and a permutation II, of {1,...,n} that re-orders the set of net-
work nodes prior to applying the quantile function H~'(-/n) as defined
in (3.1b). Thus the community to which z assigns node 7 is determined by
the composition H ! o I1,:

(4.1) 2z =H YII.(i)/n}, 1<i<n.

Each z thus represents a re-ordering of the network nodes, followed by a
partitioning of the unit interval. Each 6, in turn describes the expected
rate of interaction between the nodes in communities a and b.

If & grows with n, then the nonparametric properties of blockmodels come
to the fore (Rohe, Chatterjee and Yu, 2011; Choi, Wolfe and Airoldi, 2012;
Fishkind et al., 2013; Zhao, Levina and Zhu, 2012). In the theory of graph
limits (Lovédsz, 2012), such a model is known as the “blowup” of a weighted
graph to the domain (0, 1)2, or as a “stepfunction approximation” of a given
graphon f (x,y).

There are strong theoretical reasons why an arbitrary graphon should
be well approximated by blocks (Lovasz, 2012). These reasons stem from a
fundamental result in combinatorics known as Szemerédi’s regularity lemma,
which cuts across graph theory, analysis and number theory. In our context,
this lemma suggests that any sufficiently large graph behaves approximately
like a (k, z,0)-blockmodel for some k. However, this value of & may poten-
tially be very large, and so regularizing strategies are needed to infer a
blockmodel approximation with good risk properties while requiring rela-
tively few degrees of freedom.

4.2. Fitting blockmodels to inhomogeneous random graphs. Once f (z,y)
has been specified and a uniform random sample {{;}"_; realized, our net-
work reduces to a set of (g‘) Bernoulli(p;;) trials that are conditionally inde-
pendent given {&;}" ;. We refer to this as an inhomogeneous random graph
model (Bollobas, Janson and Riordan, 2007) for the observed data matrix
A € {0,1}™*". From (2.2), the conditional log-probability of observing a
given adjacency matrix A is

log Pr(A | {pij}icj) = Y _ {Aijlog (pij) + (1 — Aij) log (1 — pyj)} .

1<j
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Adopting the notation of Choi, Wolfe and Airoldi (2012), we write the
log-likelihood function of a blockmodel (k, z,0) with respect to an observed
data matrix A as

L(A;2,0) = Z {Aijlogh.,., + (1 — Ajj)log (1 —0.,.)}, 1<ij<n
i<j

=> > {Ajlogu+ (1— Ay)log(1—0y)}, 1<ab<k

a<b iez"1(a),

jez=1(b)
= logbay > A+ log(1—6s) > (1-Ay)
a<b i€z=1(a), a<b i€z=1(a),
je2z—1(b) jez—1(b)
(4.2) => h2 {Awploglay + (1 — Ag)log (1 0a)} ,

a<b

where A, is the arithmetic average of the values of A in the (a,b)th block:

_ 1 (h“) ifa=0b

4.3 Agp = — A, h2, =4 )2 ’

(4.3) "R, ie;(a) 7 b {hahb if a #b.
jez=1(b)

and hy, is the size of the ath community. Note that this aligns with our earlier
definition of f , and that the quantities hib, Ay, 64 all depend on the com-
munity assignment function z. The structural zeros along the main diagonal
of A imply that hgy, differs for diagonal blocks (a = b) relative to off-diagonal
blocks. We see from (4.2) that for any fixed assignment z € {1,...,k}", the
log-likelihood L(A;z,0) of A will be maximized in § € [0,1)*** by tak-
ing 0, = Agp. This is because each sample proportion Ay, is an extended
maximum likelihood estimator for its expectation; “extended”, because we
include the boundary {0,1}*** of the parameter space, allowing for the
possibility that 6, = Ag € {0,1}. Thus the extended maximum likelihood
estimator coincides with the method of moments estimator for 6.

Note that (4.2) is a continuous function in #, and so (by the extreme value
theorem) L(A;z,0) attains its supremum over the compact set [0, 1]***.
Thus we “profile out”  from the log-likelihood L(A; z,0):

L(A;z) = max L(A4;z,0)
0e[0,1]kxk

= Z hzb {Aab log Aab + (1 — Aab) log (1 — Aab)}
a<b

(4.4) - Z {Aijlog Azzy + (1= Agj)log (1 — Azz) }

1<J
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Any maximizer of (4.4) over a fixed, non-empty subset Z C {1,... k}"
is a maximum profile likelihood estimator (MPLE) of z with respect to Zj.
We may equivalently re-cast the problem of likelihood maximization as one
of Bernoulli Kullback—Leibler divergence minimization, with

D (p|[p') = plog() + (1 —p)log(=

)

denoting the Kullback—Leibler divergence of a Bernoulli(p’) distribution
from a Bernoulli(p) one.
Equipped with this definition, observe that any MPLE Z(A, Zj) satisfies

(4.5)  z(A,Z) = arglélaxz {Aijlog A, +(1—Ay)log (1—A..,)}
2E2k 1<j

= argmax max L(A;z,0)
2€2),  O€[0,1]FxF

— argmin min E D 10,
Z%Zk 6[0,1]k %k < ”H ZZZJ)

= argmanD ij HAzizj) :
ZEZy i<j

Maximizing the profile log-likelihood of (4.4) to obtain an MPLE 2(A, Z)
is thus equivalent to minimizing the sum of divergences . _ j ( i | | A, Zj).
This sum serves as a proxy for its “oracle” counterpart based on the matrix
p € [0,1]"*™ of Bernoulli parameters of the underlying generative model.
This corresponds to an idealized “best blockmodel approximation” of p.

With this in mind, we define an “oracle MPLE” z(p, Z) in direct analogy

0 (4.5). Let p(z)q denote the arithmetic average of the h?, elements of p
in the (a, b)th block induced by z:

(4'6) ﬁ a h2 Z p2]7
ab

€z 1(
je€z~ 1(b)

where we recall that h2b also depends on the choice of community assignment
function z. We then have

(47) 2(]?7 Zk) = argrglaxz {pij logﬁzizj- + (1 - pij) 10g (1 - ﬁzzzj)}
2E2k i<y

= argmin Z D pzy ‘ ‘ pzzzy) :
2EZy, 1<j

Observe that neither Z(A, Zi) nor z(p, Zx) is unique, since permuting the
community labels {1,...,k} does not affect the likelihood of community
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assignment in (4.5) or (4.7). Even aside from the issue of label switching,
we are not guaranteed uniqueness; see Chatterjee, Diaconis and Sly (2011)
and Rinaldo, Petrovi¢ and Fienberg (2013) for discussion of this issue in the
specific context of network modeling, as well as Fienberg and Rinaldo (2012)
in the general setting of log-linear models for sparse contingency tables.

5. Sparse blockmodel consistency under model misspecification.
We now establish that an observed matrix A € {0,1}"*" of binary adjacen-
cies yields “oracle” information on its generative p € (0,1)"*™ at a rate that
depends both on the sparsity of the network and on the speed at which the
admissible network community sizes grow with n. We show that for suit-
able sequences of sets Zi(n) C {1,...,k}" of admissible blockmodels, the
maximum profile likelihood assignment method Z(A, Zi) implies that the
likelihood risk of a fitted blockmodel, as measured by summing the diver-
gences D (pij H Agigj), approaches the risk ZK]-D (pij Hﬁzizj) of the best
possible blockmodel approximation as n grows large.

Theorem 5.1 (proved in Appendix B) makes this statement precise and
provides a set of sufficient conditions, driven primarily by the effective sam-
ple size of each fitted block.

THEOREM 5.1 (Controlling excess blockmodel risk). For eachn = 2,3, ...,
let A € {0,1}™*™ be the adjacency matriz of a simple random graph with
independent Bernoulli(p;;) edges, and consider a corresponding sequence of
k-commaunity blockmodel estimators, with k = k(n) a function of n. Assume:

1. The expected edge density (72‘)_1 Yic j pij(n) of A does not approach 0
or 1 too rapidly in n: there exists a monotone non-increasing, strictly
positive sequence p(n), such that for all n sufficiently large, p(n) <
(3) " Siey pig(n) < 1= /().

2. Likewise, no block density {p.,.;(n)}i<j .ez,n) approaches 0 or 1 too
rapidly in n: there exists a monotone non-increasing, strictly positive
sequence pa(n), such that pp(n) < p(n) and pa(n) < prz;(n) <1 —
Vpa(n) for all z € Zx(n), 1 <i < j <n and n sufficiently large.

3. The sizes {h.,(n)}1<i<n ez, (n) of all possible communities grow suf-
ficiently rapidly in n: there exists a monotone strictly increasing se-
quence ha(n) taking values in {2,...,|n/k(n)| such that for all n suf-
fciently large, ha(n) < min,e z,(r) {Min<in hs, (n)}.

Assume that the sequences Zi, p, pp, ha are fixed in advance and inde-
pendent of all other quantities. Let h = n/k € [1,n], and suppose that the
minimum effective sample size of every possible fitted block, (hZA)p/\, and the
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average effective sample size across all blocks, hp, both grow sufficiently
rapidly in n:

h2 pa = w(logn), E2ﬁ:w(max {ﬁz/n,l}log?’n).

Then for all sequences of subsets Z, C {1,...,k}" that respect condition 3,
we have as n — oo that for any choice of z € Zy,, deterministic or random,

D i<jiAu, ¢{o,1y P (pij || Aziz;)
Zz’<j:f_1zizj¢{0,1} Dij

S Dullrs) (m{L M}) |

Zi<j Dij E2ﬁ7 np

For 2(A, Zy) = argmax,cz, >, {Aijlog A, + (1 — Agj)log (1 — A.) },

(5.1)

Zﬁiiij ¢y (pij]|Az:z)

zz‘<j;2x2i2j¢{o,1} Dij

(5.2)

_ mianZkEKjD(pinﬁzizj) +Op | max log h \/10g2 (1/pn)log (n/ﬁ)

i<y Pij h*p’ np

These results also hold marginally with respect to the model of (2.2).

Theorem 5.1 is significant because it gives conditions under which the ex-
cess risk of a fitted blockmodel converges to zero, implying that blockmodel
parameters can be estimated consistently even when the true generative
model giving rise to A is unknown. It predicts different rates of convergence
for different network sparsity regimes. Depending on the growth of k& with
n, either the first or the second of two rate terms in (5.2) will dominate.

We may summarize these regimes as follows:

1. Dense networks: If pn and p remain constant in n, and k grows with
n as k = O(n3/*), then Theorem 5.1 predicts a convergence rate of at

least +/log(n)/n. If instead k grows like n’ for 3/4 < & < 1, then this
rate will decrease to logn/n?(1=9).

2. Sparse networks: If p, and p decrease like n=27 for 0 < v < 1/2, and
k = O(n3/*=7/2) then Theorem 5.1 predicts the rate log(n)3/? /n'/2=7.
If k grows like n? for 3/4—~/2 < § < 1—+, then this rate will decrease

to logn/n>1=9=7),
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3. Ultra-sparse networks: If p, and p decrease like log(n)3+? /n for 8 > 0,
then Theorem 5.1 predicts rate log(n)~?/? whenever k = O(n'/?),
matching the regime of Choi, Wolfe and Airoldi (2012).

