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Abstract

Given a graph and an integer k, Densest k-Subgraph is the algorithmic task of
tinding the subgraph on k vertices with the maximum number of edges. This is a fun-
damental problem that has been subject to intense study for decades, with applications
spanning a wide variety of fields. The state-of-the-art algorithm is an O(n'/4+¢)-factor
approximation (for any ¢ > 0) due to Bhaskara et al. [STOC "10]. Moreover, the
so-called log-density framework predicts that this is optimal, i.e. it is impossible for
an efficient algorithm to achieve an O(n!/4=¢)-factor approximation. In the average
case, Densest k-Subgraph is a prototypical noisy inference task which is conjectured
to exhibit a statistical-computational gap.

In this work, we provide the strongest evidence yet of hardness for Densest k-
Subgraph by showing matching lower bounds against the powerful Sum-of-Squares
(S0S) algorithm, a meta-algorithm based on convex programming that achieves state-
of-art algorithmic guarantees for many optimization and inference problems. For
k < n2,we obtain a degree n® SoS lower bound for the hard regime as predicted by the
log-density framework.

To show this, we utilize the modern framework for proving SoS lower bounds
on average-case problems pioneered by Barak et al. [FOCS "16]. A key issue is that
small denser-than-average subgraphs in the input will greatly affect the value of the
candidate pseudoexpectation operator around the subgraph. To handle this challenge,
we devise a novel matrix factorization scheme based on the positive minimum vertex
separator. We then prove an intersection tradeoff lemma to show that the error terms
when using this separator are indeed small.
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1 Introduction

In the Densest k-Subgraph problem, we are given an undirected graph G on n vertices and
an integer k and we want to output the subgraph on k vertices with the most edges, or in
other words, the subgraph on k vertices with the highest edge density. This is a natural
generalization of the k-clique problem [Kar72] and has been subject to a long line of
work for decades [FST97, SW98, FPKO01, FL01, AHI02, Fei02, Kho06, GL09, BCC* 10, RS10,
AAMT11, BCG*12, Barl5, HWX15, Amel5, HWX16, BKRW17, Man17, BA20, KL20]. This
problem has been the subject of intense study partly because of its numerous connections
to other problems and fields (e.g. [HJ06, HJL"06, KS07, Pis07, KMNT08, AC09, CHK11,
HIM11, LNV14, CMVZ15, CL15, CLLR15, SFL16, CZ17, TV17, Leel7, CDK*18, MWZ23])
The best known approximation algorithm for this problem yields an approximation factor
of O(n'/4+¢) for any constant ¢ > 0, due to [BCC*10]. On the other hand, it is conjectured
that no efficient algorithm can achieve an O(n'/4=¢) approximation.

Densest k-Subgraph is a compelling problem because random instances (Erd6s-Rényi
graphs) are conjectured and widely believed to be the “hardest” instances for algorithms.
In fact, the insight that “worst case is average case” was crucial to the aforementioned
algorithm in [BCC™10]. Their idea of going from average-case instances to worst-case
instances was generalized into the log-density framework (more in Section 1.2), which has
been further applied to various other problems [CDK12, CDM17, CMMV17]. Since an
algorithm for random instances seems to be the crucial conceptual step needed to solve
the problem on all instances, understanding these random instances is a pressing topic.

As stated in [BCC 10, BCG"12, BKRW17, Man17], Densest k-Subgraph on a random
graph is a landmark question in the field of average-case complexity. Moreover, the
conjectured hardness of this problem on random instances (which is the focus of our
work) has been used for applications in finance [ABB"10] and cryptography [ABW10].
However, evidence of hardness for Densest k-Subgraph stands to be improved, both in
the average-case and worst-case settings. For example, even in the worst-case setting, no
work has been able to show that Densest k-Subgraph is hard to n®-approximate for a fixed
¢ > 0 using any reasonable complexity-theoretic assumption (although some works come
close, see Section 1.4). In the more interesting average-case setting of random graphs,
relatively little progress has been made to justify hardness, let alone match the log-density
framework.

In this work, we study the hardness of Densest k-Subgraph on random graphs
through a generic, powerful algorithm for optimization known as the Sum-of-Squares
(S0S) hierarchy [Sho87, Nes00, Par00, Gri01, Las01]. The SoS hierarchy is a family of
semidefinite programming relaxations for polynomial optimization problems which im-
plements a certain type of “sum-of-squares reasoning”. Arguably at the center stage of
average-case complexity in recent years, SoS has proven to be a highly effective tool for
combinatorial and continuous optimization. Indeed, the SoS hierarchy is rich enough
to capture the state-of-the-art convex relaxations for Sparsest Cut [ARV04], Max-Cut
[GWO5], all Max k-CSPs [Rag08], etc. Sum-of-Squares has also led to new algorithms for
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approximating CSPs [AJT19, BBK21, BHKL22] and breakthroughs in robust statistics
[KS17, HL18, RSS18, KKM18, Hop20, BP21, BK20], a highlight being the resolution of
longstanding open problems in Gaussian mixture learning (over a decade of work culmi-
nating in [BDJ 720, LM21]). Moreover, for a large class of problems, it has been shown that
SoS algorithms are the most effective among all semidefinite programming relaxations
[LRS15]. Therefore, understanding the limits of SoS algorithms is an important research
endeavour and lower bounds against SoS serve as strong evidence for algorithmic hard-
ness [HKP*17, Hop18, Kun21].

In this paper, we prove that for k < n?,S0S of degree n° does not offer any significant
improvement in the conjectural hard regime of random instances for Densest k-Subgraph
as predicted by the log-density framework. This settles the open questions raised in
the works [BCG™12, Raj18, CM18]. Considering that the algorithm of Bhaskara et al.
[BCC"10] matching the log-density framework is captured by SoS, our lower bound

completes the picture of the performance of SoS for Densest k-Subgraph for k < n.
This gives solid evidence that the conjectured approximability thresholds for Densest
k-Subgraph are correct.

1.1 Owur contributions

We will now describe our results on SoS lower bounds for Densest k-Subgraph that match
the predictions of the log-density framework (to be described in Section 1.2).

Consider the following hypothesis testing variant of the Densest k-Subgraph problem.
For an integer n and a real p € [0, 1], let G , denote the Erdés-Rényi random distribution
where a graph on n vertices is sampled by choosing each edge to be present independently
with probability p. For parameters n,k € IN and p,q € [0,1], we are given a graph G
sampled either from

1. The null distribution G, , or

2. The alternative distribution where we first sample G ~ G, then a set H C V(G) is

chosen by including each vertex with probability %, and finally we replace H by a
sample from G|y, 4.

and our goal is to correctly identify which distribution it came from, with non-negligible
probability.

The hypothesis testing question is a “planted model” of Densest k-Subgraph which is
conjectured to exhibit a statistical-computational gap [BB20, BBH " 20]. With high probability,
for g slightly larger than p, the subgraph H in the alternative distribution is truly the densest
subgraph of G with size k (hence the null and alternative distributions are statistically
distinguishable), but it is conjecturally computationally impossible to distinguish the two
cases (in the parameter regime below).



Studying algorithms for this hypothesis testing variant was crucial to the log-density
framework [BCC"10], which both generalizes an algorithm for the hypothesis testing
variant into a worst-case algorithm, and predicts the relationships between n,k, p,q for
which the hypothesis testing problem is hard. In particular, consider the setting

k = n?, p:n_ﬁ, q:n_)/

for constants a € (0,1/2],8 € (0,1),y € (0,1), a notation that we will use throughout this
paper. According to the framework, it’s algorithmically hard to solve the problem if

y>ap

That is, in this regime, no polynomial-time algorithm can distinguish the two distributions
with probability at least 2/3 of success.

To state our result, we recall that the SoS hierarchy is a family of convex semidefinite
programming relaxations parameterized by an integer Ds,g called the degree or level of SoS.
The relaxation gets tighter as Ds,s increases but the runtime also increases at the rate? of
approximately n9(Pses) for degree Ds,g SoS. Thus, conceptually degree O(1) corresponds
to polynomial time, and degree n® to subexponential time algorithms. In this work, we
study the performance of degree Dg,s = n° Sum-of-Squares on the Densest k-Subgraph
problem for a constant 6 > 0 and obtain strong lower bounds.

Because of the well-known duality between SoS programs and pseudo-expectation
operators, to show a lower bound, it suffices to show a feasible pseudo-expectation oper-

ator E satisfying the constraints. For a formal definition of SoS, see Section 2.1. We are
now ready to state our result.

Theorem 1.1. For all constants a € (0,1/2], € (0,1),

1),y € (0,1) such that y > ap, there
exists 6 > 0 such that with high probability over G = (V,E) ~ Gy p, there exists a degree n
E (

o

pseudo-expectation operator E on SoS program variables {X,},cv such that

1. (Normalization) E[1] = 1 +0(1).

2. (Subgraph on k vertices) E[Zvev Xo] = k(1+0(1)).
3. (Large density) IE[Z{M e XuXp] = Tq(l +0(1))

4. (Feasibility) The moment matrix M corresponding to E is positive semidefinite.

'When a > %, i.e. k = w(+/n), spectral algorithms beat the log-density threshold [BCC*10, KL20].
Spectral algorithms are captured by degree-2 SoS. Various works have also studied other special settings
(e.g. when g = 1, or when p, g are constants). See Section 1.4.

2In pathological cases, there may be issues with bit complexity [0'D17, RW17]



This in particular implies that, in the predicted hard regime of the log-density frame-
work, SoS cannot be used to solve the Densest k-Subgraph problem as stated above. As
discussed earlier, these SoS lower bounds offer strong evidence that for k < +/n, it is
unlikely that efficient algorithms can beat the predictions of the log-density framework
for Densest k-Subgraph.

By setting a = 1/2, = 1/2 and y = 1/4 + ¢, we obtain the following important
corollary.

Corollary 1.2. For any ¢ > 0, there exists a constant & > 0 such that degree-n® Sum-of-Squares
exhibits an integrality gap of O(n'/4=¢) for the Densest k-Subgraph problem.

This corollary essentially matches the best known algorithmic guarantees for the Dens-
est k-subgraph problem [BCC*10], namely an efficient O(n!'/4*¢)-factor approximation
algorithm, thereby completing the picture for Sum-of-Squares.

1.2 The log-density framework

For more context on our results, we give a brief description of the log-density framework
[BCCT10]. See [KL20, Section 1.3] or [CM18] for a more detailed treatment.

The log-density framework is a relatively recent technique that devises worst-case
algorithms for problems by studying algorithms for average-case instances. It was in-
troduced in the context of the Densest k-Subgraph problem and has been since utilized
for many other problems such as Lowest Degree 2-Spanner, Smallest p-Edge Subgraph
(SpES) [CDK12], Small Set Bipartite Vertex Expansion (SSBVE) [CDM17], Label Cover,
2-CSPs [CMMV17], etc.

Formally, for a graph on n vertices with average degree d, we define its log-density

to be }gg Z. Consider the hypothesis testing problem from Section 1.1. The log-density
framework predicts that it is possible to algorithmically distinguish the distributions
and solve the hypothesis testing problem if and only if the log-density of the planted
subgraph is larger than the log-density of the original graph before planting. Since the
average degree of a graph sampled from G, is ~ np, this framework predicts that the

distributions are distinguishable if for some constant ¢ > 0,

log(kq) _ log(np)
logk — logn

+¢ = y<ap-¢

for some constant ¢’ > 0.

Moreover, and of extreme importance to us, the framework also predicts algorithmic
hardness if the other direction of the inequality holds. That is, if

y>ap+e



for some constant ¢ > 0, the log-density framework predicts that no efficient algorithm
can distinguish the two distributions. For the sake of clarity, let’s look at the special case
a=1/2,=1/2and y = 1/4 + ¢. Then, we expect it to be hard for efficient algorithms
to distinguish the following distributions,

1. The null distribution G, 1

2. The alternative distribution where we first sample G ~ G, 1, thenaset H C V(G)
" \n

is chosen by including each vertex with probability # (so |H| ~ +/n), and finally we
replace H by a sample from G, .
' nl/4+e

As an aside, note that in this case, since the average degree of the densest k-subgraph

for the null distribution is 5( \/n) and that of the alternative distribution is (~)(n3/ 4-e),
hardness of the distinguishing problem implies n'/4~¢-factor approximation hardness for
Densest k-Subgraph.

1.3 Our approach

Since Sum-of-Squares is a convex program, in order to prove a lower bound, it suffices
to construct a feasible point, i.e. a pseudoexpectation operator or moment matrix, which
is a large nonlinear random matrix that depends on the input. At a high level, our
proof leverages an existing strategy for proving lower bounds against the Sum-of-Squares
algorithm on random inputs: use pseudocalibration [BHK16] to construct a candidate
moment matrix, then study the spectrum of the candidate matrix using graph matrices
[AMP20]. This strategy has been successfully applied in several contexts [BHK ™16, PR20,
GJJ 20, JPR*22], although in each case, including ours, significant additional insights
have been required.

Given a random input graph, the first step is to construct the candidate pseudoexpec-
tation operator or moment matrix. Pseudocalibration suggests a candidate matrix, which
we can use here without further thinking. Recall that a semidefinite program optimizes
over the cone of positive semi-definite (PSD) matrices; the main challenge is showing that
the candidate moment matrix is feasible (PSD) with high probability over the random
input.

The main issue we face is that matrix factorization strategies in prior works do not
obviously lead to dominant PSD terms in our setting. There are several steps in the
existing framework:

1. Express the candidate moment matrix A in the graph matrix (i.e. Fourier) basis;

2. Identify a class of spectrally dominant graph matrices in A which are together
approximately PSD;



3. Perform an approximate PSD decomposition to create PSD terms plus additional
error terms;

4. Show that all non-dominant terms and error terms can be charged to the dominant
PSD terms, i.e. they are “negligible”.

For the purposes of the current discussion, it is enough to know that each graph matrix
in step (1) measures how a fixed small subgraph, or shape, contributes to the candidate
moment matrix, and furthermore that the spectral norm of a graph matrix can be read off
of combinatorial properties of the small shape graph. It was shown in [JPR"22, RT23] that
the norm of a graph matrix is determined up to lower-order factors by the Sparse Minimum-
weight Vertex Separator (SMVS) of the shape (Theorem 2.21). For intuition, shapes with
smaller, denser separators have larger norms.

In order to identify the class of norm-dominant shapes in step (2), previous work de-
composes shapes using their leftmost and rightmost MVS (in contrast to SMVS), yielding
for each shape an approximately PSD term that spectrally dominates the original graph
matrix. Using the norm bounds, combinatorial arguments about vertex separators are
then employed to show that all deviation terms in step (4) are small.

Although prior work has avoided using the SMVS as the decomposition criterion and
used the MVS instead, the SMVS is a necessity in our setting, because Densest k-Subgraph
is sensitive to small, local structures in the input. To explain, for a fixed set of vertices U, if
many vertices in U have a common exterior neighbor or are part of a denser-than-average
subgraph, then this greatly increases the algorithm’s belief that U is part of the dense
subgraph. Using the SMVS can be thought of as pinpointing, for each shape, the small
dense subgraph which has the strongest effect on the graph matrix’s norm.

A decomposition based on SMVS poses new conceptual challenges. Surprisingly, the
SMVS decomposition, without extra care, may rather lead to some supposedly “PSD”
terms being negative instead. We address these technical challenges, alongside our so-
lution using the Positive Minimum-weight Vertex Separator (see Section 3.1 for a technical
overview) after providing the definitions needed for working with graph matrices.

Once we have properly identified the dominant PSD terms, what remains is to prove
that the error terms in the decomposition are small using an intersection tradeoff lemma.
This is also one of our novel contributions as it is significantly different from intersection
lemmas in prior works. This combinatorial lemma is the most crucial part of the proof, as
it ensures that the error terms in the approximate PSD decomposition have small enough
norms.

It’s worth highlighting that the log-density criterion y > af occurs multiple times
throughout our proof, which is fascinating to the authors. A partial explanation is that if
we look at the contribution of each Fourier character in Lemma 4.8, the quantity y — af
measures the decay as the degree of the Fourier character increases, i.e. it’s the edge
decay in a shape. Therefore, this has a dampening effect on the higher Fourier levels in
the decomposition. Such a Fourier decay is ubiquitous in the analysis of the low-degree
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likelihood ratio [HKP 17, Hop18, KWB22] and has been important in prior average-case
SoS lower bounds [BHK ™16, PR22, G]] 20, JPR*22].

1.4 Related work

Algorithms Algorithms for the Densest k-Subgraph problem have been widely studied,
e.g. [FST97, SW98, FPKO01, FL01, AHI02, ST08, GL09, BCC*10, MM15, Ame15, Barl15,
BKRW17, BA20, KL20], and we do not attempt to give an overview of them (see e.g.
[KL20] for a nice overview of some of them). For general graphs, the work [KP93] (which
also introduced the problem) gave a polynomial time O(n%3%)-factor approximation
algorithm. This was later improved to a O(n!'/3~¢)-factor approximation (for a constant
¢ ~ 1/60) in [FPKO01] and to a O(n%3!%)-factor approximation in [GL09] respectively. The
seminal work of [BCC"10], which also proposed the log-density framework improved
this to give an algorithm that achieves a n!/4*¢-factor approximation in time n°(1/¢), for
all constants ¢ > 0. This is conjectured to be the best achievable by efficient algorithms.

Lower bounds for Densest k-Subgraph  Because of its conceptual significance and wide
applicability, studying lower bounds against the Densest k-Subgraph problem is an im-
portant research endeavour. We give a non-exhaustive list of such prior works below.

1. Conditional hardness: It’s well known that Densest k-Subgraph is NP-hard to solve
exactly, but to the best of our knowledge, NP-hardness of even constant factor
approximation is unknown. There are various other conditional hardness results
assuming more than P # NP, e.g. [Fei02, Kho06, RS10, AAM 11, BKRW17, Man17].
We highlight the influential work of Manurangsi [Man17], who assuming the Expo-
nential Time Hypothesis showed almost-polynomial factor hardness for this prob-
lem. See the same paper for a more detailed list of other conditional hardness results.
It’s worth noting that none of these results achieve polynomial factor hardness.

These approaches argue that Densest k-Subgraph is hard by reduction. One source
of difficulty is that reductions are not as successful for average-case problems, since a
reduction tends to distort the input distribution and produce somewhat pathological
outputs. Proving hardness of Densest k-Subgraph may be possible using a reduction
to a novel non-random instance, but, if it is true that random (or sufficiently pseudo-
random) graphs are the only hard instances of Densest k-Subgraph, then a stronger
theory of average-case reductions may be a prerequisite. Some recent works make ex-
citing progress on realizing average-case reductions [BBH18, BB20, BABB21, HS21].

The remaining lower bounds, including ours, are unconditional results that do not
rely on any conjectures.

2. Sherali-Adams hardness: An integrality gap of Q(n*(1-2)=0(1)) was shown for the
degree-()(log n) Sherali-Adams hierarchy (which is a family of linear programming



relaxations) in [BCG"12, CM18]. Our result is stronger than these Sherali-Adams
lower bounds in three important ways. First, we consider SoS rather then Sherali-
Adams. The SoS hierarchy captures the Sherali-Adams hierarchy and is known to be
much stronger in many cases (e.g., see [KV15, DKSV06, CMM09, CLRS16, KMR17]
in conjunction with [GW95, ARV(9]) therefore we imply their results. Second, we
obtain an 1 degree lower bound as opposed to an ()(logn) degree lower bound.
Finally, while these Sherali-Adams lower bounds are for the particular setting where
B = a (the setting that maximizes the integrality gap for a fixed «), our lower bounds
work for the entire range of parameters a, 3, y.

3. SoShardness: Worst-case SoS lower bounds have been exhibited in [BCG 12, MM15,
CMMV17] obtained by reducing from Max k-CSP hardness results, within the SoS
framework as pioneered by [Tul09]. However, these SoS lower bounds were not
optimal even for worst-case instances, since they didn’t match known algorithmic
guarantees (to be more precise, they showed an n'/14-0(¢)_factor lower bound for
degree n® SoS, whereas n1/4-0(¢)_factor hardness is conjectured). Our work on the
other hand studies average-case instances (as opposed to worst-case) and matches
the guarantees of known algorithms. Therefore, we significantly improve these prior
hardness results and close the gap. Moreover, our results can be reduced a la [Tul09]
to show SoS hardness for other problems such as Densest k-Subhypergraph [Raj18,
Theorem 3.17] and also potentially Minimum p-Union [Raj18].

Average-case Sum-of-Squares lowerbounds Sum-of-Squareslower bounds for average-
case problems have proliferated in the last decade, for example, Planted Clique [HKP15,
MPW15, BHK " 16], Sherrington-Kirkpatrick Hamiltonian [MRX20, GJJ " 20, Kun20], Sparse
and Tensor PCA [HKP 17, PR20, PR22] and Max k-CSPs [KMOW?17]. Most of these works
have been in the colloquial “dense” regime where the random inputs are sampled from
Gn 1,2 or the standard normal distribution N'(0,1). Recently, average-case SoS lower
bounds have been shown for the sparse setting, i.e. inputs sampled from G, where
p = o(1), for the problem of Maximum Independent Set [JPR*22, RT23]. The common
thread underlying recent SoS lower bounds, including ours, is spectral analysis of large
random matrices. See the works [PR20, Raj22, Jon22] for additional background and
intuition on the matrix analysis framework used in these lower bounds.

The low-degree likelihood ratio hypothesis We add that similar predictions as the
log-density framework for the threshold of algorithmic distinguishability may possibly
be obtained by analyzing the low-degree likelihood ratio [HKP17, Hop18, KWB22]. The
low-degree likelihood ratio is used in the context of noisy statistical inference problems
to predict, among other things, the existence of statistical-computational gaps, i.e. when
the signal (the planted dense subgraph) is information-theoretically detectable (and hence
recoverable by a brute-force search), but is not detectable by efficient algorithms. In the
same context, the low-degree likelihood ratio is used to predict the distinguishing power
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of low-degree polynomial algorithms. In [SW22], they analyze the low-degree likelihood
ratio for certain parameter regimes of Densest k-Subraph, but their results do not seem
to recover the predictions of the log-density framework precisely. Our Proposition 2.52
can be interpreted as showing that the low-degree likelihood ratio is 1 + 0(1) in the entire
hard regime for the log-density framework.

Planted Dense Subgraph and Planted Clique conjectures In our work, we have fo-
cused on the regime a € (0,1/2],8,y € (0,1). Other instantiations of these parameters
have also been subject to intense study in recent years and various conjectures predicting
the limits of efficient algorithms have been proposed, broadly referred to as the Planted
Dense Subgraph conjecture or in the case y = 0, the Planted Clique conjecture. Fur-
thermore, assuming these conjectures, inapproximability results have been derived for
various problems such as Sparse PCA, Stochastic Block model, Biclustering, etc. See e.g.
[HWX15, CX14, BBH18, BBH19, BB19, MRS20, PR20, PR22] and references therein. Dens-
est k-Subgraph lies at the heart of many of these reductions, therefore it’s plausible that
our hardness result can be exploited to derive better inapproximability results for various
other problems, which we leave for future work.

1.5 Organization of the paper

The rest of the paper is organized as follows. We start with a brief overview in Section 2
of graph matrices, which are at the heart of our spectral analysis, using it to construct
our candidate moment matrix following the pseudo-calibration framework in Section 2.9.
With the matrix in hand, we then delve into the extensive PSDness analysis that forms the
bulk of work. We motivate and discuss our conceptually novel PMVS decomposition in
Section 3, and show the combinatorial analysis for the key “charging” arguments of the
PSDness proof in Section 4. We defer the formal details and other technical verifications
to appendices.

Acknowledgments We thank Madhur Tulsiani for useful discussions. Most of the work
for this project was completed while CJ and GR were PhD students at the University of
Chicago.

2 Preliminaries

2.1 The Sum-of-Squares algorithm

We now formally describe the Sum-of-Squares hierarchy. For a detailed treatment and
survey of So0S, see e.g. [RSS18, FKP 19, Sch17, Hop18, Jon22].



SoS is used to check feasibility of a system of polynomials. Given a graph G = (V,E),
the simplest polynomial formulation for the existence of a subgraph with k vertices and
m edges encodes the 0/1 indicator of the subgraph:

Variables: X,, Yo e V

Constraints:
Z Xy =k (Vertex count)
veV
Z XuXy =m (Edge count)
{u,v}€eE
X2 =X, YoeV (Boolean)

The sum-of-squares algorithm is parameterized by the degree Dgos € IN. We assume
Dsys is even. For formal variables Xi,...,X,, let RSPses[Xy,...,X,] denote the set of
polynomials with degree at most Dgs.

Definition 2.1 (Pseudoexpectation). Given a set of variables Xy, ..., X,, a degree-Dgys pseu-
doexpectation operator is a linear functional E : R<Pses[Xy, ..., X,] = R such that E[1] = 1.

Definition 2.2 (Satisfying an equality constraint). A degree-Dsos pseudoexpectation operator

E satisfies a polynomial constraint “f(X) = 0” if E[f(X)p(X)] = 0 for all polynomials p(X)
such that deg(p) + deg(f) < Dsos.

Definition 2.3 (SoS-feasible). A degree-Dgs Eseudoexpectation operator E is SoS-feasible if
for every polynomial p € R=Pses/2[Xy, ..., X,], E[p(X)?] > 0.

Definition 2.4 (Sum-of-squares algorithm). Given a system of polynomial constraints {f;(X) =
0} in n variables X, ..., Xy, the degree-Dgog Sum-of-Squares algorithm checks for the existence
of an SoS-feasible degree—DsOs pseudoexpectatzon operator E that satzsﬁes the constraints. If E
exists, the algorithm outputs “may be feasible”, otherwise it outputs “infeasible”. This can be
done algorithmically by solving a semidefinite program of size n°(Pses) that searches for a feasible
moment matrix (Definition 2.7).

If no pseudoexpectation operator exists, then SoS successfully refutes the polynomial
system (i.e., it proves that there is no dense subgraph in the input). On the other hand,
if a pseudoexpectation operator exists, SoS cannot rule out that the polynomial system is
feasible (the pseudoexpectation operator fools SoS, but it may or may not correspond to
a true distribution on feasible points). A lower bound against SoS consists of a feasible
pseudoexpectation operator in the case when the system is actually infeasible.

2.2 Moment matrices

Analysis of the SoS algorithm on an n-variable polynomial system is typically accom-
plished by formulating it in terms of large matrices indexed by subsets of [n], known as

10



moment matrices.
Definition 2.5 (Matrix index). Let I be the set of ordered subsets of [n] of size at most Dgys /2.

Remark 2.6. Another reasonable definition of I uses subsets of [n] and not ordered subsets. For
technical simplifications, we include an ordering.

The degree-Dgs,s sum-of-squares algorithm can be equivalently formulated in terms
of R¥* matrices, which are called moment matrices.

Definition 2.7 (Moment matrix). The moment matrix A = A(E) associated to a degree-Dg,g
pseudoexpectation [E is an I-by-1 matrix defined as

AlLJ) =E[X-XI].

Fact 2.8. [E is SoS-feasible if and only if A(E) > 0.

Definition 2.9 (SoS-symmetric). A matrix A € R?*! is SoS-symmetric if A[I, ]| depends only
on the disjoint union I U | as an unordered multiset. Along with the additional constraint A[0, 0] =
1, this characterizes A € R**L which are moment matrices of degree-Dsyg pseudoexpectation
operators.

In the presence of Boolean constraints ”X? = X;”, a moment matrix satisfies these
constraints if and only if A[l,]] depends only on the union I U] as an unordered set
(ignore duplicates).

2.3 p-biased Fourier analysis and graph matrices

We are interested in matrices which depend on a random graph G ~ G, ,,. To analyze

these as functions of G, we encode G via its edge indicator vector in {0, 1}(3) and perform
p-biased Fourier analysis.