In each of these cases, the given conditions on ps can be relaxed accordingly.
Theorem 5.1 is the first such result known for sparse or ultra-sparse
networks—those for which p = o(1), so that the average number of con-
nections per node can grow sublinearly, here as slowly as logarithmically in
n. This complements the recent result of Choi and Wolfe (2013) for fixed-k
fitting of dense bipartite graphs—those for which p, and p remain constant,
so that the average number of connections per node grows linearly in n.
Theorem 5.1 extends this regime, allowing for the growth of k£ with n, while
also yielding an improved convergence rate of \/log(k)/n for dense graphs.
To understand why Theorem 5.1 holds in this setting, we begin by condi-
tioning on a choice of community assignment function z. Blocks of network
edges then comprise independent sets of independent Bernoulli trials. Con-
ditionally upon z, sample proportions Azizj | z of these blocks are thus in-
dependent Poisson—Binomial variates. Without additional restrictions, how-
ever, a fitted block could be any size—even as small as a single Bernoulli
trial. Thus it is necessary to constrain the set 2 C {1,...,k}" of admissible
blockmodels, and also to constrain the allowable global and local sparsity of
the network, so that the effective sample size of every possible A, 2; | 2 grows
in n. This ensures that all block-wise sample proportions A, ., | z behave like
Normal variates in the large-sample limit, when appropriately standardized.
There are then two main technical challenges:

1. Double randomness: While every A, , ; | z is amenable to analysis, choos-
ing z by profile likelihood maximization introduces “double random-
ness,” coupling all blocks and precluding a direct analysis of Agigj.
Instead, we take the approach of Choi, Wolfe and Airoldi (2012), and
show that results for A,,, ; | 2 hold uniformly for any choice of z — and
therefore that they also hold for Az .

2. Likelihood zeros: The assumption that all p;; € (0,1) ensures that
each D (pij szizj) is finite. However, D (pij H Aéiéj) will fail to be fi-
nite if Az;. € {0,1}, in which case the (Z;, Z;)th block has saturated.
Such blocks add 0 to the likelihood; their parameters are not estimable
(Fienberg and Rinaldo, 2012). The theorem conditions allow us to con-
trol the probability of these likelihood zeros, by requiring the effective
sample size of each block to grow sufficiently rapidly in n.

This latter point is particularly important, since only values in the inte-
rior of the parameter space [0,1]**% are estimable (Fienberg and Rinaldo,
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2012, Theorem 7). As in the case of additional structural zeros (Fienberg
and Rinaldo, 2012, Corollary 8), the Fisher information matrix will be rank-
deficient, and the degrees of freedom must be adjusted accordingly in order
to obtain correct inferential conclusions. This explains why the random de-
nominator term is necessary in the left-hand side of (5.2).

We may connect this understanding to the three sparsity regimes de-
scribed above: the case of dense networks, corresponding to the setting of
exchangeable random %raphs; that of sparse networks, where the density
of network edges (g)_ > <jPij decays as some power of n; and that of
ultra-sparse networks, where the edge density decays at a rate approach-
ing log(n)/n. This is the so-called connectivity threshold, above which an
inhomogeneous random graph will be fully connected with probability ap-
proaching 1 as n — oo (Alon, 1995). If the edge density were instead to de-
cay at a rate of 1/n—the extremely sparse setting of Bollobds and Riordan
(2009)—then the resulting networks would fail in general to be connected,
and Poisson rather than Normal limiting behavior would hold for each block
(Olhede and Wolfe, 2013).

6. From blockmodels to smooth graphon estimation. We now
present our final result leading to consistent graphon estimation. To go be-
yond conditional estimation of inhomogeneous random graphs via block-
models, we will assume additional structure via graphon smoothness. This
smoothness will in turn allow us to control estimation risk, by sending the
main term in Theorem 5.1 to zero.

A blockmodel first orders the rows and columns of A, and then groups
its entries according to a vector of community sizes h € {2,...,n}*. This
specifies a partition H in accordance with (3.1a), which in turn induces a
piecewise-constant approximation of the graphon f (z,y) along blocks. To
see this, define the domain wgy, C [0,1)? of the (a, b)th block as

wap = [H(a —1), H(a)) x [H(b—1),H(b)), 1<a,b<Fk,

and define the blockmodel approximation f(z,y;h) of f(x,y) via the local
averages fup, 1 < a,b < k:

_ _ - 1
(61) f($7y7h) = fH*l(m)Hfl(y)v Jab = ’OJ b‘ / f(x7y) dz dy.
a Wab

If f(x,y) is smooth as well as bounded, then results from approximation
theory allow the error || f — f|| to be controlled in any L, norm, as a function
of the maximum over all block diameters (h2 + h2)'/2/n for 1 < a,b < k
(DeVore, 1998, see also Lemma C.6).
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Recall from (4.1) that any blockmodel community assignment vector z is
a composition H~! o II, for some partition H of [0,1] and permutation II,
of {1,...,n}, so that z; = H~'{II,(i)/n},1 < i < n. From (4.6), we may
express p(z) for any 1 < a,b <k as

_ 1 _ ‘ _ .
P(2)ab = 13- > piI[HHIL(j)/n} = b] I[H™" {IL.(i)/n} = q]
ab i<j
nH(b) nH(a) I(a#b)+(j—1) I(a=b)

1
(6.2) = DL > Prztynzt ()

ab j—pH(b—1)+1 i=nH(a—1)+1

Thus p(z)a is an average over hgb graphon evaluations f (51-[;1 (i),£H;1( j)),
since the model of (2.2) asserts that p;;(n) o< f(&,&;). These evaluations
occur at random points determined by {&1,...&,} according to the inverse
of the permutation II,, while H determines the size of each block.

From this simple observation, we will show that it is possible to relate
D(2)ap to f (z,y) by choosing an “oracle” permutation II,(7) whose inverse
yields the ordered sample {{(1), ... {(,)}. To see this, first note that whenever
the Holder condition of (3.2) is satisfied, we have by Lemma C.7 that

f Ewy€y) = £ (s 77) + Op(n™07),

because each §(;) converges in probability to its expectation ¢ /(n+1) at a
rate no worse than n~'/2, and (3.2) relates this to !f (§(i) ) f(j)) —f (n+r1, #) ‘
Now take IL,(i) = (i)', where (i)' denotes the rank of &; from smallest to
largest, and observe that f (Snz—l(i),fnz—l(j)) evaluates to f (§(i),§(j)).

The key point is that when f is a-Holder continuous, then convergence
of the ordered sample {S(i) »_, governs convergence of the random averages
comprising p(z)q in (6.2). Indeed, if hy uniformly upper-bounds the largest
possible community size, then by Lemma C.5, we have that

.= ()" = 0, Pz — f @y i) = Op(n="% + (n/hy) ™),

where we recall from (6.1) that f (x,;h) is the local block average of f.
As a consequence, we can control the oracle estimation risk featured in
Theorem 5.1 as follows.

THEOREM 6.1 (Controlling absolute risk). Assume in the scaled ex-
changeable graph model of (2.2) that:

1. The graphon f is a positive, symmetric function on (0,1)%, and is
a-Hdélder continuous, 0 < a < 1;
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2. Furthermore, f is bounded away from zero and max, p,f is bounded
away from unity;

3. Each set Zp(n) C {1,...,k}"™ of admissible blockmodel assignments
has the following property: If H is generated by some z € Zj, then
H=1' oIl € Z;, for every permutation I of {1,...,n}.

Then for hy(n) the largest community size in each Zi(n), the oracle likeli-
hood risk in Theorem 5.1 satisfies

minez, >, ;D (i Hﬁz’iz]‘)
Di<iPij

(6.3) = O0p(n™*+ (n/hv)™*).

We prove this theorem in Appendix C by using the oracle choice of per-
mutation (-)~! to upper-bound the risk via a block approximation f (z,y;h)
of f(x,y), based on some z* which achieves the minimum in (6.3). Condi-
tions 1 and 2 are then sufficient to guarantee the claimed rate of approxi-
mation. Condition 3 ensures that H~' o (-)~! € Z, since we do not know
2* or the requisite ordering (-)~! in advance.

7. Rates of convergence. We see directly that the rate of convergence
in Theorem 6.1 depends on the Holder continuity of f in two ways: through
the convergence of the ordered sample {{;) };; (variance), and through the
rate at which hy/n goes to zero in n (bias). This rate is also self-scaling
relative to the sparsity of the network, as it does not depend on p,,.

In contrast, Theorem 5.1 depends strongly both on the network sparsity
factor p,, as well as the minimum and average admissible block sizes, hn and
h. The conditions of Theorem 5.1 ensure that excess blockmodel risk can be
controlled under model misspecification, enabling groupings of nodes with
good risk properties to be estimated, despite the variability of the data.

Together, the results of Theorems 5.1 and 6.1 enable us to establish mean-
square graphon consistency at the rates indicated in Theorem 3.1, namely

7 2 7 2c
log hh n \/log (1/pn)log (n/h) N <i;_v> n log (hv /pr)

h2py, npn no/2

Op

The first two terms come directly from Theorem 5.1, while the third is from
Theorem 6.1. The final term comes from relating the discrete quantities fea-
tured in these theorems to the graphon itself, and is driven in part by the fact
that we do not know the ordering of the data relative to the Uniform(0,1)
variates {&;}!_; by which the graphon is sampled. The O(n_l/ 2) variance
of the ordered sample {{(;) }7_; subsequently appears, and is modulated by
the regularity of the graphon through its Holder continuity exponent .
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8. Conclusion. In this article we have established a number of new
results within a nonparametric framework for network inference, based on
graphons as natural limiting objects. Understanding graphons as analytic
objects, as well as the behavior of dense and sparse networks based on them,
is fundamental to advancing our nonparametric understanding of networks.

To this end, we have established consistency of graphon estimation under
general conditions, giving rates which include the important practical setting
of sparse networks. By treating dense and sparse stochastic blockmodels
with a growing number of classes, under model misspecification, our results
improve substantially upon what is currently known in the literature.

Our results link strongly to approximation theory, nonparametric function
estimation, and the theory of graph limits, and thus provide for a founda-
tional understanding of nonparametric statistical network analysis.

APPENDIX A: PROOF OF THEOREM 3.1 AND ITS LEMMAS
A.1. Proof of Theorem 3.1.

PROOF. We note from Lemma A.1 that for (z,y) € (0,1)?

F@yih) = pp Ag-i w1 = {1+ 0p (%) o A1y ()

Recalling the definition of Ay, we see that uniformly for all choices of H
and I, and for all 1 < a,b < k, we have 0 < E Ay, < pp SUP(g y)e(o0,1)2 f (2,9)
and 0 <E A2, < p? SUD(g,y)€(0,1)?2 2 (z,y).