Definition 2.10 (Fourier character). x denotes the p-biased Fourier character,

=L a= 2 »

For H a subset or multi-subset of( ), let xu(G) := T1eer X(Ge).

Definition 2.11 (Ribbon). A ribbon is a tuple R = (AR, Br,E(R)) where Ar,Br € I and
E(R) C ([ D). The corresponding matrix Mg € RT*Z

MglL,J] = {gHRNG) I=Ar,] = Bk

otherwise .
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The ribbon matrices Mg are mean-zero, orthonormal under the expectation of the
Frobenius inner product on matrices, and form a basis for all R**/-valued functions of G.
They are the natural Fourier basis for random matrices that depend on G.

In the matrices that we study, the coefficient on a ribbon will not depend on the
particular labels of the ribbon’s vertices, but only on the graphical structure of the ribbon.
This graphical structure is called the shape.

Definition 2.12 (Shape). A shape a is an equivalence class of ribbons under relabeling of the
vertices (equivalently, permutation by S,,). Each shape is associated with a representative graph
(Up, Vo, E()). Welet V(a) := Uy UV, UV(E(a)).

For an example of a shape, see Fig. 1. We use the convention of Greek letters such as
a,y, 7 for shapes and Latin letters R, L, T for ribbons.

Definition 2.13 (Embedding). Given a shape o and an injective function ¢ : V(a) — [n], we
let () be the ribbon obtained by labeling a in the natural way (preserving the order on U, and
Vo).

A ribbon R has shape « if and only if R can be obtained by an embedding of V(a) into
[n]. Note that different embeddings may produce the same ribbon.

Definition 2.14 (Graph matrix). Given a shape «, the graph matrix M, is

M, = Y, My

injective @:V (a)—[n]

The entries of a graph matrix are degree-|E (a) | monomials in the variables G, therefore
we think of graph matrices as low-degree polynomial random matrices in G. We call them
“nonlinear” to distinguish them from the degree-1 case, which is well-studied (being
essentially the adjacency matrix of G).

Definition 2.15 (Trivial). A ribbon or shape a is trivial if E(a) = 0.

Definition 2.16 (Diagonal). A ribbon or shape o is diagonal if V(a) = U, = V.

A diagonal shape is only nonzero on the diagonal entries of the matrix in the block
corresponding to U,. Note that there are additional shapes which have the same support,
namely shapes which potentially have additional edges and vertices outside of U, = V.
The diagonal shapes as we have defined them are the most important contributors to the
diagonal entries of the matrix.

Definition 2.17 (Transpose). The transpose of a ribbon or shape swaps Agr, Br or Uy, V respec-
tively. This has the effect of transposing the matrix for the ribbon/shape.

12



24 Norm bounds
Definition 2.18 (Weight of a set). Fora graph S, let w(S) = |V (S)| —1log, (1/p)IE(S)I.

Definition 2.19 (Vertex separator). A vertex separator of two sets A, B in a graph G is a set
S € V(G) such that all paths from A to B pass through S.

Definition 2.20 (Sparse minimum vertex separator (SMVS)). Given a ribbon or shape a,
a sparse minimum vertex separator (SMVS) is a minimizer of w(S) over S C V(a) which
separate U, and V.

Observe that up to lower-order factors, w(S) = log,, <1E [# of copies of graph S in gn,p]).
The SMVS is thus the rarest separator of «.

Theorem 2.21 (Norm bound, informal [JPR*22, RT23]). With high probability, for all proper
shapes a:

—~ ‘V(a)l_lw(smin)l
M|l < O(n—z )

where Smin is the SMV'S of a.

2.5 Graph matrix calculus: factoring

In light of the relevance of vertex separators to the spectrum of a graph matrix, a key
ingredient underlying our machinery is that each shape admits an (approximate) factor-
ization into three pieces based on its vertex separators. For the following discussion, fix a
shape a. The separators of a shape a have a natural partial order as follows.

Definition 2.22 (Left and right). A vertex separator S is left (respectively right) of a vertex
separator S’ if S separates U, and S” (resp. S’ and V).

We will define the leftmost SMV'S to be the SMVS which is left of all other SMVS for «,
and similarly for the rightmost SMVS. For an example, see Fig. 1. We will decompose each
shape into three pieces: the “left shape” between U, and the leftmost SMVS, the “middle
shape” between the leftmost and rightmost SMVS, and the “right shape” between the
rightmost SMVS and V,,. We now work towards making this formal.

Unfortunately, it is not always true that there is a unigue SMVS that is left of every
SMVS. Nonetheless, we can define the leftmost SMVS in a natural and canonical way
using the following proposition, whose proof is in Appendix A.1.

Proposition 2.23. Every shape has an SMVS which is left of every SMVS. Furthermore, there is
a unique SMVS left of every SMV'S with minimum vertex size.

Definition 2.24 (Leftmost and rightmost SMVS). The leftmost SMVS is the SMV'S which is
left of every SMV'S and has minimum vertex size. The rightmost SMVS is defined analogously.
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____________________________

Figure 1: Example of a shape a with its leftmost SMVS S and rightmost SMVS T. This

~, 82 [1- <3
shape has norm O(n2 TP) = O(”—W)

Definition 2.25 (Left shape). A shape o is a left shape if the unique SMVS is V; (hence, it is
both leftmost and rightmost).

Definition 2.26 (Middle shape). A shape 7 is a middle shape if U, is the leftmost SMVS, and
V¢ is the rightmost SMVS.

Definition 2.27 (Right shape). A right shape o is the transpose of a left shape.

We also extend these definitions to ribbons. By splitting a ribbon across its leftmost and
rightmost SMVS, we have the following canonical decomposition theorem for ribbons, to
be presented formally in the next section.

Proposition 2.28 (informal version of Proposition 2.33). Every ribbon R can be expressed
uniquely as the composition of a left, middle, and right ribbon.

2.6 Graph matrix calculus: composition

Multiplying graph matrices can be carried out “diagramatically” by composing the ribbons
or shapes.

Definition 2.29 (Composing ribbons). Two ribbons R, S are composable if B = As. The
composition R o S is the ribbon T = (Ag,Bs, E(R) UE(S)). Although it never occurs in the
current work, see the footnote® for the case E(R) N E(S) # 0.

Fact 2.30. If R, S are composable ribbons, then Mros = MrMg. Otherwise, MrRMg = 0.

Therefore, when two matrices expressed as a linear combination of ribbons are mul-
tiplied, the effect is to compose every pair of ribbons.

The composition of two ribbons R, S can be easily visualized by drawing the two
ribbons next to each other, then identifying the sets Bg and As. However, if the vertex sets

3In this case, define R o S as an improper ribbon (Definition 2.39) whose edge multiset is the disjoint
union of E(R) and E(S).
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of two composable ribbons R, S overlap nontrivially (i.e., beyond the “necessary” overlap
Br = Ag), then the resulting ribbon is smaller than this picture suggests. We will call these
types of ribbons intersection terms and classify them based on their intersection pattern. The
intersection terms are error terms in our analysis, but carefully bounding them is the most
important and difficult conceptual step of the proof.

Definition 2.31 (Properly composable). Composable ribbons Ry, ..., Ry are properly com-

posable if there are no intersections beyond the necessary ones Bg, = Ag, ;.

With the above definitions and Proposition 2.23, we can deduce the main proposition

about shape and ribbon factoring. For a ribbon R and a set of edges F C ([g]), we use the
notation R \ F to denote the ribbon (Ag, Bg, E(R) \ F).

Definition 2.32 (Floating component). The connected components of a ribbon R which are not
connected to Ar U Bg are called floating components.

Proposition 2.33 (Ribbon decomposition). Every ribbon R can be expressed as
R = (L\E(BL)) o Mo (R’ \ E(Ar)))

where L, M, R’ are properly composable left, middle, and right ribbons respectively, such that
E(BL) = E(Am) and E(Bpy) = E(Ag’). Up to the orderings of By, = An and By; = Ags and the
floating components, the decomposition is unique.

Proof. The existence of the decomposition follows by splitting R across the leftmost and
rightmost SMVS. Edges inside the SMVS should be put into the middle ribbon. Any
floating components can be put into the middle ribbon.

To argue uniqueness, suppose R = (L\ E(Br)) oMo (R"\ E(Ar’)). Then By = Ap is
an SMVS of R which is left of all other SMVS of R. By the structural result Proposition A.1,
in order for L to have a unique SMVS, it must be that By, is the leftmost SMVS of R. The
same holds for R’ with respect to the rightmost SMVS. n

Remark 2.34. When we decompose a ribbon, we will always put the floating components into the
middle part.
2.7 Graph matrix calculus: intersections

Based on the decomposition theorem for ribbons, it would be ideal if for any shape
a = o oto¢’, wealso had an exact matrix equality

My =M, -M:-M, .

Unfortunately this fails as we have may ”surprise” intersections beyond the necessary
ones along the boundary. Let us describe in further detail these “intersection terms”.
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Definition 2.35 (Composing shapes). Given shapes a, 8, we call them composable if V,, = Upg
as subsets of I. The composition « o  is the shape whose multigraph is the result of gluing
together a and B along V, and Uy (following their respective orders)*, whose left side is Uy, and
whose right side is V. See the footnote® for an additional technicality.

Definition 2.36 (Intersection pattern). For composable shapes a1, ay, ..., ax, let a = ajoaz o
.- o ay. An intersection pattern P is a partition of V(a) such that for all i and v,w € V(a;), v
and w are not in the same block of the partition. We say that a vertex “intersects” if its block has
size at least 2 and let Viyporsected (@) denote the set of intersecting vertices in a;.

Let Py, ay,... 0, be the set of intersection patterns between oy, ay, . .., af.

Definition 2.37 (Intersection shape). For composable shapes aq, ay, . .., ay and an intersection
pattern P € Pa, ay,. 0, let ap = a1 0 ap o --- o ay then identify all vertices in blocks of P, i.e.
contract them into a single vertex. Keep all edges.®

Proposition 2.38. For composable shapes a1, s, ..., ax,

My Mg, = Y Ma,.

Pepal ..... ﬂtk
Proof. The claimed statement expands to
k
H Z Mo (a)) = Z Z Mo (ap) -
i=1 injective ;:V (a;)—[n] PePay,...ap injective ¢:V(ap)—[n]

Each of the ribbons on the left-hand side is an injective embedding of a; into [n]; however,
the joint embedding need not be injective. The intersection pattern P cases on which
vertices overlap. n

2.8 Graph matrix calculus: improper shapes and linearization

We will need to manipulate matrices expressed in the ribbon or shape basis, for example
by casing on whether certain edges exist or multiplying two matrices together. To simplify
the intermediate manipulations, we will allow ribbons to be improper. We lose uniqueness
of representation in the ribbon basis (there are multiple ways to express a given matrix
as a linear combination of improper ribbons), but the augmentation lets us easily track
combinatorial features such as the presence of specific edges or subgraphs. At the end of
the proof, we convert improper ribbons back into proper ones by linearizing them.

Our ribbons may be improper in three ways: edge indicators, products of Fourier charac-
ters, and isolated vertices. These are all contained in the following general definition.

4Although this never occurs in the current work, if an edge occurs inside both V,, and Uﬁ, the composition
a o B is an improper shape (Definition 2.39).

°If a vertex in V,, and Ug has degree 0, it becomes an isolated vertex in a o B (Definition 2.41).

®Keep duplicated edges with multiplicity; ap may be improper (Definition 2.39).
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Definition 2.39 (Improper ribbon). An improper ribbon is a tuple R given by
R = (Agr,Br,V(R),E(R), Yes(R))where Ar,Br € I as before, and additionally Ar U Br C
V(R) C [n], also E(R) is a multigraph on V(R) without self-loops, and Yes(R) C (V(zR)). We

extend the definition of Mg € R¥*Z to:

1eeE(G) H XB(G)multiplicity of ein E(R) I =Ag,] = Bg
Mg [1, ]] — JeeYes(R) eE(V(ZR))
0 otherwise .
Definition 2.40 (Improper shape). An improper shape « is defined, as before, as an equivalence
class of improper ribbons under relabeling of the vertices. Each improper shape is associated with a

representative tuple (Uy, Vo, V(a), E(), Yes(a)).Equivalently, a ribbon R has shape « if R can
be obtained by labeling V (a) by an injective mapping ¢ : V(a) — [n].

Definition 2.41 (Isolated vertices). Let Iso(a) be the set of vertices in V(a) \ (U, U V) which
are not incident to any edges in E(a) or Yes(a).

We linearize an improper ribbon by using identities

X]g,f =€+ C1* Xe
lecrc) = C6 + Cll " Xe

for some coefficients ¢y, c1, ¢, ci. The equalities hold for inputs from {0, 1}.

Definition 2.42 (Linearization). Given an improper ribbon R, we linearize R by using the
equality

Mg = Z csMs
proper ribbons S

where cg are the Fourier coefficients of Mg. The ribbons S which appear with nonzero coefficient
cs are called the linearizations of R.

When we linearize just the multiedges x* into either 1 or )., we use the following
proposition to bound the new coefficient.

Proposition 2.43. Given an improper ribbon R, if we linearize the multiedges, the coefficient on
a resulting ribbon S satisfies

1 Zeemul(R) mult(e) =11, vanishes

—p

lesl <) A |—
P

where mul(R) is the set of multi-edges in R.
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E[x¥| <

Proof. The linearization coefficients are xX = E[xX] + E[x**!]x.. By induction,

k-2
I for all k > 2, which yields the claim. [
p y

We will estimate the norm of an improper shape by linearizing it and taking the
maximum norm among all of its linearizations.

2.9 Pseudocalibration

Pseudocalibration is a heuristic used to construct candidate pseudoexpectation operators

EE for SoS lower bounds, introduced in the context of SoS lower bounds for Planted Clique
[BHK"16]. See e.g. [BHK 16, RSS18, GJJ"20] for a formal description.

The pseudocalibrated operator E[X!] is defined using the Fourier coefficients of the
corresponding function X!(H) evaluated on the planted distribution. First we need to
compute these Fourier coefficients. A similar computation was performed by [CM18] to
exhibit integrality gaps for the Sherali-Adams hierarchy.

Lemma 2.44. Let X! (H) be the 0/1 indicator function for I being in the planted solution i.e. I C H.

Then, for all 1 C [n] and a C ([g]),

: | _ E|V(a)u1|( a—p )IE(a)I
oo, X0 1@ = () |

Proof. First observe that if any vertex of V(a) UI is outside H, then the expectation is 0.
This is because either I is outside H, in which case X'(H) = 0, or an edge of « is outside H,
in which case the expectation of this Fourier character is 0. Now, each vertex of V(a) UI is
in H independently with probability % Conditioned on this event happening, each edge
independently evaluates to

q-p
IE:e~Bernoulli( )X(e) =4q- X(l) + (1 - q) ) X(O) -
' VP(=p)
Putting these together gives the result. n

Pseudocalibration suggests transferring the low-degree Fourier coefficients from the
planted distribution, in order for the pseudoexpectation operator to emulate a true expec-
tation operator from a planted distribution. As long as the size of the Fourier coefficients
is larger than the SoS degree, then SoS should not notice that we are using a truncation.

We will truncate up to shapes of size Dy for a parameter Dy = O(Dsos) which is
formally specified in Bound C.1.

Definition 2.45 (S). Let S be the set of (proper) ribbons R such that:
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(i) (Degree bound) |AR|,|Br| < Dsos/2
(ii) (Size bound) |V(R)| < Dy

We will sometimes use o € S as the set of shapes with the same properties, following the convention
of using Latin letters for ribbons and Greek letters for shapes.

Definition 2.46 (M). Define the pseudocalibrated candidate moment matrix

\VR B IE(R)I
L6 ()

kes p-p
For technical convenience, we adjust the parameters § and y slightly so that

$__P > _q7P
" 1-p’ " 1-p

This change does not formally affect the statement of Theorem 1.1.

For the purposes of analyzing the spectrum of M in later sections, it is more convenient
to rescale the entries so that IE[X!] has order 1 for all I C [1]. This will be the matrix A.

Definition 2.47 (A,). Given a shape or ribbon a, let

)| Ualt1Val E(a)|
" p(1-p)

_ pla=D)(1V(a)-Halllal) (Fp)E(@)]

Lemma 2.48. If R, S are properly composable ribbons, then Ar.s = ArAs.
Definition 2.49 (A). Define A = ) gcs ARMR.

Lemma 2.50. M > 0 if and only if A > 0.

Proof. We have M = DAD where D is a diagonal matrix with positive entries D[I,I] =
I

(%)7 Hence xTMx > 0 for all x € R if and only if xTAx > 0 for all x € RY. =

Lemma 2.51. M is SoS-symmetric and satisfies the constraints Xl2 =X

Proposition 2.52. With high probability, we have E[1] = 1+ 0(1).
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Proof (formal version in Appendix F).

E-1=] Y AeMo< Y. AdiMal

a€S: a€S:
Uy =V,=0, Uy=Vo=0,
E(a)#0 E(a)#0

Up to a subpolynomial factor that is offset by edge decay, the norm bounds are (to be
computed later in Lemma 4.8),

AalMall < n~(=)w(@)=3~(-ap)lE(@)!

With high probability over the random graph G ~ Gy, all small subgraphs H have
w(H) > 0 (up to a small error term). Therefore, a conditioning argument will get rid
of any small shape such with w(a) < 0 or w(S) < 0. The remaining shapes have both
w(a) > 0and w(S) > 0. Since the parameters satisfy 1 —a > 0and y — af > 0, the exponent
of n is negative and the entire sum is o(1). n

Remark 2.53. E[1] = 1+ o0(1) fails with inverse polynomial probability. This is equivalent
to the observation that there is a low-degree distinguisher that succeeds with inverse polynomial
probability. Specifically, if we consider a constant-size subgraph which is unlikely to appear in
Gnyp (e.g. Kyo when p is sufficiently small), the probability that the dense subgraph Gy, contains

a copy of the subgraph is larger by a poly(n) factor. That said, even when E[1] > 1, we can still
show that A > 0 with high probability. For details, see the appendix.

Proposition 2.54. With high probability,

Y EX] -k = o(k),
i=1
and
Y OEXX] -S| = o(k%)
(i /I€E(G)

Proof (formal version in Appendix F). For each i, E[X;] = M](i),0]. For most vertices i, the
dominant term in M[(),0] is £Mg[(i), 0] where R is the ribbon such that V(R) = {i},
Ag = (i), Br = 0,and E(R) = 0. Mg([(i), 0] = 1 so this gives a contribution of £. Summing
this over all i € [n] gives k. In Appendix F, we verify that the contribution from the other
terms is o(k) with high probability.

For each i, j € V(G) such that i < j, 1; jep(c) [XX]—lz]eE yM[(i), (j)]. For most

M((i), (j)] is %hz}j}e]ﬂ(G)MR[(i); (j)] where R is

i, j, the dominant term in 1; €E(G)
the ribbon such that V(R) = { i,j}, AR = (i), B = (j),and E(R) = {{i, j}}.
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L jiee(c)MR[ (D), (j)] = 1/1]’%’9 if {i, j} € E(G) and 0 if {i, j} ¢ E(G). Summing over all
2(q_ 2

i < j gives a total contribution of %lE(G) ~ k2—q In Appendix F, we verify that the

contribution from the other terms is o(k?q) with high probability. |

3 Positive Minimum Vertex Separator Decomposition

3.1 Motivation for the positive minimum vertex separator

After pseudocalibration, to complete the proof of Theorem 1.1, we need to show that the
rescaled candidate moment matrix is PSD with high probability,

A:ZAQ-MQZO.
aeS

For each graph matrix A,M, in A, we want to find an approximately-PSD term which
spectrally dominates it. Previous work led to the following idea: for each shape a, we
can split it across the leftmost and rightmost minimum vertex separators so that « is
decomposed into three parts,

a=cgoto00'T.

Then the target spectral upper bound is given by
/\gMgooT + A(zleo’og’T .

This is approximately PSD since Moo & MM, > 0. To make this strategy work, we need
to prove that the middle shape M; is spectrally dominated by the corresponding identity
via combinatorial charging. In previous work, it has been essentially possible to charge
all middle shapes to the identity matrix, but this breaks down in the setting of Densest

k-Subgraph. In the baby case, this is evident in our calculation for }.,, ,)e£(G) E[xuxv] in
Proposition 2.54, where the dominant term is no longer the trivial shape but instead the
shape with an edge in between i and ;.

A second, related issue is the presence of edges inside the separator. Concretely, say
that (U, E(U)) and (V,E(V;)) are the leftmost/rightmost SMVS of a middle shape 7,
and we hope to charge 7 to the diagonal matrix corresponding to the leftmost/rightmost
SMVS. Concretely, letting U, also denote the diagonal shape with edges E(U;), we want
to charge

A:(M; +MTJ) < AuMy, + Ay My, .

However, this strategy crucially requires that Ay - My, and Ay, - My, are PSD by
themselves in order to conclude that the result is PSD. Since A, is non-negative, this
boils down to the PSD-ness of the diagonal shape (U, E(U:)) for the SMVS. This latter
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matrix is easy to verify as the non-zero diagonal entries are given by, for a ribbon R of the
corresponding shape U,

Xew) (G) =[] x(G)

ecE(R)

and recall that we are working on the p-biased Fourier basis,

1-p
Xe(1) = 7 [—,  xe(0)=—,[—
(1) ; (0) T—p

At this point, we observe that the instantiation of the SMVS edges E(R) plays a crucial
role as they determine whether our candidate “PSD” mass is truly positive. If all edges of
E(R) are present in G, then the diagonal entry is positive,

1 —
H xe(G) = /_plE(R)I >0.
e€E(R) P

On the other hand, if an edge is missing, then positivity is not guaranteed. Ignoring this
bad case for now, we have the following sufficient criterion for finding a PSD dominant
term. If T is a ribbon of shape 7, and R is the restricted ribbon to U, then if E(R) € E(G),
we must charge A.Mr to Ay, Mg.

When an edge is missing inside the SMVS, then we need to look harder. Despite the
candidate PSD term not being truly positive, it is not yet time to panic. In this case, (1) a
missing edge scales down the matrix, in line with the intuition that subgraphs with edges
present are the highest-norm terms, therefore (2) we look in the remainder of the shape for
the new SMVS, to determine the new matrix norm. This creates a recursive process, and
when all edges inside the candidate SMVS are actually present in the graph, we terminate,
calling this the Positive Minimum-weight Vertex Separator (PMV'S).

Let us give an example. The graph matrix at the top of Fig. 2 appears on the diagonal
of our moment matrix. In this example shape, the only vertex separator is the entire shape,
and so the SMVS contains the edge G(a,b). We check whether or not the edge appears
in the graph. In the “yes” outcome on the left, we have a PSD matrix whose (a,b)-th

diagonal entry is 1(, 5)cr(G) ,/1%7. In the “no” outcome on the right, the (a, b)-th diagonal

entry is =1 5)¢£(G) + /1%), which is negative and therefore the matrix is not PSD. This

matrix comes with a small coefficient of approximately +/p and hence it can be charged to
the corresponding identity matrix, whose (4, b)-th diagonal entry is just 1. In this example,
the recursion terminates after just one step, but in larger shapes, we would need to find
the new SMVS for the case on the right.

It would have been cleaner if one can define the PMVS in “one shot”, rather than
through a recursion. As described above, the recursion outputs the minimizer of the
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Figure 2: PMVS Search

weight function defined in Appendix B. However, we need to slightly modify the recursive
process described above so that it always “moves left”, in order for the crucial Remark 3.7
to hold.

3.2 PMYVS subroutine

We make the following extended definition of the Positive Minimum Vertex Separator
(PMVS) of a ribbon R.

Definition 3.1 (Left and right indicators). We say that a ribbon R has left indicators if R has
edge indicators for every edge e € E(AR). Similarly, we say that a ribbon R has right indicators
if R has edge indicators for every edge e € E(BR).

Our goal is to have composable triples of ribbons Ry, Ry, Rz with the following prop-
erties:

Definition 3.2 (Ribbons with PMVS identified). A composable triple of ribbons Ry, Ry, R3 has
PMVS identified if:

(i) Ry is a left ribbon and Rg is a right ribbon.

(ii) Ry, Ry, R3 are properly composable.
(iii) Ry has right indicators, Ry has both left and right indicators, and R3 has left indicators.
(iv) The edges and edge indicators agree on Br, = AR, and B, = Ag,.

(v) Ry, Ry, R3 have no other edge indicators.
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When these properties hold, we say that the left PMVS is AR, and the right PMVS is Bg,.

Remark 3.3. The left and right PMVS may not have the same size or weight. In fact, they may
not even be an SMVS of Ry. We will bound the difference between the PMV'S and the SMVS in
Section 4.

At the beginning, we take each ribbon R and decompose it into ribbons Ry, Ry, R3 based
on the leftmost and rightmost SMVS using Proposition 2.33. This gives us a composable
triple of ribbons Ry, Ry, R3 such that

(i) R;is aleftribbon, R is a middle ribbon, and R3 is a right ribbon.
(ii) Ry, Ry, R3 are properly composable.
(iv) The edges agree on Br, = Ag, and Br, = Ag,.

(v) Ry, Ry, and R3 have no edge indicators.

Remark 3.4. The ribbon encoded by the triple Ry, R, R3 is (R \ E(BR,)) © Ra o (R3 \ E(AR,))
rather than Ry o Ry o Rz because edges inside Br, = Ag, should not be duplicated.

In order to satisfy the condition that Ry has right indicators, R, has both left and right
indicators, and R3 has left indicators, we repeat the following sequence of operations as
many times as needed.

1. Adding left and right indicators operation: To add indicators to Bg, = Ag, and
Br, = Ag,, we replace each edge e € E(Ag,) U E(Bg,) that does not yet have an

indicator using’ the equation x, = ﬁleeg(c) Xe = A /1%. This leads to two possible

2

new ribbons which have different edge structure, one with e still present and the
other with e removed.

2. PMVS operation: After adding the edge indicators to Bg, = Ag, and Bg, = Ag,, we
check if Ry is still a left ribbon and Rj is still a right ribbon. If so, we stop and exit
the loop. If not, we let A’ be the leftmost SMVS separating Ag, from Bg, and we let
B’ be the rightmost SMVS separating Ag, from Br,. We then replace Rj, Ry, and R3
with the ribbons R’l, Ré, and R where

(a) Rj is the part of Ry between Ag, and A’

(b) R’ is the composition of the part of Ry \ E (Br,) between A” and Bg,, Ry, and the
part of R3 \ E(Ag,) between Ag, and B’.

(c) R} is the part of R3 between B” and Bgj,.

’The high-level overview of the PMVS alluded to the slightly different formula x, = 1, E(G)Xe T LegE(G) Xe-
These are morally equivalent, but the formula here is simpler to analyze.
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3. Removing middle edge indicators operation: If R, has one or more edge indica-
tors which are now outside of Ag, and Bg,, we re-convert them back into Fourier

characters using the equation ﬁleeE(G) Xe = + /% + Xe-

We call this repeated sequence of operations the Finding PMVS subroutine, which
takes a triple of composable ribbons Rj, Ry, R3 which have all the needed properties except
having left and right indicators (some but not all indicators may be present) and gives us
a triple of composable ribbons with all of the needed properties.

Remark 3.5. Note that each triple R1, Ra, R3 leads to many triples R}, R, R, depending on which
summand is taken in each equation. The recursion proceeds on every term except for the one in
which every . is replaced by prleeE(G) Xe-

Remark 3.6. At first glance, checking whether or not edges inside Ar, and Bg, are present leads to
a complicated dependence on the input graph G. In order to mathematically express the recursion
in a G-independent way, we formally use the edge indicator function to express the two cases.

3.3 Intersection term operation

Once we have these triples of ribbons Ry, Ry, R3, we can apply an approximate factorization
across the PMVS. When we do this, we will obtain error terms which can be described
by triples of ribbons Ry, Ry, and Rz which have at least one non-trivial intersection (they
are not properly composable) but satisfy the other four properties in Definition 3.2. We
handle this as follows.