Since f is by hypothesis Holder continuous on a bounded domain, it is
bounded, and thus A, = Op(pn) and flzb = Op(p%) by Markov’s in-
equality. We will thus expand the squared error term in the integrand of
the graphon mean-squared error pointwise, using the fact that the error
term should be evaluated at the infimum over measure preserving bijections.
Therefore this error be upper-bounded by its evaluation at some o* € M,
which we will choose in accordance with the proof of Lemma A.3 below:

inf f
ceM (0"1)

S //(\0 1)2|f(0'*($)70'*(y)) - py_lelefl(x)Hfl(y)Pd:Edy + Op(n—l/Q)

gff@% o (1)) {1+0p (") Yo A1y | dr dy

< // |f(0'*(517)7 U*(y)) - Pr_LlAHfl(m)Hfl(y) ‘2 dxdy + Op (n_l/z)
f¢{0,1}

< 2(sup f)//fgl{og_ff}D {Pnf(a*(iﬂ)’ a*(y)) H pnf (2, y; h)} dx dy + Op (n_l/z),
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where the last two lines follow from Lemmas A.2 and C.9, respectively. By
Lemma A.3, we have

2 (sup f) //f pnlD pnf “(z )0*(96))( pnf(w,y;h)} drdy = 2 (sup f)

#{0,1}
Zi<j:fizizj #{0,1} D(pij H Azizj)

—a/2
/ﬁ{o <, ) ey {1+ 0p (n727)}

L Op <log (hv/pn) loghv> ,

na/2 Pt

uniformly in z. The conditions of Theorem 3.1 are sufficient for Theorems 5.1
and 6.1 to hold, and so if f is fitted by maximum profile likelihood, then we
may substitute terms from Theorems 5.1 and 6.1 to obtain

2 (sup f) //f pnlD pnf “(z )0*(96))( pnf(w,y;h)} dxdy = 2 (sup f)

#{0,1}
o "\ —2a logh [log? s-log %
Op(n +(W) ) + Op | max o e
log (hy /pn log h
+OP<og( v/p)Jr og v>.

no/2 Pn

/ f(z,y) dx dy-
fefo,1}

A.2. Auxiliary lemmas needed for Theorem 3.1.

LEMMA A.1. Assume the setting of Theorem 3.1. Then Ep, = pn,
var p, = O(p2/n).

PROOF. Since i < j and k < [, we have that E A;; |£ = p, f (&,§;) and

cov (A2]7 A |€) = Pnf(gugj) {1- pnf(élvéj)}]l (i=k)I(j =1). We first use
the law of total expectation to deduce

Ep, = (TQL)_I Zi<j E¢ {Pnf (6275])} = Pn ff(071)2 f(x,y)drdy = pn.

The necessary marginal variances and covariances can then be established
hierarchically:

var(A;j) = E¢ {var (A [€)} + varg {E(A;5 | €)}
= {E pnf(gugj)} {1 - Epnf(éuéj)} = Pn (1 - pn) )
cov(Aij, Apr) =Ee{cov(Aij, Apil§) } +oove{E (Ai51€) JE (A |£)}, (4,5) # (K, 1).
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Since Ef(gbgj)f(gk)gl) = ff(071)2 f2(x7y) drdy if 1 = k and j = [, and
{ff(o 1) f(z,y)dx dy}2 if i # k and j # [, we obtain when either i # k or
j # 1 that
cove (Aij, Apt) = cove {E(Ay; | §), E(Ar |€)}

< pp max{var f(&;,&;), var f(&, &)}

< 02 [y @)Y dudy = {[fig1y2 S (2. y) dody}?] .

Because cove {A;j, A} = 0 when all 4, j and &, [ are distinct, and since i # j
and k # [, we obtain

var pn, = (4) -2 Zvar Aij+ (5) - Z cov (Aij, Akr)

i<j i#kUj#L
y —2 y —2 : :
<(5) Tpn (1 =pn)+(3) Z cov (A, Ap) [L(i = k) + 1(i = 1)
i£kUj £l

+1( = k) +10G =1)]
< (5) o (1= pa) +4n(3) 03 | [ 0 {F (2 9)}” dody — 1] .

The order term of O(p2/n) follows, as p2/n > pn/n? < p, > 1/n, since
Pn = w(n_l log? n) O

LEMMA A.2.  Assume the setting of Theorem 3.1. Then

Sup // Jo(@))—f (z,y; h)|” dmdy—OP( (hf)pwzlog(l/pn))_
fedo, 1}

oceM

PROOF. We apply Lemma B.2 to control ), j ( Agp € {0, 1}) marginally,
after observing that

sup // (0(2),0(x)) — f (2, y:h)|* dz dy < // 2p,,” da dy
oeM J J fefo, 1} fre{o,1}
=2 (ppn) 2 Z hahy < 2 (pan) > Z 4h2,

a,b:Aqp€{0,1} a<b:A,,€{0,1}

= 8(ppn) 2 ZH (A € {0,1}) .

i<j
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LEMMA A.3.  Assume the setting of Theorem 3.1. Then for any z € Z,

nfoert [figqoy Pt D {puf (0(2).0W)) || puf (2,y:h) } davdy

fffgé{o,l} f(z,y) dxdy

_ Zicrizeion D0 [l As) {1 +Op <#) }+(9P (h)g(hv/p") + loghv> .

_ - 2
iz 4O Y ne Pt

(A1)

PRrROOF. We first treat the numerator of (A.1), whose infimum is over M,
the set of all measure-preserving bijective maps of the form o: [0, 1] — [0, 1].
We may write

0<01é1/{’4//f¢{01} D {puf(o(a).0 ()|
(A

puf (z,y; h)} dx dy

lnerM Za7b:A (2)abr{0,1} ffw(z) 'D {pnf( ) H A ab} dx dy’

since f is constant on blocks. Observe that for each individual summand
n (A.2), we may write

// pn' D {puf (o W) || A(2)ap} dady

:/ / P D{pnf ()| AZ)ab } dax dy
H(b-1) (a—1)
nH(b)

H(b)

= Y S stetehot) | A} e

j=nH(b-1)+1i=nH(a—1)+1 n n

We now restrict our choice of o € M to satisfy the following property:

G @
n n

way [ [ o)ty <[> [ f@dedn1<ig<n

G)—-1 JuE)—1
n n

for some permutation IT of {1,...,n}. Such a choice of measure-preserving
bijection can always be made, as it simply partitions the unit interval into
n+1 subintervals of the form [(i — 1)/n,i/n),1 < i < n, and permutes their
order in accordance with II. We make this choice in order to preserve the

Holder continuity of f on each domain (z,y) € (d 1) X <E l) as will

n’'n n’'n
be shown below.
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Thus we may write, combining (A.2)—(A.6),

—1
olélﬂ//fml} D pnf( (), 0(y ))‘ pnf (2, y; )} dz dy
nH(b) nH(a)

Y Yy

abAab¢{0 1} j=nH(b—-1)+1i=nH(a—1)+

LL(E) . (0]

o D {pnf (z,9) || A(z)ap} dz dy,

II(j)—1 II(i)—1

with S, the set of permutations of {1,...,n}. From Lemma A.4 we then
obtain

EE(C) R ()]

nz/; /; png{pnf(x,y)Hfl(z)ab} dx dy

= 02D [onf (&g Sy || A +0r ({108 (1/pn) + 108 (') } n7o72),

where (114} is the I1(7)th element of the ordered sample {£(;)}i_;. Starting
from (A.5), we then have

;;b&//mm 2D {puf (7). 0(0) |

puf (z,y; )} dx dy

nH(b) nH (a) I(a#b)+(j—1) I(a=b)
<1']Iqé1§iﬁ 72 | Z | Z {1+I(a=0)}+1(i =)
a,b:A(2)0p#{0,1} j=nH (b—1)+ i=nH(a—1)+1

0 et (S ) [ 460] 00 (ot s}

<o S D [ At + S 0D {onf (606) || A=)}

i§5:A(2)2;2;€{0,1} 1<i<niA(2)z;2,€{0,1}

+Op ({10%“ (1/pn) +1og ('5) } "_a/z) ’

where we have chosen IT = (-)"' o II;!, so that II(i) = (Hz_l{z’})_l, with

z
(z’)_1 the rank of &;, from smallest to largest. This choice allows us to match
each §(rg;)) to the corresponding group assignment z; of the ith network
node. To see this, recall from (4.1) that z; = H~'{I1,(i)/n},1 <i < n, and
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from (4.3) and (C.6) respectively that

nH(b) nH(a) I(a#b)+(j—1) I(a=b)

_ 1

A(2)ap = 2 Z Z Az @z g);
ab j—nH(b—1)+1 i=nH(a—1)+1
1 nH(b) nH(a)I(a#b)+(j—1) I(a=b)

P(2)ab = 7z Z Z pnf (fnzl(i)’gnzl(j)> '
ab j—nH(b—1)+1 i=nH(a—1)+1

Note that p(z)e = E {fl(z)ab | 5,2}. Thus we relate each p;; = pnf (&,§;)
to the average A(z).,.; of the block to which it is assigned by 2.

Continuing from (A.6), we appeal to Lemma A.5 to bound the diagonal
term, thereby obtaining

2l / /f¢{o,1} 7' D ot (o1 o)

1-1 7
< (n)n Z png {pw ||A(Z)ZZZJ}+OP ({log (1/pn) +10g (hQV)}n_a/2
2 i<j2A(Z)ziZj ¢{071}

puf (z,y; h)} dz dy

+10g ('5) (pun) ™).

Lemma A.6 yields the denominator of (A.1), and the result follows by taking
the ratio of these terms. O

LEMMA A.4.  Assume the setting of Theorem 3.1. Then for 1 < i,j <

n, (a,b):A(z)q ¢ {0,1}

J i
(A7) n? /j71 /1 P D {pnf (2,9) || A(2)a} dov dy;

=p'D {onf (£6) €0)) || A(z)a } +Op ({1Og (1/py) + log (hz\/)}n—a/Z) .

PROOF. The result follows from a Taylor series of the integrand of (A.7),
which we will show to converge everywhere on the domain of integration, as
long as A(2)a ¢ {0,1}. We begin by noting that whenever f € Holder® (M),

we have from Lemma C.7 that for all (z,y) € (%, %) X (E 1),

n ’'n

+E‘f(n$1, L)~ f (6@'»%’))‘
< M{2_1/2(TL+ 1)}—Q+M{2(n—|—2)}_a/2
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From Markov’s inequality, f (5(2')75(3')) = f(x,y) + Op(n_a/2) for every
fixed (x,y) in the domain of interest. Thus the following Taylor series holds
whenever f € Holder®(M) and A(2). ¢ {0,1}:

(A.8) png{pnf(f(l ) AR ab} = o D {pnf (2, 9) || A(2)an }

|
pnf (l‘,y) (z)a Y
Flos { 1= puf (z,y) A(z)ab } {f (€ay &) — f @)} +op(n™7).

To bound the second term in (A.8), let | = inf o) f(z,7) and u =
Supge(o,1) f (2, ). Since A(2)aa ¢ {0,1}, we may bound the magnitudes of

log A(2)qa,log {1 — A(2)aq } via log( ¢) <log (hv) Then

puf @) 1- A
Bl { L= puf @y)  A)w }

(A.9)

<log {(pul) ™'}

+log {(1 — pnu)_l} + 2log (h2v).

The first two terms in (A.9) are bounded by hypothesis, and then we apply
Markov’s inequality to (A.8). O

LEMMA A.5.  Assume the setting of Theorem 3.1. Then
(A.lO) n_2 Z pEI D {Pnf (527 fz) H A(Z)Zzzz}
1<i<n:A(z)z,;2,¢{0,1}
= 0p ({10g (1/pa) + i 10g (') 0™ .
PROOF. Let | =inf,c( 1) f(7,7) and u = sup,¢(g 1) f (2, ). Since A(2)aa ¢

{0,1}, we may bound the magnitudes of log A(2)4q and log {1 — A(2)aq } via

log( “) < log( ) We bound the expectation of each summand in (A.10)
for1<i<n

B 166 og { 20 ot 1= g (60 o {1 B8

<u {log(pnl)_1 + log (h2v)} + ,0;1 [log {(1 — pnu)_l} + log (hzv)}
= O (log (1/pn) + py, " log b)) .

The result then follows from linearity of expectation and Markov’s inequal-
ity, as per Lemma A.4. O
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LEMMA A.6. Assume the setting of Theorem 3.1. Then

1
o Z Dij +Op(n_a/2).

1 —
n (2) i<j:A(Z)zizj gé{O,l}

// f(z,y) dedy =
F¢{o,1} P

PrOOF. We start by discretizing the integral. We therefore write that

nH(b) nH(a)

[T VD SRS

a,b:A(2)qp#{0,1} j=nH (b—1)+1i=nH(a—1)+1
nH(b) nH(a)

g o ..
YN AT 0 SR S S

A2y #1401} ™" A(2) 00,1} s=nH (b—1)+1 i=nH (a—1)4+1

/; ﬁi {f @9) = f (&) } dedy,

where the latter term may be bounded using the technique of Lemma A.4,
yielding

= Op(n=o/?).

(A.11) ‘ffﬁ{o,l} fley) dedy =32, 5. 4¢)..,. ¢40,1) o

Note Zz’,j:fx(z)zizji{&l} pij = 2 Zi<j:A(z)zizj¢{0,l} pij—I_Zlgign:A(z)ziZjgé{O,l} DPii;
so that

Ep,tn D 1<i<niA(2),s; ¢{01} Pii < nPY B (& &) =0(n).

Applying Markov’s theorem and combining the result with (A.11) then yields
the stated result. O

APPENDIX B: PROOF OF THEOREM 5.1 AND LEMMAS

B.1. Proof of Theorem 5.1. The proofis divided into four steps, with
each the subject of a technical lemma proved in Section B.2.

Lemma B.1 yields the key first step, which is to relate D (p,-j Hflzizj) to
D (py; Hﬁzizj) for any z € Zj,, assuming that A ., ¢ {0,1}. This ensures that
both terms are finite, and hence comparable. To obtain sufficient variance
reduction in this setting, every flzizj must concentrate to its mean p.,.;, in
that the ratio of mean to standard deviation must shrink. The minimum
effective block sample size (th)p/\ must grow quickly enough that this takes
place, even for the sparsest of all possible fitted blocks.
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LEMMA B.1.  Assume conditions 1-8 of Theorem 5.1, and that (hQA),oA =
w(log (th))_ Then

0 SZK]‘:AZZ.Zj ¢{0,1} {D (pi; || Azzy) =D (i Hﬁzzza)}

9loc | 2 k+1
og | 11@1|J_F( 2 )Zpij V2 € 2.
(5)7 i<j

Our next step relies on controlling Pr(A;,.; € {0,1}) uniformly in z, via
Lemma B.2.

LEMMA B.2.  Assume conditions 1-3 of Theorem 5.1. Then
> 1(Azz; €{0,1}) = Op <e—(”2A)PA+log(1/ﬁ) Ziqpij) Vi€ Z

This result shows that the set of all A; . € {0,1} has vanishing relative
cardinality relative to >, <;j Pij,» no matter which z € Zj is chosen. It is a
direct consequence of condition 3 of Theorem 5.1, which ensures that the
minimum fitted block size is uniformly lower-bounded by hy = w(1).

Lemma B.2 has two immediate consequences. First, we may apply it to
conclude that

Zi<j:Azizj¢{0,1} Dij
> i) Pij
Second, it enables us to substitute for the term ZK]-:A ¢{0,1} D (pij ‘ | pzizj)

ZiZj b

(Bl) =14+0p <e_(h2/\)PA+1og(l/ﬁ)) , Vz € Z,.
in Lemma B.1 as follows.

LEMMA B.3. Assume conditions 1-3 of Theorem 5.1. Then uniformly
for all z € 2y,

0= 30D (pij || Paiy) — Zz‘<j:Azizj¢{o,1} D (pij || Pzz;)
— Op <e—(h$)pA+1og(1/ﬁ) e pij) .

Thus whenever all of the above quantities are op(1), we may combine
Lemmas B.1 and B.3 with (B.1) to obtain our first claimed result: for any
choice of z € Z},, deterministic or random, we have that

Yicjids gtoyD (Pl Azizy) = 2ie;D (pig | Pizy)
Zi<j:ﬁzizj¢{0,1} Dij
=0p <w _|_e—(h2A)p/\+log(1/p)>

(B.2)

(5)p
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whenever conditions 1-3 of Theorem 5.1 hold, (hQA) PA = w(log (h2A)) and
the argument of the right-hand side of (B.2) is op(1). Under these condi-
tions, the numerator term of (B.2), when scaled by >, _ ; Pij, converges in
probability to 0 and hence in law, whereas (B.1) converges in probability
to a non-zero constant. Thus by Slutsky’s theorem, their ratio converges in
law, and hence also in probability as per (B.2). Separating terms on the
left-hand side of (B.2), and then multiplying the latter numerator term by
Y ic ;i Dij [ ic ;Pij, we obtain the first result of result of Theorem 5.1, as
stated in (5.1).

We now establish sufficient conditions for (B.2). We see immediately that
(th)p/\ = w(log(l/ﬁ)) must hold. Since Lemma B.1 requires that (th)p/\ =

w(log (hQA)), we obtain the combined requirement
(B.3) hapn = w(max {log hZ, log(1/p)}) < hZpn = w(logn).

To see that this condition will be satisfied if the effective sample size of
every possible fitted block is w(log n), first note that h, < n, and so log h2 =
O(log n) Now observe that because pp < p, it follows that h2 pp = w(log h%)
implies hip = w(loghZ), or equivalently, log(1/p) = o(log(hZ/logh3)).
Since hp < n, this in turn implies log(1/p) = o(log n) Thus h2 pp = w(log n)
implies (B.3) as claimed.

To achieve convergence in probability, (B.2) also requires n?p = w(log | Zk |+

(k"gl)) To simplify this requirement and obtain a sufficient condition, ob-

serve that log |Zi| < nlogk, since Z; C {1,...,k}". Now write (k;rl) =
k2{1/2+ O(1)}, and let h = n/k. From these simplifications we obtain
p = w(log(n/h)/n+h~?), which is implied by h?p = w(max {h?/n,1} logn).

Finally, observe that since the results above hold uniformly over all z €
2., they also hold for z = Z(A, Z), the maximum profile likelihood estima-
tor of z. The following lemma relates this choice to its oracle counterpart
Z(p, Zi)—the best choice of z € Zp—enabling us to strengthen (B.2).

LEMMA B.4.  Assume conditions 1 and 2 of Theorem 5.1. Then it follows
from the arguments of Theorems 2 and 3 of Choi, Wolfe and Airoldi (2012)
that for any z(A, Zi) and Z(p, 2x) as per (4.5) and (4.7),

log| 2, (" Y1og{(5) /(5 141}

0< 3 {D (pij || Pzi2,) — D (pig Hﬁzﬁj)}:(%{

(5)p

log(1/pn) log|Z 18(5)p
—I—Op(—g( /;(g))ﬁg| d (H— 1+10g(2g)k|)zi<jpij).

)
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Since Z(p, Z) results in the minimum value of 3, . D (psj Hﬁzizj), this
difference is nonnegative. Its convergence in probability to 0 when suitably
normalized is due to the maximizing properties of 2(A, Z;) and z(p, Zi).
Thus we conclude that Z(A, Z) serves as an empirical proxy for z(p, Z).

To complete the proof, set z = 2(A, Z;) in (B.2) and combine it with
Lemma B.4. Comparing terms, we see that the latter’s will dominate the
rate of convergence, and so we upper-bound them using h = n/k = w(1),
subadditivity of the square root and the fact that (Z) / (k;rl) < h?. We thus
obtain

Z’i<j:Agiz*j ¢{0,1} D (pij H Aiii’j) — minzez, Zi<j D (pij Hp_zlzj)
> i< Pij

-nlog(%)—i-( %;1) log{fl2 (1+f_f2)} \/2 log(pf\l)2 n log(%) <
(3)p ’ (3)p

—_
[S]e]
|

3
~—v |
st

_nlog(ﬁ)+7——L§- <1+%> log[f_z{1+o(1)}] log(l/p/\)2 log(n/fz)
e N\ sty (o)}

— Op (max B72(1+f7;/n) logﬁ7 max { log(nfi_)/fz) 7 \/log(l/pAfplog(n/h) }] >

72 og h log(n/h log(n/h
max | PO} logh g(m_)/)max{ %,log(l/m)}b

(B.4) _

og R log(1 Azlo n/h
— Op (maX lhgph’\/ g(1/p 31,3 g(/)]>,

where the final line follows because log(n/h) = o(np) is needed for (B.4)
to be op(1), whereas py < p < 1/2 implies that log(1/pn)? > log(2)? =
w(log(n/h)/(np)). Thus we have derived the claimed rate of convergence,
with a sufficient condition being that h?p = w(max {1_12 /n, 1} log? n), since
together h?p = w(logn) and p = w(log(n)®/n) imply that (B.4) is op(1).

To complete the proof of Theorem 5.1, we now re-interpret the above
results under the scaled exchangeable random graph model of (2.2). Lem-
mas B.1-B.4 then hold for every realized value of £, and thus the implicit
conditioning on £ inherent to these results can be removed. Specifically, in
Lemmas B.1 and B.4, we may marginalize (B.7) and (B.12) respectively via
the law of total probability, noting that their right-hand sides do not depend
on . For Lemmas B.2 and B.3, we simply note that the bound of (B.8) holds
for all &.
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B.2. Proofs and auxiliary lemmas needed for Theorem 5.1.