1. Intersection term decomposition operation: Let A’ be the leftmost SMVS be-
tween Ag, and Br, U Viytersected(R1) and let B’ be the rightmost SMVS between
ARy U Viptersected(R3) and Br,. We now replace Ry, Ry, and Rz with the ribbons
Ri, Ré, and Rg where

(a) R} is the part of Ry between Ag, and A”.

(b) To obtain R}, we improperly compose the part of Ry \ E(Bg, ) between A’ and
Bg,, Ro, and the part of R3 \ E(Ag,) between Ag, and B’. We then linearize the
multi-edges, replacing x¥ = ¢ + c1x. using the appropriate coefficients co, c;.

In the edge case that a multi-edge also has an edge indicator (for example,
because an each inside Ag, intersects with an edge from R3), we instead use the

—\k-1
equation 13)(76c = (,/TP) 1o xe.

(c) R} is the part of R3 between B’ and Bgj,.

2. We apply the Removing middle edge indicators operation to R,.
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The ribbon R is defined to “grow” R; so that it includes the intersections. After these
steps, we are in essentially the same situation as we started. More precisely, we have a
triple of ribbons Ry, Ry, R3 such that

(i) R; is aleft ribbon and Rj is a right ribbon.
(ii) Ry, Ry, R3 are properly composable.
(iv) The edges and edge indicators agree on Bg, = Ag, and Bg, = Ag,.

(v) Ry,Ry,R3 have no edge indicators outside of Bg, = Ag, and Bg, = Ag,.

At this point, we can repeat the operations, applying the Finding PMVS subroutine
to identify a new PMVS, approximately factoring, then decomposing intersection terms,
as many times as needed.

3.4 Summary of the operations and overall decomposition

We now summarize our procedure.

Finding PMVS subroutine: repeat the following until convergence,

1. Apply the Addingleft and right indicators operation to add indicators to Bg, = Ag,
and B R, = AR3.

2. Apply the PMVS operation to ensure that R; is a left ribbon and Rj is a right ribbon.
If no change is made to R; or R3, then we have identified the PMVS.

3. Apply the Removing middle edge indicators operation to R; to ensure that R, has
no middle indicators.

Overall decomposition procedure:

1. We start with triples of composable ribbons Rj, Ry, R3 which have all the needed
properties except having left and right indicators.

2. We apply the Finding PMVS subroutine.

3. Recursive factorization: We apply the following procedure repeatedly until there
are no more error terms.

1. We approximate the sum over the composable triples of ribbons Ry, Ry, R3 by
enlarging the sum to include all left ribbons R; and right ribbons R3 (not nec-
essarily properly composable with R, or with each other). This yields a matrix
LQ,L™ where L sums over left ribbons and Q; sums over the ribbons R, on the
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ith iteration of the loop. We then move to the triples of ribbons Ry, Ry, R3 for the
intersection error terms, if any.®

2. We apply the Intersection term decomposition operation to obtain a triple of
ribbons Ry, Ry, R3 which are properly composable.

3. We apply the Removing middle edge indicators operation to R, to ensure that
R; has no middle indicators.

4. We apply the Finding PMVS subroutine.

Remark 3.7. As with previous SoS lower bounds using graph matrices, a key observation is that
the PMV'S operation and the intersection term decomposition operation are unaffected by replacing
R} with a different left ribbon R or replacing R}, with a different fight ribbon Ré’. as lqng as
B Ry = B R, = ARz2 and AR;’ = ARg = BR;- This ensures that all left ribbons R} and right ribbons

R}, appear in the matrices L and LT.

Carrying out this process, the overall decomposition of the moment matrix is then

Dy
Z Qi] LT + truncation error .
i=0

A=L

Therefore, the main requirement for A > 0 is to show that Zivo Q; > 0. We will show
that the norm-dominant terms are the diagonal shapes (Definition 2.16). By virtue of the
PMVS factorization, these shapes are PSD, as we can easily check.

Lemma 3.8. If Ry, Ry, Rz are ribbons with PMVS identified, such that Ry is diagonal, then
AR,MRg, = 0.

Proof. Ag, > 0 and R; is diagonal with one nonzero entry, so we need that the entry is

nonnegative. Since R has edge indicators, the entry is

H leeE(G)XE(G> :

EEE(RZ)

I

7 > 0. ]

E(Ry)]
Any time the entry is nonzero, its value is y(1)E®R)l = ( )

In the next section, we will prove that the norm of any individual term in the Q; is small
relative to these PSD terms, which is the key remaining component of the PSDness proof.
Summing over all the terms and bounding the truncation error is done in Appendix E.

8There are also additional error terms for the truncation error, as the maximum size of the left ribbons
R1, Rz will be slightly smaller for intersection terms. This must be handled separately.

We enlarge the sum to include only ribbons R; such that Bg, = Ag, and R3 such that A, = Bg,. For
this reason, the matrix L is slightly more restricted than including all left ribbons.
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So far, we have described how the ribbons are manipulated. Each ribbon also comes
with a coefficient that we need to track. Initially, the coefficient of every ribbon R is Ag.
Since the coefficients satisfty Aros = ArAs (Lemma 2.48), we may factor Ag whenever we
factor the ribbon. Doing so, the left and right ribbons R; and R3 always come with the
factors Ag, and Ag,.

The coefficient on R, is initially Ag,, but it accrues extra factors in some steps of the
process.

Definition 3.9 (cr). Given ribbons Ry, Ry, R3 which produce ribbons R’ ,Ré, Rg let CR, be such
that the final coefficient is cryAR ARy AR, Note that cg; does not depend on R} or Ry, but it does
depend on the cases in the decomposition process.

For example, during the Adding left and right indicators operation, cg; accrues

a factor of ﬁ for each edge indicator or a factor — ./ 1% if an edge is removed. It

changes in the same way during the Removing middle edge indicators operation. It
will also be multiplied by the excess edge and vertex factors during the Intersection term
decomposition operation, as well as the linearization coefficient either ¢ or c;.

4 Combinatorial Norm Charging Arguments

Now that we have identified the dominant PSD terms, we analyze the norms of the non-
dominant terms that appear during the decomposition process in Section 3.4 and show
that they are small.

Each graph matrix making up A has norm poly(n) times additional log factors. It is
most important to perform the proof at the coarse level of poly(n), ignoring the log factors
and other relatively small!” combinatorial factors such as poly(Dses)- In this section, we
will work at the coarse level by defining away all of the subpolynomial factors in order to
focus on the key combinatorial arguments. Only the first subsection will involve n, and
the remaining subsections will be pure combinatorics on shapes. The lower-order factors
will be formally incorporated in Appendix E.

4.1 Setup

In this section we will use the parameterization «, , y instead of k, p, g.

Remark 4.1. Take note that there is a notation clash between the size of the dense subgraph
a € (0,1/2) and a generic shape a, and also between the edge density of the planted subgraph
y € (0,1) and a left shape y which participates in an intersection. It should be clear from context
whether the symbol refers to a shape or a real number.

19Tn order to study the regime where the random graph has subpolynomial average degree, or improve
the SoS degree above n?, we would need to carefully track log factors and Ds,g respectively.
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Let 7 be the shape of a ribbon R, that appears in a matrix Q; in Section 3.4. The
contribution of this term to Q; is c;A:M;. We wish to show that when 7 is not a diagonal
shape, this expression has small norm.

Recall that the pseudocalibrated coefficients are

A, = ple VO (Gp)iE@)

Recall the weight function w(S) = |S| — 8- |E(S)|.
Definition 4.2 (Approximate norm bound). Given a shape « (possibly improper), let:

V(a)|=w(S,yi, )+ Tso(a)|

|
[va]] = n==

It would be more proper to write ||[M,||~ although we use this version for more compact
notation.

Definition 4.3 (Approximate coefficient change, informal). Given a shape 7, let ¢; = |c/|
when ignoring subpolynomial factors.

For the shape 7, we view U; and V; also as diagonal shapes which include only edges
with both endpoints inside U, or V;. We want to bound c;A;M; using the diagonal shapes
Au.My, and Ay My, . In order to do this, we need to have that

My

‘M“
T

A [M3| < \/AUTAVT

It turns out that this inequality will hold with a poly(n) factor of slack, which furthermore
increases for larger shapes 7. We will use this extra slack to control the subpolynomial
factors in the formal analysis. To keep track of this extra slack, we define the following
slack parameter.

Definition 4.4 (Slack). Given a shape t with a coefficient c;, we define slack(t) so that

Ay ||M§H — p—slack(7) \//\UT/\VT

Mg oz,

By construction, slack(7) is a combinatorial quantity that does not depend on n. It is
crucial to prove that slack(7) > 0, and in the remaining subsections, we will prove the
following positive lower bound on slack(t), by proving combinatorially that the slack
increases during each operation of the recursion.

Definition 4.5 (Vi(7) and E(7)). During the recursion, some vertices and edges are lost
during intersections, or when adding or removing indicators. Given a shape t of a ribbon during
the recursion, let Vi, (T) be the vertex set without performing the intersections. Let Ey(T) be the
enlargement of E(t) to include all of the removed edges.
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Remark 4.6. Identify (Uy, Vi, Vit (7), Erot (7)) with the shape yjo---oyj 0190y To- -0 y;T

where T is the “initial” middle shape, j is the level of the recursion, and y;, y;T will be described
in the following sections.

Theorem 4.7. (Slack lower bound). At all times in the decomposition procedure described in
Section 3.4, letting T be the shape of Ry,

[E(U)l + [E(V)l
2

U + [Vl
2

slack(7) > ¢ (|E,§O,§(T)| - + Vit (7)]

where ¢ = min {1 -a, y_gaﬁ}.

We develop a combinatorial formula for the slack in the next few lemmas.

Lemma 4.8. For any shape 7, if S is an SMVS of T then

Ae|Mz|| = a0 (H) - G- B (-ap)IE(o)

Proof.

At HM:H — ”(a_l)(W(T)l_w)ﬂg—ﬂllf(ﬂlnw

_ (=) (M) (f-) v (0)1+ (J-)BIE(T) - (y-ap) [E()1- 22+ =5

. n(l_a)(luﬂ;lvﬂ)_(%_Q)W(T)—(V—aﬁNE(Tﬂ—w(zs) + IIsOZ(T)l

Lemma 4.9. For any shape t, if S is an SMV'S of T then

A vz

\/ AuAv,

_(%_a)(w(,[)_ w(uT)-z&-w(VT) )—()/—aﬁ)(|E(T)|— |E(UT)|-2HE(VT)| )_'_%(W(UT);W(VT) —w(S))+ |1502(T)|

MUT|

My,

=n
Proof. For the diagonal shapes U; and V, we have

A, M&H — GBI BEW — o (B-7)IEU:)]

Av, M’;TH — BEWLSEVOL —  (B-1)E(Vo)l

\/ AuAv,

Therefore,

(ﬁ_y)(|E(uT)|;‘|E(VT)|)

Mg b3,

=n
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Multiplying with Lemma 4.8,
A Mz
\/AUJVT
_ (=B~ () 5 B (o) ()
(1=c0)( M) (3o ()~ 22 B = (1) - ) L LV ) (L)

(1-a) (ML | (4 ayuo(r) - 22 4 B — (g (o) - L Ve

Mg oz,

=n

=n

:n_(%_a)(w(T)_me);w(Vﬂ)_(y_aﬁ)(“;(m_|E<ur>|;|E<VT)|)+%(w<uf>;w<m_w(s))+\1s<>2(7)\

As a corollary, we have the following combinatorial formula for the slack.

Lemma 4.10.
slack(t) =
(% - a) (w(T) _ ) er w(VT)) + (y—ap) (IE(T)I L ; lE(VT)l)
-5 (M ) B - 6

4.2 Slack for middle shapes

We start by computing the slack for middle shapes. This is the slack at the start of the
process.

Theorem 4.11. Let T be a proper middle shape. Then:

SlaCk(T) > (V—Oéﬁ) (lE(T)l _ |E(UT)| ‘;‘ |E(VT)|)

Proof. Since 7 is a proper middle shape, |Iso(7)| = 0 and ¢; = 1. By Lemma 4.10 we have

slack (1) = (% _ ) (w(T) ~w(Uy) ;w(vf)) —ap) (|E(T)| IE(U)) ; IE(VT)|)
1 (w(Ux) +w(Vr)
- 5( > —w(S)) :
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Furthermore, since w(7) > w(S) = w(U;) = w(Vy), the last term is 0, and the first term is
non-negative. Thus,

slack(7) > ( — ap) (|E(T)| _ B ! 'E(Vf)') |

4.3 Slack for the PMVS subroutine

For this subsection, suppose that one iteration of the Finding PMVS subroutine replaces
ribbon R; of shape 7 by ribbon R} of shape 7.

We will need to consider the “removed edges” E(R>) \ E(R}), which intuitively are
the edges of the ribbon that were queried and not present, and formally are the edges that
disappear during either the Adding left and right indicators operation or the Removing
middle edge indicators operation. Observe that all removed edges are in U, U V.

Recall thatin the PMVS operation, we take a triple of ribbons Ry, Ry, R3 after indicators
have been added, and split R; across the leftmost SMVS A’ between Ag, and Bg,, and
likewise split R3 across the rightmost SMVS B’ between Ag, and Bg,.

Definition 4.12 (y and y’). Let y be the shape of the part of Ry between A’ and Bgr,. Let y'T be
the shape of the part of R3 between A, and B'.

Remark 4.13. Note that y,t, and y’T should include all removed edges, whereas T’ has the edges
removed.

Remark 4.14. While this y is technically different than the y for an intersection term in Section 4.4,
it plays a similar role.

Lemma 4.15. y, )’ are left shapes.

Proof. Suppose that S is a separator of y. We claim that S is also a separator of Ry. Let P
be any path from Ag, to Bg,. Since A’ = U, is a separator for Ry, P must pass through
A’. Starting from the final vertex of the path in A’ gives a path from A’ = U, to Bg, =V,
which is entirely contained in y. Finally, since S is a separator of y, it must contain a vertex
of the path P, and thus S cuts the path P.

Since Ry is a left ribbon, we conclude that w(S) > w(V, ) and the unique SMVS of y is
V. |

Theorem 4.16. Let Ry — R’ be a ribbon that undergoes one iteration of the Finding PMVS
subroutine. Let T and T’ be their respective shapes. Then

slack(7") — slack(7)
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o

(w(UT/) +w(Vy)—w(U;) —w(Vy)
2

+(y—ap) (IE(T’)I _|E(Uy)| ; EVOl _ g gy . (U2 er |E(VT)|)

+ (y —af)x

where x is the total number of removed edges.

Proof. By Lemma 4.10,
slack(7") — slack(7)

(o) - BV ) olve)
O—ap (|E(T')| BV gy BB )|)
_%(wwm FolVe) it ol +w(S))
- Lol IOl o, (c5) + log, ()
_ %_a) (w() — w(1)) +Oé(w(uf) +w(VT/)2— w(uf)—w(vf))
n w(Uz) + w(Ve) —w(Uv) —w(Ve) + w(S) —w(S) + [Iso(7)| - [Iso(7')|

+ (y—ap) (|E(T')|_ 'E(Uf'ﬂzlE(Vv)l LB+ us(uT)ler|15(VT)|)_1 og (_)

The large term multiplied by % is the most dangerous term as it does not come with any
small coefficient. We analyze the terms as follows.

Claim 4.17. iz n-rx

Proof of Claim 4.17. As noted after Definition 3.9, for each edge which is removed, we get

. B B .
a factor of magnitude n~2. Furthermore, we get a factor of n27” shifted from A, to cy.
Multiplying these factors together gives a factor of magnitude n™” per removed edge. =

Claim 4.18. w(7’) > w(7) + Bx
Proof of Claim 4.18. Observe that

w(t’) = w(y) +w(t

)
U, = V, is an SMVS for y so w(y) >
equations together, we have that w(1’)

T)—w(Ue) —w(Ve) + Bx.

+w(y’
w(Uy). Similarly, w(y’) > w(V,). Putting these
> w(1) + Px, as needed. u
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The next lemma is a tradeoff lemma for the PMVS, which will be proven in the next
sub-subsection.

Lemma 4.19 (PMVS tradeoff lemma).
w(Uy) +w(Ve) —w(S") + Iso(t")| < w(Uy) + w(Ve) —w(S) + |Iso(7)| + px

Multiplying Claim 4.18 by 1 — @ and multiplying Lemma 4.19 by 1, we have that

1 (L -a)(w(t') —w(r)) = bx—apx

2.
w(Ue) + w(Ve) = w(Ur) —w(Ve) + w(S") ~w(8) + [Tso(r)| - Tso(T)] B
) >
Using these equations in the formula above, we have that
slack(7") — slack(7)
N gx_aﬁx N a(w(llf') + w(vff)z— w(U) —w(VT))_ gx
+(y—ap) (IE(T’)I _|E(Uy)| ; EVON _ gy . U er |E(VT)|)
+yx
=(y-ap)x+a (w(uT') + w(VT')Z_ w(Us) — w(VT))

+(y—ap) (lE(T,)l E(Uy)| ; EWVeN _ p gy 4 B er |E(VT)|)
as needed. n
Corollary 4.20.

slack(t") — slack(7)
> (y—af) ,(lEmt(T,)l _E(U)l ; EVl oy 4 B ; |E(VT)|)

Proof. Using our slack calculation above, observe that we can remove the vertex factor as

a(w(LIT/) +w(Vy) —w(Uy) —w(Vy)

>0
5 >

since Uy (including the removed edges) is a larger separator than U, as U; is the SMVS
of R; at this point in the iteration (and likewise for V» and V). Removing edges only
increases w(Uy ). u
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4.3.1 Proof of the PMVS tradeoff lemma
Lemma 4.19 (PMVS tradeoff lemma).

w(Uyp) +w(Ve) —w(S") + Iso(t")| < w(Uq) + w(Ve) —w(S) + |Iso(7)| 4 px
Proof. To prove this, we construct and analyze the following sets of vertices.

1. We take X to be the set of vertices in V), \ §” which can be reached in y from U,
without passing through a vertex in S’. We then take X = Xo U (S' NV (y)).

2. We take Y] to be the set of non-isolated vertices in V,, \ §" which are not reachable
in y from U, without passing through §’. Similarly, we take Y, to be the set of
non-isolated vertices in U,/ \ S which are not reachable in y’T from V,/+ without
passing through a vertex in S’. We thentake Y = Y;UY, U (S’ NV (1)) U (V) NU,r).

3. We take Z to be the set of vertices in U, \ S” which can be reached in y’T from Vr
without passing through a vertex in S’. We take Z.yy, to be the set of non-isolated
vertices in (U; N V) \ S” which are not reachable from V,/r in y’T. We then take
Z=20UZeptra U (S NV(Y'T)).

Let xn be the number of edges removed from U, N V;. We now observe that it is sufficient
to show the following statements.

1 w(X) > w(U,), w(Y) > w(S) + pxn, and w(Z) > w(V,).
2.

w(X) +w(Y) + w(Z) w(S") +w(Vy) +w(U,yr) - (|Iso(7")| = |Iso(7)])
(

)

w(Uz) + B(# of edges removed from Uy)

+ w(VT) + B(# of edges removed from V)
T

— (IIso(t")| — |Iso(7)|)

Using the three initial inequalities on the left-hand side of the second statement,

w(Uy,) +w(S) + pxn +w(Vyr) <w(S) +w(Uz) +w(Vr)
+ Bx + Bxn — |Iso(’c’)| + |Iso(7)].

Rearranging this, we have
w(Uyp) +w(Ve) —w(S") + Iso(t")| < w(Uq) + w(Ve) —w(S) + |Iso(7)| + px

as needed.
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Moving to the statements, to show that w(X) > w(U,) and w(Z) > w(V,/r), we

observe that because of how we chose X and Z, X is a vertex separator of y and Z is a
vertex separator of y’T.

To show that w(Y) > w(S) + pxn, we first observe that Y is a vertex separator of 7
(with or without the missing edges). To see this, assume that Y is not a vertex separator of
7. If so, there is a path P;, from a vertex u € U, to a vertex v € V; which does not intersect
Y and thus does not intersect S’. Since u ¢ Y, there is a path P; from U, to u in y which
does not intersect S’. Similarly, since v ¢ Y, there is a path P, from v to V,/ in ’T which
does not intersect S’. Composing Pj, P, and P, gives a path from U to V» which does
not intersect S” which is a contradiction as S’ is an SMVS for 7’.

We now observe that when the missing edges are removed, all vertex separators of ©
have their weight increased by at least fx. Thus, after the missing edges are deleted, all
vertex separators of T have weight at least w(S) + fxn so w(Y) > w(S) + Pxn.

To show that
w(X) +w(Y) +w(Z) <w(S") +w(Vy) +w(U,r) - (|Iso(7")| - [Iso(7)])
we show the following two statements:

1. For each vertex v, Lyex + loey + Loez < lpes + Loev, + Loeu,+ = Loetso(r/)\Iso(7)-

2. For each edge e, Toep(x) + Teer(v) T Leer(z) = Teek(s') 1 Leek(v,) T leek(u,1)-
For the first statement, we make the following observations:

1. If v € §’ then v is not isolated. If v ¢ V), U U,/r then v is in exactly one of X, Y, and
Z depending on whether v isin V(y), V(1), or V(y'T). If v € V,, U U,/r thenv € Y,
ve Xifand onlyif v € V), and v € Z if and only if v € U,/+.

2. Ifv € Iso(7”) \ Iso(7) then v ¢ X and v ¢ Z. Moreover, v must be in V,, or U+ and
v € Y if and only if v is in both V), and U, +.

3. Ifv € (V},\ §’) \ Uyr and visnotisolated then 1pess + 1vev, + Loet, r — Lois isolated = 1
and 1,ex + 1yey + 1pez = 1 as v ¢ Z and either v € X or v € Y but not both.

4. Ifv e (Uyr\S")\ V) andvisnotisolated then 1pes + Loev, + Toetr, s — Lois isolated = 1
and 1yex + ey + 1pez = 1 as v ¢ X and either v € Y or v € Z but not both.

5. Ifv € (VyNU,yr)\S andvisnotisolated then 1yes + Loev,, + Loetr,r — Lois isolated = 2
and 1yex + ey + 1pez = 2 as v € Y and either v € X or v € Z but not both.

For the second statement, we make the following observations:
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1. Ife€ E(S’) and e ¢ E(V,) UE(U, ) then e is in exactly one of E(X), E(Y), and E(Z)
depending on whether e is in E(y), E(t), or E()’T). If e € E(V}) UE(U,/r) then
e€E(Y),e€ E(X) ifand onlyife € E(V,),and e € E(Z) if and only ife € E(U,/7). In
all of these cases, Toep(x) * Teer(v) + Lecr(z) = leer(s') T Leer(v,) + LeeE (U, m)-

2. Ifee E(Vy) ( /)) \ E(Uy'T) then leeE(S’) + leeE(Vy) =+ 1€€E(UV/T) =1 and 1e€E(X) +
Leer(v) + Leer(z) = 1 ase ¢ E(Z) and either e € E(X) or e € E(Y) but not both.

Leer(v) + Leer(z) = 1 ase ¢ E(X) and either e € E(Y) or e € E(Z) but not both.

4. Ifee E(Vy) N E(Uyn)) \E(S') then leeE(S’) + leEE(V},) -+ 1E€E(Uy/-|—) = 2 and IEEE(X) +

(

)

3. Ife e (E(Uyr) \E(S")) \ E(Vy) then T,ep(s) + Leep(v,) + 1eeE(U7,T) =land 1epx) +

)

(
Leer(v) + Leer(z) = 2 as e € E(Z) and either e € E(X) or e € E(Z) but not both.

4.4 Slack for intersection terms

We now analyze the slack for the Intersection term decomposition operation. The anal-
ysis is similar to that for the PMVS subroutine, albeit with additional considerations.

Suppose that the operation replaces a ribbon R; of shape 7 by a ribbon R}, of shape
7p. Recall that in the Intersection term decomposition operation, we take a triple of
ribbons Rj, Ry, R3 with intersections, and split R; across the leftmost SMVS A’ between
AR, and Br, U Viysersected (R1), and likewise split R3 across the rightmost SMVS B’ between
ARy Y Vintersected (R3) and Bg,.

Definition 4.21 (y and y’). Let y be the shape of the part of Ry between A’ and Bg,. Let y'T be
the shape of the part of Rz between A, and B'.

The notation 7p is used because 7p is an intersection shape (Definition 2.37) for some
intersection pattern P € #,, ., (after linearization).

The edges that are linearized away into a constant term during the Intersection term
decomposition operation are referred to as “vanishing edges”.

Theorem 4.22. Let Ry — R’ be a ribbon that undergoes the Intersection term decomposition
operation. Let T and tp be their respective shapes. Then for v,y as defined in Definition 4.21,

slack(zp) —slack(t) >

(1-a) (w(lly) + w(Vy )2— w(U,) - w(VT))
+(y-ap) (|E(Tp)| _ |E(Ux)l sz EVer)l iy 4 EW) er E(V>))

+ (¥ — ap) - edgereduction
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where edgereduction is the total number of vanishing edges.
Proof. By Lemma 4.10,

slack(7p) — slack(7)
= (%_0‘) (w(TP) - 5 -w(T) + w(le) ;w(VT))

+(y—ap) (IE(Tp)l _E(Us,)l ; EQr)l gy o W) ; |E(VT)|)

1 (w(Uzp) +w(Ve,) ,
_E( 5 —w(S") - 5 +w(S))

|Iso(tp)| — |Iso(7)| . .
- 2 - logn (CTp) + logn (C’L’)

= (5~ @) (@(1p) = (1)) = 5 (w(Usy) + 0(Vey) = w(Uy) = w(Viy))

1ot ) -l )

2
n w(Uz) +w (V) —w(Uy,) —w(Vyr) +w(S") —w(S) + |Iso(7)| - |Iso(tp)|
2
o) oo - BB g QI BV ()

We now analyze the different terms that appear.
Claim 4.23.

It(e)—1+1 ; It(e)-1-1 ;
_ n(a—l)‘(# ofintersections)( H (ng_y)mu (€)1 4 2e anishes (ng)mu ) ewmsms]

e€Et(Tp)

a
ﬂng |_§ Q

Note that we consider the iteration e € E;y(7p) to yield each multiedge only once.

Proof of Claim 4.23. Observe that for each intersection, we have one fewer vertex factor of
n@=1) in Az, 50 we need to add this factor to c;,. For each multiedge in Es(7p), we have

B .
mult(e) — 1 4 1, vanishes fewer factors of n277 in A, so these factors need to be added to cz,,.
Finally, for each multiedge in e € E;;(7p), when we express it as a linear combination of

B . .
1 and xj}, we gain mult(e) — 1 — 1, vanishes factors of n2 (Proposition 2.43) which also need
to be added to c;,. When a multiedge with an indicator is linearized, it never vanishes,
and the coefficient is the same as linearizing a multiedge without an indicator. n
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For notational convenience, we define the following expressions:

linearization = Z mult(e) — 1 — 1 vanishes -

EEEtof (’L’p)

edgereduction = Z mult(e) — 1 + 1, vanishes
eeEtgt(TP)

C

)
’T;R

With these expressions, we can express log, ( ) as follows.

bl ?2|

Corollary 4.24.

log, (CC%) = (a—1) - (# of intersections) + (g —v)(edgereduction) + g(linearization)

Claim 4.25.

w(tp) =2 w(U,) + w(Vyr) —w(U) —w(Ve) + w(7)
— (# of intersections) + B(edgereduction)

Proof of Claim 4.25. We first observe that

w(tp) = w(y) +w(t) +w(y’") —w(Uz) —w(V)
— (# of intersections) + B(edgereduction) .

To see this, note that if there were no intersections then we would have that w(tp) =
w(y) +w(t) +w(y’T) —w(U;) —w(V,). Each intersection reduces the number of vertices
and thus decreases the weight of 7p by 1. The change in the number of edges increases
the weight of 7p by f(edgereduction).