LEMmMA B.1. We write

> {D (pij || Aziz;) = D (i || D2i2;) }

i<jiAzz; #{0,1}

pzl 1 _pziz-
= ) {pm log (A ]>+(1—pij)10g <ﬁ>}
_ Z2iZj 2iZj

i<jiAz;z; #{0,1)

p j 1 _ﬁzizj

= Z Z pij log + (1 —pij)log | —=—

- Azz

a<b:A,,¢{0,1} i€z"1(a), veI
jez=1(b)

_ oy {log@ab) T p”+10g<1_zab> 2 <1—pm—>}

a<b: A, ¢{0,1} b/ e Ha), i€z71(a),
je=1(b) je=1(0)

Pa _ 1 —pa _
= > {log (ii) hgbpab+10g<1_ib>h (1 pab)}

aSb:Aabg{Ovl}

= Z hey D (Pab || Aab) -

agb:Aabg{Ovl}

Since (B.5) is a sum of Kullback-Leibler divergences, it is nonnegative. To
show its convergence when suitably normalized, we appeal to Lemma B.5
below, which implies the following under conditions 1-3 of Theorem 5.1 and
the hypothesis (h2A)p/\ = w(log (th)):

For every € > 0, eventually in n and with 17 /2 approaching arbitrarily
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closely to 1/2,

Pr (maXzeZk zagb;Aabg{m} hi, D (ﬁab H Aab) = Eziq pij)
i k+1y1?
< exp <log|Zk| { Ticipii— ' (3 )} )

23i<; pu+1+ (*37)

(B.6)
max- € 1+ (kL 0}
< e 1 Z 1<JplJ { i<j Pij 1 ( ) >
=~ €xp < og |Zy| — 2%, p”+12+ (k;l)
k+1
log | Z max{ ZKJplj—l ( 5 ),0})
s o (s 20— e 0,
(B.7)

max it M 0
< exp <10g |25l = 2+{1+((Zi1)/{(( ))}}>

where (B.6) follows as €, _.p;; > 0 and (17 /2) (k;'l) > 0 eventually in n,
and (B.7) follows from condition 1 of Theorem 5.1, by which -, . pij(n) >
(3) p(n) eventually in n. O

LEmMMA B.2. We will bound Pr(A.,., € {0,1}) uniformly in z. Observe
that for any 1 < a < b < k, conditionally on any z € Zj, we have by the
arithmetic—geometric mean inequality that

Pr(Agp €{0,1}|Z=2)=Pr(Ap =0|Z =2)+Pr(Adp=1|Z =z)

= H (1- ng) + H ng

i€z71(a), i€z 1(
jez=1(b) j€z~ 1(b)
2 2
(B.8) < (1= p(2)ap)" + (P(2)ap) " .
Conditions 2 and 3 of Theorem 5.1 stipulate that for every pair (a,b)
and every z € Zj, eventually in n, pa(n) < pup(n) < 1 — /pa(n) and

ha(n) < hg(n). Hence (B.8) implies that, eventually in n, for 1 <a <b <k

Pr(Ag € {0,1}|Z = 2) < (1— pp)lr + (1 — /o)
= max Pr (Ag € {0,1}|Z = 2) <2(1 - p) (5,

_ ha
(B.9) = gré%}; I?fjx Pr (AZZ.Z], €{0,1}|Z=2) <2(1— PA)( 7).

Since the conditional probability Pr (flzizj € {0,1}|Z = ) is upper-
bounded by (B.9) uniformly for every value of z € Zj, this same bound also
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holds after marginalizing out Z. Thus, eventually in n,
(B.10) Pr (A, € {0,1}) <2(1 - p) (5,

Applying Markov’s inequality, we see that for any € > 0, eventually in n,

ZH (AZZZJ S {0, 1}) > ezpij < ZZ<] Pr (Azizj S {0, 1})

€ R s P
i<j i<j ZKJ Pij

n ha

< ()20 -0
T € Pij

21 — p)(F)
<=

€p
2exp {~('y)p |
€p
exp {~('y")pn +10g (1/0)}
(¢/2) ’

where the second inequality follows directly from (B.10), the third inequality

follows from condition 1 of Theorem 5.1, by which >, pi;(n) > (5) A(n)
eventually in n, and the final inequality follows from the fact that log{(l —

p) 8 = () 108(1 = pr) < = (') pn. O

LEMMA B.3. First, we express the term of interest as a sum of nonnega-
tive random variables:

Z D (pij Hﬁzlz]) - Z pzy szlzj Z D pzy szlz] ZiZj € {0,1}).

1<j i<jiAzz; #{0,1} 1<j
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To show the claimed convergence in probability, we write

0 <> D (piff| pzz;) LAz, € {0,1})

1<j
= - Z {pij log (ﬁzlzj) + (1 - pij) IOg (1 - ﬁzzzj) } H(AzzzJ S {07 1})
1<j
+ > {pijlog (pij) + (1 = pij) log (1 — pij) } L(A.,, € {0,1})
1<j
< - Z {pijlog (Pzz,) + (1 — pij)log (1 — po,z;) F I(As,z, € {0,1})
= - Z Z {plj IOg ) ) (1 pzy) IOg( ( )ab)} H( 2i2j € {0’ 1})
a<b iez"1(a),
jez=1(b)
- Z hab {p Z)ab IOg (ﬁ(z)ab) + (1 - p(z)ab) IOg (1 - ﬁ(z)ab)} H(Aab S {07 1})
a<b

<Y hiy(log2) [(Ag € {0,1})

a<b
= (log 2) ZH(AZMJ € {07 1})
1<j

The result then follows from Lemma B.2, which establishes that for every

hA o -
under conditions 1-3 of Theorem 5. 1 O

LEMMA B.4. In the notation of Choi, Wolfe and Airoldi (2012), define
for any fixed z € Z,

1<j
= Z(p, Z3) = argmax L(z) = argmlnz D (pij szzzj) )
2€Zy 2E€Zy

1<j

where the implication follows directly from the definition of the “oracle”
MPLE in zZ(p, 2) in (4.7). Thus

0= Z {D (pij Hﬁéiij) -D (pij prifj)} =L(2) - L(2), Z,2€ 2.

i<j

By construction, since z(p, Z;) maximizes L(z) over Z, this difference is
nonnegative. Similarly, from (4.5) we see that Z(A, Zj) maximizes L(A4; z)
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over Zj, and so L(A; 2
0<L(z)—L(2) < L(2) — L(2) + {L(A;2) — L(A; 2)}, z,2€ 2

_( Z) — L(A;2) + L(A;2) — L(2)

|L(2) — L(A; 2)| + | L(4; 2) — L(2)

\_/

L(A;2) > 0. Hence,

(B.11)

IN

)

and so the result will follow from (B.11) if we can show that ‘IZ(Z) — L(A4; Z)‘
and |L(A;2) — L(2)| both converge in probability to zero when suitably
renormalized. We accomplish this in the manner of Choi, Wolfe and Airoldi
(2012, Theorem 2), who establish that max.cz, |L(z) — L(A; z)| /D i< Pij
converges as required. Since this result holds for the maximum over all z €
Z}., then it must also hold for both Z and Zz, and we can therefore apply this
same result twice.

In particular, Theorem 2 of Choi, Wolfe and Airoldi (2012) shows that
for any fixed n, whenever max;; ‘logit Dz Zj| is finite for all z € Z, it holds
that for all nonempty Z; C {1,...,k}" and any € > 0,

B.12) P L(A; >2
(B12) Pr( max |L(4;2) Egpw

< |2l exp [(’z“) log {( (51 +1} = e Xy i
+Z2exp{_z — (GZijij) /2 — }

Z2EZy 1<J Pij |10g1t Dziz; ‘ + (1/3) (6 Zi<]’ pij) max;<; |10glt Pziz; ‘

From condition 2 of Theorem 5.1, we have that each p;;(n) € (0,1) eventually
in n. This implies that max;; |logit Driz; (n)| will eventually be finite for all
z € Zy, and thus (B.12) holds eventually in n.
To simplify the right-hand side of (B.12), we upper-bound ‘loglt Dzizj | via

max; < |1og1t Dziz; ‘ which allows a factor of 3, _ ; pij to be canceled:

P L(A; L > 2 A <2
r ?é%}:‘ z) — L(z)| > G;Z)] < | 24

exp [(kﬂ) log {( )/(kH) + 1} — €D ey pm}
Y e {_ (/2 Sic; Py }

max;<; |logit pzizj‘ + (¢/3) max;; [logit pzizﬂ

Next, we upper-bound max; |10git Dz Zj‘ uniformly in z via
max.ez, {maij ‘logit Dz z;‘} This highlights the importance of bounding
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pi; away from 0 and 1. We may now sum over z € Zj, to obtain

Pr | max |L(4;2) — L(z)| > ZEZpij < | 2]

ZEZy i<j
k+1 n k+1
(€2/2) X, pij
+2 |Zk| eXp{ [maxzegk{maxKJ‘1og1tpzzz ‘}] +(e/3) maxzegk{maxKJ‘logltpzzz ‘} '

Condition 2 stipulates that every p.,.; satisfies pa(n) < pz;(n) < 1 —
pa(n) eventually in n, so

. Dziz; (n) pzlz] (’I’L
= max |max 4 max log [ ————— ] |log
2€2y | i<J 1- Pzz; (n) lezJ (n)

max |max { max lo 1_7/)/\(71) oo [ — (1)
SzEZ}c[i<j { L g( p/\(n) )71 g( p/\(n) >}]
< log{1/pa(n)},

which is finite, as condition 1 specifies that 0 < pa(n) < 1/2 for all n.

Finally, condition 1 of Theorem 5.1 ensures that () p(n) < >, ;i pij(n)
eventually in n. Thus, recalling (B.11), we obtain the claimed result, since
we have shown that for all n sufficiently large,

max { max |logit p,., (n)| ¢ = max { max
2€Zy 1<J 2EZy, 1<j

log < Dziz; (0

pzzzj

Pr | max [L(A4;z) > 2¢
z2EZy | ;pl‘]

< oxp [log |24 + (") 108 { (3)/(*3) + 1} ~ €(3)7]

(5)p €2/2
e {10g 20~ i (e ar) }

< 4dexp {log | 2|

n

+ max [( )log{( )/(k+1) + 1} e(5)p, log(f/,))f) <1+(5/3)6/21/02g(1/p/\)>:| }D
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LEMMA B.5.  Assume conditions 1-8 of Theorem 5.1 and the hypothesis
(th)p/\ = w(log (h2A)), which together ensure that for every z € Zj,
log (h2,) /h2,
min (ﬁaby 1- ﬁab) /\/ Dab

Then for every € > 0, we have eventually in n that

(B.13) =o0(l), 1<a<b<k.

2

{e= 209}

Pr | max Z hzb D (ﬁab H Aab) >e| <exp|log|Z| —

2EZ, y E k+1
F a<biA,,¢{0,1} 2e + 5 ("3)

with 17 /2 approaching arbitrarily closely to 1/2 from above, at the rate given
by (B.13).

PRrROOF. Observe that for any fixed z € Zj, we may re-express
> a<bi Ay ¢ {01} hgb D (ﬁab H flab) as a sum of the terms whose moments will
be bounded by Lemma B.6:

Z hab D pab H Aab Z g abAab z € Z, fixed.
a<b:A,,2{0,1} a<b

Here, setting X,, = hibflab in (B.17) of Lemma B.6, we define g (hgbflab) as

g(hibflab)
_{hub{pablog<p—>+(1—pab)log<1 B )b if b2 Ag, € {1, b2, 1},
o if h2, Ay € {0,h2,}.

By hypothesis, the conditions of Lemma B.6 apply for all 1 < a < b <k

and every z € Z, and so each ¢ (hgbAab) behaves like a chi-square variate

on 1 degree of freedom in terms of its mth moment where m = 1,2, ...

(B.14)

r'(m+1 log (h,) /1,
( 2) 1+ O @ @

2 T \m
E {9 (habAab) } < Nz min (Pap, 1 — Pap) /\/Dab

Controlling the moments of g (hibfiab) enables us to apply a Bernstein
concentration inequality due to Birgé and Massart (1998, Lemma 8). To do
so requires the existence of constants v? and ¢ such that

m!
(B.15) *h" ZE{g h2,Au) }_—2cm—2, m=23,....
a<b
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By hypothesis,

F(m—k%) log (hib) /h2, B P(m—k%)
vw VN et m e | (T e e
< Z + 9,

eventually in n, for every § > 0. Thus we fix v? arbitrarily close to 3/4, and
write v? = 37 /4. To ensure that (B.15) is satisfied for each m, we then let
c=1

We can see from (B.14) that these choices of v2, ¢ yield

k-‘rl _1ZE{ A F(m-l— ) .
g (W3 Ap)"} < ——=2{1+0(1)}, m=2.3,...
a<b ﬁ
r 1
%, eventually in n,

m! _
§7v2cm 2 m=23,...,

I

and thus (B.15) holds eventually in n. Lemma 8 of Birgé and Massart (1998)
then shows that for

Y = Zg (hibflab) ,  with z € Z fixed,
a<b
the following concentration inequality holds for any € > 0:

Pr(v —BY = (}))e) < exp <—M>

v2 + ce

(e—EY)?/2
(B.16) = Pr(Y >¢) <exp <— (k‘gl)zﬂ e EY)) .

Observe that since EY > 0, (B.16) still holds if we replace EY with
an upper bound u, because for any v > EY > 0, the event ¥ —u > ¢
implies the event Y —EY > ¢ andso Pr(Y —u>¢) <Pr(Y —EY >¢).
Thus, we may substitute the eventual upper bound u = (17 /2) (k;rl) >EY
from (B.14) into (B.16), where (17 /2) is arbitrarily close to 1/2. Substituting
(1*/2)(k'51) in place of EY in (B.16), along with the constants v? = 3% /4
and ¢ = 1, we see that for any € > 0, eventually in n,

{e— _(k+1)} /2
3+ {e- 508}

Pr(Y >e)<exp| —
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Simplifying this expression and applying a union bound over all z € Z; then
yields the stated result. O

LEMMA B.6. Let X, denote a sequence of Poisson—Binomial variates,
each with mean ., and define
(B.17)

Ln _ n—jin . _
oy {19 () + 0t (328) %€ 120
0 if X, € {0,n}.

If min (g, n — pin) = w(y/pn log{max (s, n — 1) }), then the moments of
9(Xy) satisfy form =1,2,...

B {g(x)m) < {3 {1 L0 <V b Log {max (p, 1 — W}) } |

NZS min (fin, n — fi)

ProOOF. To simplify notation, we suppress the dependence of X and u on
n throughout; note, however, that m € {1,2,...} is fixed and so does not
depend on n. Using the fact that g(0) = g(n) = 0, we write

E{g(X)"} =) g(k)"Pr(X =k), m=12,. ..
k=0

n—1
= > gk Pr(X = k)
k=1

k1 ko—1 n—1

(B.18) =Y+ Y+ |k Pr(X =k),

k=1 k=ki+1 k=ko

with kq, ko chosen to balance the contribution of the central sum in (B.18)
with that of the tail sums in (B.18):

(B.19a) k1 = max {1, tu — \/Z,u(m +0) log ,uJ } ,

(B.19b) ko = min { {u +/2u(m + 8) log(n — ,u)—‘ ,n— 1}
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for any fixed 6 > 0. Since g(k) > 0 for every value of k, (B.18) implies that

k1 ko—1
B {g(X)"} < {% g(k)’“} STPr(X =k)+ 3 gk Pr(X = K)
- k=1 k=ki1+1

+ { max g(k;)m} niPr (X =k)

ko <k<
S k—ko

ko—1
< {1g}€i)ilg(k)m}Pr(X§k1) t:%:—i_.lg(k)mPr(X:k)
(B.QO)

+ { max g(k‘)m} Pr(X > ks).
ko<k<n
We now bound the two tail terms in (B.20). From the definitions of k; and

ke in (B.19), our hypothesis min (u,n — p) = w(y/plog{max (u,n — p)})
implies that eventually in n,

(B.21a) ki =p—e1, € >/2u(m+06)log(p),
(B.21b) ko =+ e, € >/2u(m+d)log(n — p).

Now recall the standard Chernoff bounds for Poisson—Binomial variates,
which hold for any € > 0:

2
Pr(X <pu—e) <exp <—2€—>,
1

2 —1
Pr(XZ,u—I—e)gexp{—;—u <1—|—§> }

Applying these bounds to X < pu — e and X > u + €3, respectively, we
conclude that eventually in n,

(B.22a)

Pr(X < ky) < p~(m+9),

—1
Pr(X > ky) < exp {—(m + 0)log(n — ) <1 + V2 /108(Z—u)> }

(B.22b) = (n — p)~(m+9) {1 +0 < W) } ,
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with the hypothesis min (u,n — p) = w(\/,u log{max (p,n — ,u)}) implying
that u = w(log(n — u))

This hypothesis also implies that 1 < g < n—1 eventually in n. Since g(k)
is strictly decreasing on 1 < k < p and strictly increasing on p < k <n —1,
we have for m = 1,2,... that maxj<g<g, (k)™ = ¢g(1)™ < (plog )™ and
maxg,<k<n 9(k)™ = g(n — 1)™ < {(n — u)log(n — p)}"™ eventually in n.

Combining these two upper bounds with (B.20) and (B.22), we conclude
that, eventually in n,

ko—1

(B.23) E{g(X)™} <log(w)"u’+ > g(k)"Pr(X =k)
k=ki1+1

+log(n — pu)™(n — p)~° {1 +0 < w> }

As a final step, we bound Z’,?:_kh_l g(k)™Pr (X = k) in (B.23). Recognizing
g(k) from (B.17) as a scaled form of a Bernoulli Kullback-Leibler divergence,
we have by the Taylor expansion of Lemma C.9 that

n(k — p)?
B.24) g(k) < M
(520 9(k) 2pu(n — p)
— — -3 .
' {1 + %mirjfp,sl—u) (1 o min‘?u,g‘—u)) } ) |k B ,u| < mln(,u, n— :u)

Now, (B.21) implies that for all n sufficiently large,
|k — p| < v/2u(m + §)log{max(u,n — )} + 1 whenever k € {ki,...,ko},
and so

k—nl  _

min (p,n —p) ~ 2m+9)

/i log{max(p,n — 1)}
min (p, n — 1)

1
' [1 " 2n(m = 0) log{max(n — u)}]
_0 (\/M log {max(u,n — p)}

(B.25)

" > ) kl é k S k27
min(p, n — )

since the hypothesis min (u,n — p) = w(y/plog{max (u,n — p)}) implies
that 1 = w(logn). From (B.25), we see that this hypothesis also implies
that the Lagrange remainder term in (B.24) is o(1).
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Therefore, we may use the Taylor expansion of (B.24) to obtain the upper
bound

ko—1

S g(k)" Pr(X = k)

k=k1+1
ka—1
2 M " L R o
k:%:H{?M(n—M)} {1+O<min(u,n_lu)>} Pr (X =k)
_J_ . m \/Mlog{maX(,u,n—,u)}
(B.26) —{Qu(n_u)} {1+0< el )}
ko—1
Z (k—p)*™Pr(X =k).
k=k1+1

Noting that each term appearing in the sum of (B.26) is nonnegative, we
see that

ko—1 k1 ko—1
> (k= p)mPr(X <D+ > Z (k—p)>"Pr(X = k)
k=k1+1 k=0 k=ki+1 k=kso

:E{(X—u)2m}, m=1,2,...,

with each E {(X — p)*™} an even-order central moment of the Poisson—
Binomial random variable X.

Shaked and Shanthikumar (1994, Theorem 3.A.37) show that
Y ~ Binomial(n, u/n) is larger than X in the convex order, meaning that
E¢(X) < E¢(Y) holds for all convex functions ¢ : R — R for which the
expectations exist. Since the even-order central moments E(Y — )%™ exist
and are convex for all m = 1,2, ..., it follows that

E{(X—M)Qm}gE{(Y—,u)zm}, m=1,2,...,

where X is the Poisson—Binomial variate under study and the random vari-
able Y ~ Binomial(n, u/n) has a matched mean.

As observed by Romanovsky (1923), the central moments of the Binomial
distribution admit a recurrence relation that allows each of their leading-
order terms to be expressed in closed form:

E{(Y = ©)*"} = (2m — D! (var V)™ {1 +0 ( ! )}

varY

with
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pln =10
_ {mZX(uvn—u)

varY =

} min (1, — p)
= O (min (g, n — p)).

Thus we have from (B.26) that

ko—1
2 . B n m Vv log{max(u,n — p)}
> (k) Pr(X—k)S{T(n_M)} {1+O< min(u, n — j1) )}

k—ky 41
. {(gm_ 1 {W}m {HO <m> H
om min(p, n — p)

where the combination of the O(:) terms follows because u = w(logn) is
implied by the hypothesis that min (p, n — p) = w(/plog{max (u, n — p)}).
Finally, combining (B.23) with (B.27), and noting that (2m — 1)!!/2™ =
I'(m + 1/2)/\/m, we obtain for any choice of § > 0 and every fixed m =
1,2,... that

E{g(X)"} <log(u)™ N min(p,n — )

+log(n — u)™(n — p)~° {1 +0 < w> }

eventually in n. To complete the proof, observe that 4 > 0 can be chosen
for each m such that the terms log(p)™p~° and log(n — p)™(n — )~ tend
to 0 arbitrarily quickly in n, thus yielding the theorem. O

m s, Lm+1/2) {1 o <mog{max<u,n B u)}> }

APPENDIX C: PROOF OF THEOREM 6.1 AND LEMMAS
C.1. Proof of Theorem 6.1.

PROOF. Recall that our aim is to establish (6.3), which asserts that
mingez, Y, D (0ij || Dazy) = Op({n™* + (n/hy) 72} - 32 pij). We will
do so by upper-bounding this risk in terms of a random community assign-
ment vector Z* that depends on the ordered sample {{; }7; of Uniform(0, 1)
variates that index the graphon f. Convergence of this ordered sample to
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the lattice (n +1)7!(1,...,n), coupled with the uniform continuity of f, as
enforced by a Holder assumption, will yield the result.

We proceed as follows. Let z* be any minimizer of . _ ;D (pij H ﬁzizj)
over the set Z of admissible blockmodel assignment vectors, and define
zZF = Hk_i* (i)~'/n}, with (i)~! the rank of & from smallest to largest.
Thus z* = H, ; o ()71, and therefore by construction, condition 3 of the
theorem ensures that z* € Zj, for any z* € Z;. Hence we have the following

upper bound:

1<J

2EZy,
k2<j

ﬁz;z;) B ZD (p(i)(j) Hﬁéﬁ')é?j)) :
i<j

with equality stemming from the fact that the sum over all ¢ < j is invariant
to permutation, and hence we may re-order it in accordance with the ordered

sample {§(i)}?:1.
Conditions 1 and 2 of the theorem then imply that Lemma C.1 holds,
thereby completing the proof. O

C.2. Auxiliary lemmas needed for Theorem 6.1.