We now observe that w(y) > w(U, ) as otherwise y would be a separator in y between
U, and V;, U Viggersected () with smaller weight than U,,. Following similar logic, w(y’) >
w(V,sr). Thus, we have that

w(tp) =2 w(U,) + w(Vyr) —w(U;) —w(Ve) + w(7)
— (# of intersections) + f(edgereduction)

as needed. n

The next lemma is an intersection tradeoff lemma to be proven in the next sub-section.

Lemma 4.26 (Intersection tradeoff lemma). Given is a shape 7, left shapes y,y’, an intersection
pattern P € P, . (1)~ such that the following structural property holds:
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U, is the leftmost SMV'S of U, and Vy U Viyersected (), and Vi1 is the rightmost
SMVS Of u)//T U Vintersected (')/,T) and Vy’T.

Let S be an SMV'S of 7, let Tp be the shape resulting from P followed by linearization, and let S” be
an SMVS of tp. Then,

w(Uy) +w(Vyr) —w(S") +|Iso(tp)| < w(Uz) +w (V) —w(S) + |Iso(7)]
+ (# of intersections) — B (linearization)
— B(# of vanishing edges in U,,)
— B(# of vanishing edges in V)

Multiplying Claim 4.25 by 1 — @ and multiplying Lemma 4.26 by 1, we have that

1.
(5 - a) (w(rp) ~w(1)) 2
(% — @) (w(Uy) + w(Vyr) - w(Uy) - w(Vy) - (# of intersections))
+ (% — a)p(edgereduction)

2.

w(Ue) +w(Ve) —w(Uyp) —w(Ve,) +w(S) —w(S) +|1Iso(7)| — [ Iso(Tp)]
2

—_

> — (# of intersections) + g (linearization)

I\JI‘CDN|

+ = ((# of vanishing edges in U, ) + (# of vanishing edges in V1))

Using these equations in the formula above, we have that
slack(tp) — slack(7)
1
> (E —-a) (w(uy) +w(Vyr) —w(U;) —w(Ve) — (# of intersections))

1-«a

+ (% — a)B (edgereduction) — (w(UTP) +w(Ve,) —w(U,y) - W(Vy/T))

N a(w(uy) + w(Vsz)z— w(Uy) — w(VT))

1
+ = (linearization) — E(# of intersections)

+ = ((# of vanishing edges in U, ) + (# of vanishing edges in V7))

NI NI
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|[E(Uzp)l + [E(Vzp

+ (y —ap) (IE(TP)I — 5 ) (U1 + lE(VT)l)

—|E(7)l + >

— (a—1)(# of intersections) — > (linearization)

— (g —v)(edgereduction)

1 ;a (w(Uy) + w(Vyr) = w(Uy) —w(Vy))
—w(Vyr )) + (y — ap) (edgereduction)

_ 1 ; a (w(qu) + w(VTP) - w(uy)

+ g((# of vanishing edges in U, ) +

+ (y —ap) (IE(TP)| E(Ug,)| ; E(Ve,

(# of vanishing edges in V1))

| _ ey 4 B ' |E<VT>|)

We now use that
w(Uep) +w(Vep) = w(uV) - w(VV'T>
= B(# of vanishing edges in U, ) + B(# of vanishing edges in V1)

— B(# of edges added to U, ) — B(# of edges added to V1)
< B(# of vanishing edges in U, ) + B(# of vanishing edges in V)

Plugging this in, we have that
slack(7p) —slack(7)
2 (wlUy) + w(Vyr) ~w(U) (V)
(- ap) (|E(TP)| E(Uzp) ; E(Vap)l E(0)| + E(U,)| ; |E(VT)|)

_ B _20‘18 ((# of vanishing edges in U, ) + (# of vanishing edges in Vr ))

v

apB) (edgereduction)

+(-
+ g ((# of vanishing edges in U, ) + (# of vanishing edges in V ))
1-

5 ( w(Uy,) +w(Vyr) —w(Uy) _ZU(VT))
+(y—ap) (lE(TP)| _E(Ug,)l —zF E(Ve)l E(7)] + [E(Ux)| er |E(V’L’)|)
+ (y — ap) - edgereduction

ap - : - .
+ = ((# of vanishing edges in U, ) + (# of vanishing edges in V, ))

as needed.
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Corollary 4.27.
slack(tp) — slack(t)

> y-af) .(lEtOt(TP)I - Ele) er EVer)l _ |Eor(T)| + L) -2|_ lE(VT)l)

1—
+ Toc (# of vertices in (U, U Vyr,) \ (Urp, N Ve,) not incident to Eyet(Tp)) -

Proof. Following our slack calculation above, observe that

(W(Uy) +w(Vyr )2— w(Ur) - W(VT)) >0

(1-a)

since U, is a larger separator than U; = V,, as y is a left shape (and likewise for V,r
and V; = U,/r). Furthermore, this holds if we remove the degree-0 vertices from U, or
V1, since U, remains a separator without these vertices. Therefore we may replace the
right-hand side by

1—-«a

(# of degree-0 vertices in (U, U Vyr ) \ (U, N V1 )) :

The edge factors follow immediately from the slack formula. Thus the claim holds. n

4.4.1 Proof of the intersection tradeoff lemma

Lemma 4.26 (Intersection tradeoff lemma). Given is a shape 7, left shapes y,)’, an intersection
pattern P € P . (.- such that the following structural property holds:

U, is the leftmost SMVS of U, and Vy, U Vipgersectea (), and Vo is the rightmost
SMVS Of U)/T U Vintersected (')/IT) and Vy’T.

Let S be an SMV'S of T, let Tp be the shape resulting from P followed by linearization, and let S” be
an SMVS of tp. Then,

w(Uy) +w(Vyr) —w(S") + [Iso(tp)| < w(U;) +w(Ve) —w(S) +|Iso(7)]
+ (# of intersections) — B (linearization)
— B(# of vanishing edges in U,,)
— B(# of vanishing edges in V)

Proof. Let S}, be the preimage of S before the intersections, as a subset of V(y o 70)'T).
We construct sets X € V(y), Y € V(1),and Z C V()’T) as follows.
1. We take X to be the set of vertices in V() \ S, which can be reached from U, by
a path of non-vanishing edges in y \ S;,,, are either intersected or are in V;, and are
not isolated in 7p. We then take X = Xo U (S, N V(y)).
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2. We take Y; to be the set of non-isolated vertices in V() which are also in V(y)
(either because they are in V;, = U; or because of an intersection) and which are
not reachable from U, by a path of non-vanishing edges in y \ 5;,,. Similarly, we
take Y/ to be the set of non-isolated vertices in V(1) which are also in V()’T) (either
because they are in V; = U, or because of an intersection) and which are not
reachable from V). by a path of non-vanishing edges in y'T \ 5,,,. We then take
Y =Y;UY, U Veommon U (S”m N V) where Veommon is the set of vertices which appear
iny,7,and y’7.

3. We take Z to be the set of verticesin V()'T) \ 5}, which can be reached from V)/+ by
a path of non-vanishing edges in ’T \ S, are either intersected or are in U1, and
are not isolated in 7p. We take Z,y, to be the set of vertices in V(y'T) \ S,re which
are also in V(y) and which are not reachable from U, by a path of non-vanishing

edgesiny\ S;,,. We then take Z = Zo U Zextra U (S, N V('T)).

Claim 4.28.

1. X separates U, from V,, U {intersected vertices}.
2. Y separates U, from V.

3. Z separates U, U {intersected vertices} from Vyr

Proof of Claim 4.28. Statements 1 and 3 follow from the definitions of X and Z. For state-
ment 2, assume there is a path P from U, to V; which does not intersect Y. Let u be the
last vertex in P which is in y (either because u is in V;,, = U, or because of an intersection)
and let v be the next vertex in P which is in )T (either because visin V; = U, r or because
of an intersection). Since u ¢ Y, there is a path of non-vanishing edges in y \ 5, from U,

to u. Since v ¢ Y, there is a path of non-vanishing edges in y’T\ 5}, from v to V.

Now consider the part of P between u and v. For the vertices in this part, only u is in
V(y) and only v is in V(y’T), so no edges in this part vanish. Since no vertex of Pisin Y,
none of these vertices are in S}, Thus, we can compose these path segments to obtain a
path of non-vanishing edges from U, to V,, which does not intersect S’. This contradicts

the fact that S’ is the SMVS of 7p. [ ]

We conclude that w(X) > w(U,), w(Y) > w(S), and w(Z) > w(V,/r) . To complete the
proof of the intersection tradeoff lemma, we now need to show that

w(X) +w(Y) +w(Z) < (# of intersections) — (| Iso(7p)| — [Iso(7)|)
=gl ) (mult(e) =1 = Tovanishes) |+ w(Uc) + w(Ve) +w(S)

e€Et (Tp)

— B((# of vanishing edges in U, ) 4 (# of vanishing edges in V1))
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To show this, we consider the number of times vertices in V(7p) and edges in Es(7p)
appear on both sides.

1. Vertices u in S” appear 1,cy(y) + Lyev(r) + Luey(y/r) times on the left hand side and
1+ 1yeu, + Lvev, + (# of intersections for u) times on the right hand side. It is not
hard to check that these two expressions are equal.

2. Vertices u which are not in S” and are not isolated appear (# of intersections for u) +
1ueu, + lyey, times on the right hand side and at most (# of intersections for u) +
Lueu, + Toev, = Lycv(y) + Luev(o) + Lucy(yrr) — 1 times on the left hand side. To see
this, observe that u cannot be in both X and Y}, cannot be in both Y, and Zj, and
cannot be in both X and Z.

3. Vertices u which are in Iso(7p) \ Iso(7) (and thus not in S’) cannot appear in X or Z
and appear in Y if and only if they appear in y, 7, and y’T. Thus, u appears on the
left hand side 1,cy(,) + Lyev(r) + Lucy(yrr) — 2 times and appears on the right hand
side (# of intersections for u) + lyeur, + loev, =1 = Lyev(y) + Luev(r) + Luev(yrr) — 2
times.

4. Edges e between two vertices in §” appear 1ocg(,) + Leep(r) + Lecp(,/7) times on the
left hand side and

1¢ does not vanish + Lecr(tr,) + Lecr(v,) + (mult(e) — 1 — 1, vanishes)
+ Le vanishes from Uy, 1 Le vanishes from V1
= Tocp(y) + Teer(r) T Leer(yrm) = 2 Le vanishes + e vanishes from 1, + le vanishes from V¢
< Loer(y)  Leer(r) + Leer(ym)
times on the right hand side.

5. Non-vanishing edges e which are not between two vertices in S” appear 1ocg(1,) +
Leep(v,) + mult(e) — 1 times on the right hand side and at least 1oer(y) + eer(r) +
Leer(yrry =1 = Leep(u,) + Leeg(v,) + mult(e) — 1 times on the left hand side. To see
this, observe that if e appears in both E(y) and E(7) then eithere € E(X) ore € E(Y)
(depending on whether the endpoints of e are reachable from U, ). Similarly, if e
appears inboth E(7) and E()’T) then eithere € E(Y) ore € E(Z). Finally, if e appears
in both E(y) and E(y’T) then either e € E(X) ore € E(Z)

6. Vanishing edges e which are not between two vertices in S" appear

1e€E(U7) + 1e€E(VT) + mlﬂt(e) -2+ 13 vanishes from U, + le vanishes from V},/T
= 1eeE(y) + ]‘EEE(T) + leeE(y’T) — 2 + 1¢ vanishes from u, + 1¢ vanishes from Vyrr

times on the right hand side and at least

16€E()/) + 1E€E(T) + 1eeE()/'T) — 2+ 1, vanishes from u, + 1 vanishes from Vit
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times on the left hand side. To see this, we make the following observations:
(@) Teer(y) = leer(y) T Leer(r) + lecr () — 2 asif eappears in E(y), E(7), and E(y'T)
thene € E(Y).
(b) L.er(x) = Le vanishes from u, @s if e vanishes from Uy, then e € E(X).

() Tecp(z) = Te vanishes from V,r s if e vanishes from V,/r then e € E(Z).

4.5 Slack for Removing Middle Edge Indicators

We analyze the slack for the Removing middle edge indicators operation after the In-
tersection term decomposition operation. To do this, we may imagine that an edge
removed during the Removing middle edge indicators operation was removed immedi-
ately before modifying the sets U; and V;; applying the Intersection term decomposition
operation will result in the same shape whether the edge is removed before or after the
operation.!! 12

Theorem 4.29. Let Ry — R’ be a ribbon that undergoes the Adding left and right indicators
operation. Let T and 1’ be their respective shapes. Then

slack(7") — slack(t) > % (x 4+ xn)
where x is the total number of removed edges, and xn is the number of edges removed from U, N V.
Proof. By Lemma 4.10,
slack(7”) — slack(7)

= (% —a) (w(t') —w(t)) - (1-a) (w(uT/) + w(VT’)Z_ w(Ue) - W(VT))

L (y—ap) (IE(T’)I _E(Uy)] ; EVOl gy 4 EU) : |E(VT)|)
w(S)—w(S) |Iso(t’)|—|Iso(7)] &,
- 2 - 2 ~log, (c_)

We now make the following observations:

HFormally, this requires the following check. When an edge indicator moves out of U; U V; and into
the middle, this means that the SMVS no longer includes the edge. Therefore, whether or not the edge is
present is not affecting the calculation of the SMVS, and therefore the presence of the edge is not affecting
the recursion.

12Edges removed by the Removing middle edge indicators operation in the Finding PMVS subroutine
can be analyzed using either Theorem 4.29 or the analysis in Section 4.3.
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1. For all vertex sets X C V(t) equal to X’ C V(1’), we have
w(X") —w(X) = B (# of edges removed from X) .
In particular, w(7’) —w(t) = Bx, w(Ur) —w(U;) = B (# of edges removed from Uy ),
and w(Vy) —w (V) = B (# of edges removed from V7).
2. log,(c5,) = log,(c7) —yx. Similarly to Claim 4.17, when the edge indicator is
replaced by a constant term, we get a factor of magnitude =7 from the update

. g . 1
equation. Furthermore, we get a factor of n277 shifted from A; to c¢>. Multiplying
these factors together gives a factor of magnitude n™7 per removed edge.