LemMmA C.1. Ifr, — 0 in Lemma C.4, then

2i<iD (P(z')(j) ( 172(02@)
Dicj Prf(&ir&5)

ProOOF. This follows from via Slutsky’s theorem, after combining the
results of Lemmas C.2 and C.3:

(g)_l Dici f &, &) = [fioy f (@,y) dudy + Op(n~112),
{on (g)}_l >icj D (p(i)(j) ‘ ﬁz(i)z(i)) =0p(r2).

Since the denominator term converges in probability to a constant, it also
converges in law. Thus by Slutsky’s theorem, the ratio converges in law to
a constant, and hence it also converges in probability. O

= Op(r%).

LEMMA C.2. Let f be a symmetric measurable function on (0,1)% with
bounded magnitude, and let {&}7_, be a random sample of Uniform(0, 1)
variates. Then

(g)_l Zi<j f (6276]) - ff(071)2 f (a:,y) dx dy + Op(n_1/2)'
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PROOF. The result follows from Chebyshev’s inequality. We obtain the
necessary moments as

E (,21)—1 Zi<j f (fi,fj) = ff(o@)z f(z,y) dxdy,
(C.1)
var (5) 2 F & &) = (5" Dici 2ok oV {f (&, &) f (& &)}

Since |f (x,y)| is bounded by hypothesis, |cov {f (&,&;), f (€. &)} is also
bounded. Furthermore, since elements of {&1,...,&,} are independent, any
individual covariance term appearing in the sum of (C.1) can be nonzero
only if (i =k)U(i=10)U(j=k)U(j=1). Thus we conclude that

var (g)_l >ici I (&&5)
= 0(() 7 Loy Tuat (TG =R) + TG = 1) +1( = k) +1( = D)}

The right-hand side of this expression is (’)(n‘l), and so Chebyshev’s in-
equality yields the result. O

LeMmmA C.3.  Whenever r, — 0 in (C.3) from Lemma C.4, we have that
-1 _
(D)} Zies D (pa) || P22 ) = 0r (1)

PrROOF. The result follows by combining Lemmas C.4 and C.8. From
Lemma C.4, we have directly that

o' D (ps) || P00 ) = o2 DB ] uf (o €0)) } + O (72)
under the hypothesis that r, — 0, and thus
-1 _
{on(3)} 2ig; D <p(i)(j) ‘ pf(i)f(i))
n -1 -
={m(3)} Zic; DApayo) || on €y €0) } + Op (r7)

= {pa ()} Yici D{onf (&, &) || pnf (&)} +Op (r7),

after re-ordering the sum and applying the identity p;; = pnf (&,€;). The
right-hand side of this expression is treated by Lemma C.8, which shows
whenever maxi<q p<i Agp = 0(1) in (C.20) that

(C2) {on(3)} "B D {pnf (& &) || S (€ ))}

1<j

_ prnM? (V2 maxi<,<p, ha/n)2a {1+0(1)}
ming <<k {m0in (ppfapr L = pnfar) )
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Since (C.21) of Lemma C.8 upper-bounds each A, by the ratio of terms
pnM (V2maxg he/n)"/min (pnfap, 1 — pnfap), We see that Ay, = O (ry,),
and so the hypothesis r,, — 0 is sufficient to imply that max,, Ag, = o(1).

We also see that the main term in (C.2) is O (r,%), since the quantity
minlga,bﬁk {min (fab7 pr_zl - fab)} < SUP(z,4)€(0,1)2 f (337 y)v and thus after
applying Markov’s inequality via (C.2), we obtain the result. ]

LEMMA C.4. Let f be a symmetric Holder™ (M) function on (0,1)%, with
f(z,y;h) = f_H—l(m)H—l(y) its stepfunction approzimation, and let {§; }i,
be an ordered sample of independent Uniform(0,1) random variables. As-
sume pp, > 0 and 0 < p,f (z,y) < 1 everywhere on (0,1)2. Then for any
Z such that TI; = (-)~1, with (i)~! denoting the rank of & from smallest to
largest, we have

o' D (P || Py ) = o DB || ef (o €6)) } + O (72)

whenever

na/2 ne

pn M 2072 {21“ | 2maxicack ha)a+1+2aﬂ(5<i>=5<j))}

— 0.

C3 n — . . r r
( ) " ming<q p<k {mln (Pnfaba 1- pnfab)}

PrROOF. We apply Taylor’s theorem, after first establishing via Markov’s
inequality that
_ Pzoze — pnf(f(i)vé(j))

min {pnf (£ €)1 = Puf (€02 €0))

To show (C.4), we lower-bound the denominator of ¢,, and then apply
Lemma C.5 to upper-bound E |4,

(C.4) S = Op (ry).

Pn

p;lﬁg(i)zm - f (g(i)’f(j))‘

minlga,bgk {mln (pn.faba 1- pnfab)} B

Tn.

E |5, <E

We now apply Taylor’s theorem to expand D (p(i)(j) ‘

v ﬁg(i)g(i)) as a func-
tion of ¢, about the point p, f (f(l),f(j)) Writing ﬁ(z)(]) for pp f (f(l),f(j)),
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we have that if r,, — 0, then

ﬁé(i)é(i) - 5(2')(1')
PGy (1= Piyi))
1 _ _ Pzoiw —P@G) | 2
+= 3oy (1= 2D ) + Pl {: o } +op (pnry)

5 { @ ( () ()(a)} oo (L po0) (
PGi)G) — P(i)() 5. 4 P00 (1= 2p0)(5) + Dy )
(Boyi» 1 =Poyg) 2 {max (B, 1 — D) -

D (P || P20z ) =P (i) [1P00)| = | B = pors)

o2 + op (par2)

(C.5)
< 20, M (V2maxi<a<i ha/n)" [6n] + 3pn SUD(3 410,12  (2:9) 05 + 0p (pur7) |

where the terms in (C.5) follow because, by Lemma C.6, |ﬁ(i)(j) — p(i)(j)| <

pnM (\/imaxlgagk ha/n)a, since f € Holder™(M); also, since 0 < p;(j) <
1, we have that |1 — 25(i)(j)‘ / max (ﬁ(i)(j), 1 —ﬁ(i)(j)) < 1; and likewise we
have max (ﬁ(i)(]—), 1 —ﬁ(i)(j)) > 1/2. Since f € Holder®(M) is bounded by
hypothesis, the right-hand side of (C.5) is Op (p,r2). The lemma follows
from multiplying both sides of (C.5) by p; 1. O

LEMMA C.5.  Let f be a symmetric Holder™(M) function on (0,1)2, and

let {()}izy be an ordered sample of independent Uniform(0, 1) variates. Let
pn > 0 and define for z; = H-H{IL,(i)/n}:

(C.6)
1 nH(b) nH(a) I(a#b)+(j—1) I(a=b)
P(2)ab = 2 Z pnf <£H;1(i)’£ﬂz’1(j)) ’
ab j—nH(b—1)+1 i=nH(a—1)+1

Then for any  such that Iz = (-)~1, with (i)~! denoting the rank of & from
smallest to largest, we have

(C.7) E

pv_zl pf(i)f(j) _f (g(i) ) 5(j)) ‘

< M2a/2 21_a+2(maX1SaSk ha)a+1+2aﬂ(§(l):2(])) .
no/2 no

PROOF. Define the k x k matrix f such that p'5(2)es = f(2)ap +
Op (n‘a/2) when f is a-Holder:
(C.8)
nH(b) nH(a) I(a#b)+(j—1) I(a=b)
. 1 {1} m{o)!
f(z)ab:h_Q Z Z f< i+1 }’ £+1 }>

ab j—nH(b—1)+1 i=nH(a—1)+1
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Note that f(2) is deterministic, since the set of admissible Z has been chosen
such that ITI; ' {(i) ™'} =i for all 1 < i < n. We will then obtain our claimed
result by bounding the expectation of

(C.9)

P Dy — F (5(,-),5(]-))‘

< + fz(i)z(j) — f (in, Jin)

1 - = . . =

We begin with the final term in (C.9), for which Lemma C.7 immediately
yields
(C.10)

E | (insdn) = F (£ €0)) | < M {2(n+2)} 2 42M (V2 maxi<ack ha/n)" -

Next we consider the first term in (C.9). To bound its expectation, note
that both p; ! p(2)ep and f(Z). are averages over the same subset of indices
(2,7). From (C.6) and (C.8), we then have that

E pglp(é)ab - f(é)ab

(C.11)

1 nH(b) nH/(a)l(a#b)+(j—1)I(a=b)

S > E|f (60 60) — (751 757)|

ab j—pH(b-1)+1  i=nH(a—1)+1

(C.12)
<1-M{2(n+2)}7%2,

with the final inequality following again from Lemma C.7. Since (C.12) holds
uniformly over all Z and every 1 < a, b < k, we have bounded E ‘p;l P22y —
Fawzg ]

It remains only to bound E ‘fg(i)g(j) — f(zn,jn)| We will do so using the
following deterministic upper bound, which we prove below, and which holds
uniformly over all Z and every 1 < a,b < k:

(C.13)
FEap — FRap| < M{V2/(n+ 1)} + M (V2he/n)" (he — 1) 1(a = b)
(C.14) < M2 p={142°T(a=b)}.

Here the second inequality following because, by definition, any H(-) has
minlgagk ha > 2.
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Lemma C.10 yields (iy, jn) € wz, 5, for any Z; thus fg(i)g(j) = f (in, Jn),
and so if (C.13) holds, then it applies to |f5(i)2(j) - f(Zn,jn)‘ Finally, sum-
ming (C.10), (C.12) and (C.14) to obtain (C.7) completes the proof.

To establish (C.13), let i, = i/(n+ 1), and multiply f(2)4 from (C.8) by
1 =n?/n? to obtain

9 nH(b) nH (a) I(a#b)+(j—1) I(a=b)

T n 1 .
f(z)ab:h_% Z Z <m>f(zmjn)y1§a<b§k,
b j=nH((b—1)+1 i=nH(a—1)+1
n2 nH(b) nH(a)I(a#b)+(j—1) I(a=b) % i
=57 </31 /i1 dwdy) f (in, n)
ab j—nH(b—1)+1 i=nH(a—1)+1 DT
(C.15)

9 nH(b) nH(a) I(a#b)+(j—1) I(a=b)

7 X D

ab j—nH(b—1)+1 i=nH(a—1)+1
(C.16)

/ / (z,y) +{f (in, Jn) — f (z,9)}] dzdy.

From (C.15) we will obtain the left-hand side of (C.13), plus a remainder
term when a = b, by writing

(C.17)
B n2 nH(b) nH (a) I(a#b)+(j—1) I(a=b)
f(g)ab_h_g Z / / f(z,y) dxdy
ab j— =nH(b—1)+ i=nH(a—1)+
H(b) H(a)
hhb/ /(alf ) do dy a#b
= f(g)ab_ nH(b

y y
/ —/_ f(x,y) dedy a=0.
H(a—1) i1

n

|
2 j:nH(b—1)+1 n

We recognize the first case in (C.17) as f (Z)ab,azb- Since f is symmetric, the
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Y n2 [y o
/H(b—l)_@/%] fla,y) dedy

second case can be written

o £ Ll %)

j=nH(b-1)+

nH(b)
- 1 2n? 2n
— FEm+ / / f (2,y) du dy
(2w o1 nH§b:1 B P v - (z,9)
1 1 nH(b
=fEw+——=fE)w— — on? / / f(z,y) dedy
hy — 1 hp
j= nH(b 1)+
1 1 nH(b) i y
_ f(3 e 2 " (s _
R TS DY / / {Fw— f (29)} drdy|
j=nH(b-1)+1 n n

Since f (z,y;h) = f(Z)w on the domain of interest wy, = [H (b — 1), H(b))?,

we conclude

1 nH(b

h_b 2n / /1 bb— (.Z',y)‘ dxdyf 1-1- Hf_f‘wbeLoo(wbb)
j= nH(b 1)+

<M (V2hy/n)",

with the latter inequality from (C.19) of Lemma C.6, since f € Holder®(M).
This yields the upper bound term in (C.13) specific to a = b. To derive the
main term in (C.13), we return to (C.15), noting from Lemma C.7:

n? nH(b) nH(a) (a;ﬁb +(—-1)
w2 Z / / {f (in,jn) — [ (z,9)} ddy
ab j—nH(b—1)+1 i= nH(a D+1
1 nH(b) nH (a) I(a#b)+(j—1) I(a=b)

<o D

ab j— nH(b 1)+1 i=nH(a—1)+

/ / (insgn) = f(z,y)| dody

SlivM{/7n+D}.

O

~ LemMA C.6.  Let f be a Holder™ (M) function on (0, 1)2, with f (z,y; h) =
TH-1(2)H-1(y) its stepfunction approzimation. Then for all 0 < p < oo,

I1f = fllL, 0,2 < M (V2maxi<o<k ha/n)"
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PROOF. Let wy = [H(a—1),H(a)) x [H(b—1),H(b)) C (0, 122, and
denote by flu,, the restriction of f to wg,. By the definitions of f,, and
(@),

Fup— F )] \,%,//% P of) del dyf — ()|, () € (0,1)°

= Fe s @l < oo [ 1) - @] afa ) e

_ 1
= Hf — [low Loo (@ap) < m//w b |f (g;’7y’) — f(a:,y)! do’ dy', (x,y) € wap
(C.18) < i”b | / / ) - @[, () €

since |f(33,y) - f($/7y,)| < M|($7y) - ($l’yl)|0l = M{(ﬂj‘ - x,)z + (y -
y")2}%/2 holds on (0,1)2.
To simplify (C.18), note that the diameter Sup(x ), ) ewn | (T Y) — (2, 9)]

of the rectangular domain wy, evaluates to |/h2 + h} / n, where h, = H(a)—
H(a —1). Thus (C.18) implies

(C.19) 1 = Floas

and so we immediately conclude ||f — f|| Loo((0,1)2
Thus for any 0 < p < o0,

17~ 11 o = | / — ()| dody

< — P :
</ /(071)2{Hf Pl )7 dody

<M ( h§+h2/n)a, 1<a,b<k,

< M (V2max, hq /n) .

Loo (wab)

O

LemmMa C.7. Let f be a Holder® (M) function on (0,1)?, and let {& Y,
be an ordered sample of independent Uniform(0, 1) random variables. Then,
recalling that By = i/(n + 1), we have for 1 <i,j <n:

E|f (§0:80) — F (i 7)< M7 {200+ 2}, 0<B<2;
E ‘f(f(zﬁg j ) - f(nil’ %4_1 ‘ < M{z(n + 2)}—@/2 +2M (\/imaxlgagk ha/n)a,

where f(x,y;h) = fy- H@)H-1(y) is the stepfunction approximation of f.
Furthermore, we have for 1 <i,5 <n that

PG ) — Faw)| < MV}, (o) (5 5)< (54 4).
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PrOOF. Let i, = E¢;) = i/(n + 1). Since f € Hélder®(M), it holds
everywhere on (0,1)? that

|f (6(1)75(])) B f(%n]n)‘ﬁ < {M ‘(5(2)76(])) - (inyjn)‘a}ﬁa 1<i,5<n,

where |-| is the Euclidean metric on R?. By Jensen’s inequality, we have for
any 0 < a8 < 2 that for 1 <i,j <n,

E {(€w — in)? + (€g) — 3277 < (var €y + var &) ™% < {2(n + 2)} 772,

with the latter inequality via var ;) = i, (1 —i,)/(n +2) < (1/4)/(n + 2).
This proves the ﬁr_st result. For the second, we use Lemma C.6 and a chaining
argument, since f is piecewise-constant on blocks:

| (€ay-E)) = £ lins )| < |(F = f) (Cys €) | + | f (€ysE65)) — F (ims Jin)|
+[(f - f) (Zn,Jn)\
< |f( 5(] ) I (in, |+2M (\/_maxl<a<kh /n)
Finally, f € Holder® (M) implies for (z,y) € (Tl, %) (%1, %) the uniform
upper bound for 1 <i,j < n:

1f (i) — f ()| < M Cswp {2+ G )
@ye(5EL)x(55.2)

o o (LS

LEMMA C.8. Let f be a symmetric Holder™(M) function on (0,1)2, with
stepfunction approzimation f (x,y;h) = fTH—l(x)H—l(y), and let {§iy i, be
an ordered sample of independent Uniform(0,1) random wvariables. Then
whenever p, >0 and 0 < p, f (z,y) < 1 everywhere on (0,1)2,

~

(€20) {pu(3)} " EBe S D {puf (€,&) || uf (61,6}

i<j
W M2 (V2 weh ha/n)" 2 1424,
> N P (\/_I.naXIS—Sk /n) max |:1 + Aab {1 + - ki b3 }:| )
ming<q p<i {mm (,onfab, pnfab)} 1<a,b<k 3 (1—Agp)

where for f|,,, the restriction of f towqs, = [H(a — 1), H(a))x[H(b—1),H(b)),
we define

(C.21) )
Pn Hf|wab o ffleLoo(wab) < pn M (\/Emaxlgagk ha/n)a

A = _ = — —
7 min (pnfup L= pufa) ~ min (pnfup L — pufas)

1<a,b<k.
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PROOF. Since {;}7; is a random sample of Uniform(0, 1) variates, and
f is symmetric, we have

(€.22) {pa(D)} " Ee > D {pnf (&.6) || af (€:,))}
1<j
= //(0/9321 D {pnf(@,9) || pnf (2,y)} dxdy.
Let p = pof and § = p,(f — f) pointwise on (0,1)%, in order to apply

Lemma C.9 to the integrand of (q22), and define the following ratio: Ay, =
Pn Hf’wab — fabHLoo(Wg,b) / min (pnfab, 1— pnfab). We may then write

// P D {pnf(@,9) || pnf (2,y)} dedy
(0,1)2

_ZZ//W pnlD{pnf(:Evy) Hpnfab} dﬂj‘dy

a=1 b=1

7 |12
<ZZ// _1‘pnf x y) pnf_tlb| |:1+Aab{1+gl+7mab}:| dx dy

a=1 b=1 Wab fn 2pnfab 1 - pnfab) 3 (1 — Aab)g
1+ Ay {1 + § At } -
< max a p _
1<a,b<k 2pnfab ( pnfa ) n L2((0,1)2)

Our final step is to control the norms || f.,, — fabHLoo (@) and || f— f||L2 (0,1)2)

in this bound. To do so, we apply Lemma C.6, which asserts that whenever
f € Holder® (M), we have for all 1 < a,b < k that
(C.23)

[ loas = Fall 1 ) < N1 = Fllaqo,2) < M (V2maxi<azy ha/n)"

The result follows from (C.23), since by hypothesis max (pn Farr 1 — puf, ab) >
1/2 for every (a,b), and so

pn“f - fH%Q((O’l)Q) < pn“f - f||%2((0’1)2) < pnM2 (\/imaxlgagk ha/n)m

2pnfab (1 - pn.fab) ~ min (pn.faba 1- pnfab) N min (pN.faba 1- pnfab)D

LEmMma C.9. Consider the Bernoulli Kullback—Leibler divergence quan-
tities D (p||p+96) and D (p+ || p), where 0 <p <1l and —p <6 <1—p
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If |6| < min (p,1 — p), then the following bounds hold:

52
D(p||p+5)—m Z2 B ( B B >—3
82 /{2p(1-p)} = 3 min(p,1-p) min (p,1—p) ’

52
D(+6119)- 5515 ol ) 216] ol )7
Ppi-p) = min(p,1-p) {1 *3 (1 + min(pvl—m) (1 a min(l’vl‘m) }
Now consider py, f,g > 0 such that 0 < puf,png < 1. Then |f —g|* <

21 D (puf | png)-

PRrROOF. The first result follows by manipulating a Taylor series expansion
of D(p||p+ 0) using the Lagrange form of the remainder. For some §’,§”
satisfying 0 < [0'| < |d] and 0 < |§”| < ||, we have

(C.24)
11 -3 I\ —3
et {2 oY)

62
D(pllp+9) = 5= pip max (p,1-p)

The first result then follows by controlling the scaled difference of the re-
mainder terms appearing in (C.24), both of which are non-negative. We
upper-bound this difference by the maximum of these two quantities, writ-
ing

5//
1 —

D))

< {max(p,1- )} {1161 /min (p,1 - p)}

The second result follows similarly, by manipulating a Taylor series expan-
sion of D (p+ 4| p).

The final result follows from rewriting D (p, f || png) as D (pn(g + d) || png),
with d = f—g. We first bound the second derivative of D (p, (g + d) || prng) in
d below by p,,/ f, and then integrate twice, using that D (p,(g + d) || png) = 0
if d=0. ]

max{p2(1 —

-3

Lemma C.10.  Let i =i/(n+ 1) and j, = j/(n +1). Then (in, jn) €
Wa;b;, where a; and b; are defined by

a;=H1'(i/n), bj=H'(j/n), 1<ab<k 1<ij<n.

PROOF. From the definition of a; we may directly compute

H{a;} = H{H_l (i/n)} :n;inléi/n)vki {: i/n if Y% he =i,
Z oy “N=G+1)/n if S ha # .



50 WOLFE & OLHEDE

We also have that
H(a;—1)=H{H ' (i/n) -1}
min{ H=1(i/n)—1,k )
A R\ 3y eI}
<@ —2)/n if XU hy #i— 1.

We have by definition that w,,;;, = [H{H ™ (i/n) -1} ,H{H ' (i/n)}) x
[H{H ' (j/n)—1} ,H{H ' (j/n)}). Since H(-) and its inverse H !(-) are
non-decreasing functions, it follows that H {H ! (i/n)} >i/n >1i/(n+1) =
in. Thus the claimed upper bound is respected. Furthermore, for the lower
limit, H {H"'(i/n) =1} < (i —1)/n < in, as (i —1)/n < i/(n+1) =
in < 1 < n+ 1. Thus the claimed lower bound is also respected, and so by
symmetry, we conclude that (i, j,) € Wab; - O

=n! Z ha

a=1
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