IE(Ur)|+ [E(Vy)| |E(Ux)| + |E(Vo)]

IE(")| - —|E(7)l +
2 2
= —1 # of edges removed from U; \ V;) + (# of edges removed from V; \ U,
5 g g
1
= _E(x —xn)

4. w(S') =2 w(S) + pxn. To see this, let Sy, be S’ before the edges are removed. Since
Spre is also a separator for 7, w(S,,) > w(S). Since all separators for 7 contain
U, NV, removing the edges increases the weight of all separators for 7 by at least
Bxn which implies that w(S’) > w(S},,) + pxn. Putting these pieces together, w(S") >

w(S) + Bxn, as needed.
5. Iso(7’) = Iso(7).

Putting these pieces together, we have that

slack(7”) —slack(t) > (% —a)px— C _2a)‘3 (x+xn) — v —2aﬁ (x—xn) + gxm + yx
= %(x +xn) .
as needed. |

4.6 Final slack lower bound

Theorem 4.7. (Slack lower bound). At all times in the decomposition procedure described in
Section 3.4, letting T be the shape of Ry,

|E(U: )|+ [E(Vo)]
2

U] + [V
2

slack(t) > ¢ (|Et0t(’[)| - + Vot ()] =

where ¢ = min {1 -a, 7/_80(5}.
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Proof. Examining Corollary 4.20, Corollary 4.27, Theorem 4.29,

~ E(U E(V
slack(t) > y—op (lEtot(T)| _E(Uo) [+ [E(VA)
2 2
1—
+= . @ (# of vertices in (U; U V) \ (U; N V¢) not incident to Ey (7)) -

Note that the latter term is initially zero and after the Finding PMVS subroutine, since
otherwise a degree-0 vertex in (Uy U V¢ ) \ (U N Vi) could be removed to reduce the
size of the separator.

Every vertex in Vi (t) \ (U; U V7) is not isolated and so is incident to an edge in
Eot(7) \ (E(Ur) UE(V7)). On the other hand, the vertices of U; U V; which are not
incident to an edge of E(7) are accounted for by the second term. In summary,

)/—CV‘B |E(UT)|+|E(VT)|
> (|Etot(7)| - > )

1—
+ Ta (# of vertices in (U; U V) \ (U N V) not incident to E;y (7))

> Y _4a.B (|Et0t(T)| _ |E(UT)| ‘2|‘ |E(V’I)|)

-a U+ V¢
+min{1—a,y8 ﬁ}(lVfgf(T)l——l |—2H |)

as needed. n

5 Conclusion

In this work, we showed Sum-of-Squares lower bounds for Densest k-Subgraph. Our
results lend strength to the conjecture that Densest k-Subgraph is truly a hard problem
in the predicted “hard” parameter regime. Our results are in line with the log-density
framework for Densest-k-Subgraph, complementing the extraordinary work of [BCC10]
from over a decade ago.

Our work provides a formal lower bound against a concrete class of algorithms for
Densest k-Subgraph. For the optimistic algorithm designer that wishes to solve Densest
k-Subgraph, what kind of algorithms could circumvent our lower bound? First, one could
try to modify the constraints or objective of the semi-definite program. For example,
“mismatching” the size of the hidden subgraph may be helpful for the related Planted
Clique problem [AFdF21]. Our proof does not formally rule out non-standard SDP-based
algorithms, although we believe it is likely that our proof could be modified into a lower
bound against other SDPs. Second, algebraic approaches based on finite fields, Gaus-
sian elimination, or lattice-based methods are not captured by Sum-of-Squares reasoning
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[ZSWB22]. However, these techniques typically require a rigid “noise-free” structure in
the problem which isn’t present in Densest k-Subgraph, so such an algorithm would be
unexpected.

There are some technical limitations to our work, which are also present in almost all
existing SoS lower bounds. Technical improvements such as improving the SoS degree
from n¢ to Q)(k), or tightening the slack y — &8 seem out of reach for our current techniques.
We could also consider the closely related planted model where the size of the planted
subgraph is not approximately but exactly k. Our analysis doesn’t go through immediately
in this setting for technical reasons, which is also the case in most existing SoS lower
bounds. With additional work, this might be overcome, as Pang [Pan21] did for Planted
Clique. That said, we believe that the behavior of SoS is qualitatively the same.
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A Additional Content on Graph Matrices

A.1 Proof of Proposition 2.23

Proposition 2.23. Every shape has an SMVS which is left of every SMVS. Furthermore, there is
a unique SMVS left of every SMV'S with minimum vertex size.

To prove this, we prove a stronger structural characterization of the leftmost SMVSs
of a shape a. The leftmost SMVS of @ with minimum vertex size is then S in the statement
of Proposition A.1. The intuition for this structural characterization is that the sets S; are
“subgraphs of weight 0” that may be freely added to or removed from the “necessary
core” SMVS S.

Proposition A.1. The collection of SMVS of a which are left of every SMV'S has the following
structure: there are disjoint vertex sets Sand Sy, ..., Sy such that the collection is exactly S unioned
with ;e Si for all subsets I C [k].

Proof. First, we prove the existence of a leftmost SMVS. Let Sy, S» be two minimum vertex
separators. Then we can construct a minimum vertex separator to the left of both of them
as follows (see Fig. 3 for a picture). Since this process cannot continue indefinitely, it must
terminate in a vertex separator which is left of all other vertex separators.

Let L1 C S; be vertices of S; reachable from U, without passing through S,, and
likewise for L, € Sp. Then we take Sp := Ly UL, U (51N Sy).

To show that S; is a vertex separator, take a path P from U,. Without loss of generality,
P passes through S before S, (or at the same time). Then L; (or S; N Sp) blocks P.

To show that Sy is minimum, observe that if we perform the analogous construction of
Sg then w(St) + w(Sr) < w(S1) + W(Sz). To see this note that |Sy| + |Sg| = [S1] 4+ |S2| and
each edge e appears at least as many times in S; and Sg asit doesin S; and S;. In particular,
ife € E(S1) and e € E(S,) then e is also in both E(Sy ) and E(Sg). If e € E(S1) \ E(S2) thene
must be in either E(Sr) or E(Sg) (note that e cannot go between L; and R; as otherwise S,
would not be a separator, see Figure 2). Following similar logic, if e € E(S;) \ E(S1) thene
must be in either E(Sy) or E(SR).

Since S; and S are minimum weight vertex separators and w(Sy) + w(Sr) < w(S1) +
w(Sy), we must have that w(Sy) = w(Sg) = w(S1) = w(Sy) so both S; and Sg must
be minimum weight vertex separators as well. This finishes the proof of existence of a
leftmost SMVS.

Next, we prove the structural characterization. Suppose Sy, S are both SMVS which
are left of every SMVS. Since S; is left of Sy, we have L, = 0, and likewise L, = 0. The
previous construction now shows that S; = 51 N S is also an SMVS.

Furthermore, we claim that S; N S5 is left of every SMVS. Suppose T is another SMVS,
and P is a path from U, to T. Since S; is left of T, P passes through (S; N Sy) U Ry, and
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Figure 3: Leftmost and rightmost SMVS

likewise for (S1 N Sp) URy. Since S is left of Sy and vice versa, path P must pass through
both sets at the same time, therefore it passes through S1 N S,.

Therefore, the collection of SMVS which are left of every SMVS is closed under inter-
section. We may now produce the set S as the intersection of the family. The sets S; are
the refinement of the family under intersection. It must hold that w(SUS;) = w(S) for
all i, since they are both SMVS. Therefore, there cannot be any edges between §S; and §S;,
otherwise SU §; U §; would have smaller weight than S. Therefore, unioning S with any
number of the S; always produces an SMVS with the same weight. n

A.2 Additional definitions

Definition A.2 (Automorphism group). For a shape a, define Aut(a) to be the group of graph
isomorphisms of (V(a), E(«)). Equivalently, Aut(«) is the stabilizer subgroup of Sy, of any ribbon
R with shape a.

Proposition A.3. |Aut(0c)| Z Mg = Z My (a)
ribbons R of shape injective :V (a)—[n]

We would like to enforce that all SMVS of a given shape are isomorphic graphs. This
can be achieved by adding an infinitesimally small quantity to w(S) that breaks equality
depending on the isomorphism class of S. Equivalently, we redefine the SMVS to minimize
(w(S), S) lexicographically using an arbitrary and fixed total order of all graphs S. Either
way, we will use the following proposition.

Proposition A.4. If 7 is a middle shape, we may assume that U, and V. are isomorphic as graphs.

B Densest subgraph weight function

As pointed out in Section 3, whether or not edges are present inside a shape’s separator
affects the norm bound. We may find the norm bound using the following weight function
for S being a graph on [n],
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Waensest(S) = 151~ og,,(1/p) [E(S) NE(G)| +1og,(1/p) [E(S) NE(G)] -

Letting S,,;, be the minimizer of wg,,ss Over separators of Ag and Bg in a shape a,
then we would like:

~( V(D)= gensest (Smin) )
n 2

—~ |V(“>|—|Smin| |E(Smin)mﬁl_w(smin)m’:(c”
M < O o : _

There is a problem with the above “formula”. Observe that the definition of w e ses (S)
depends on the instantiation of G restricted to S. Hence two ribbons of the same shape
may not have the same MVS, and it isn’t possible to define the MVS with respect to w;,sest
on a shape level instead of a ribbon level. This is also true of the PMVS as described
in Section 3, although there we handle it by using edge and missing edge indicators
(Remark 3.6). We might like to use edge indicators in a similar way to define wgesest-
However, it is crucial in our analysis that the edge indicators are restricted to be in only
the middle part, where they can be controlled, and are not allowed in the left and right
parts.

The weight function w5 has the property that if it identifies an MVS with missing
edge evaluations, then removing those Fourier characters still has the same MVS (and
hence this is a positive ribbon that could potentially be used to norm-dominate the original
ribbon). This is stated as follows.

Lemma B.1. If Ag is a minimizer of Wgensest it tibbon R, and Ag contains a missing edge x., then
AR is a minimizer of Wyensest in R’ = (AR, Br, E(R) \ {e}). The same holds for Bg.

Proof. The connectivity of Ar, Bg and Ag/, Br is exactly the same, therefore the collection
of left/right separators is the same. By removing the edge, wgesest(Ar) decreases, and
therefore it continues to be a minimizer. [ ]

C Requirements for Combinatorial Adjustment Terms

In order for the PSDness proof to go through, we need that for some ¢ > 0, the following
bounds hold:

Bound C.1.

1. e<a<

N|—

2.y-ap=c¢
3. p-y=c¢
4. log,(Dv) < 55
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100
5. Dy > TDSOS

6. For all proper middle shapes t, slack(t) > ¢ (|E(’I)| - w + |V (7)| - W)

More generally, for any middle shape tp resulting from a sequence of interaction patterns,

|E(Uzp)| + E(V1p)| Ul + [V, |
slack(tp) > & (|Etot(TP)| -+ Via(tp) - —
7. Bugjuse(@) and c(a) are at most nifn (E(@)|-EE5 Y (o)) Halgleel
8. For an interaction pattern P on y,t,y’'T, ¢(P) and N(P) are at most
y , (U7 )HE(V, ) Urp 11V, |
e L e e e e
n

The first five bounds are satisfied by the choice of parameters in the main Theorem 1.1.
The lower bound on the slack was proven in Theorem 4.7. We will verify the bounds on
the c-functions in Appendix E.5.

Remark C.2. While we generally think of ¢ > 0 as a fixed constant which is independent of n,
here it is okay for € to depend on n.

Probabilistically, we will assume the following events occur in the random graph
G ~ gn’p.

1. The norm bounds hold (Corollary D.4)
2. A small subgraph density bound holds (Proposition D.9)

Both of these occur with probability at least 1 —n™" for a tweakable parameter r. For
Theorem 1.1 we may use 7 = 1.

D Norm bounds

A central part of our analysis is norm bounds for graph matrices. Fortunately, these norm
bounds were proven in our prior work [JPR"22]. For completeness and exposition we
reprove them here in a simpler form which can be applied more smoothly in our setting.
In particular, we simplify the lower-order dependence at the cost of having extra log()
factors in the base of the exponent.

Theorem D.1. For all n > 0, the following statement holds with probability at least 1 —n".
For all shapes a such that |V(a)| < 3Dy, |U,| < Dses, and |V,| < Dseg, letting S be an
SMVS of a and taking q = max {1OD%,, [DsosIn(n)],[n ln(n)'l},

[V(a)l—w(S)+Iso(a)
2

Ml < 5(6qu)IV(a)|_ ILIaI;-\VM ,
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Proof. Tt is easy to reduce the case when Iso(a) # 0 to the case when Iso(a) = 0 so it is
sufficient to prove the theorem when Iso(a) = 0. To prove this theorem when Iso(a) = 0,
we use the following lemma.

Lemma D.2. For all shapes o and all q € IN,

E [tr (MaM)")] < (2911 ()50 @l max _[ 0

separator S

To use this lemma, we observe that for all ¢ > 0 and all 4 € IN, by Markov’s inequality,

Flounir))

&

% [ [tr (MaM])7))]

&

Pr|(IM.| > < Pr|tr((MoM()7) >

We want to ensure that with probability 1 —#n™", all of our bounds hold. To do this, we
choose ¢ to be at most 77" times the number of shapes we are considering.

Proposition D.3. For all Dy € IN, there are at most 210Dy? shapes a such that |V (a)| < 3Dy
Proof. We can specify each shape a with at most 3Dy vertices as follows.

1. For each j € [3Dy], we specify whether vertex j is in Uy \ Vi, Vo \ Un, Ux NV,
V(a)\ (Uy U V,), or does not exist at all. There are 5°Pv choices for this.

2. For each i,j € [3Dy] such that i < j, we specify whether there is an edge between

3D

vertex i and vertex j (assuming they both exist). There are at most 202" choices for

this.
3D 3D
This gives a total of 530v2("2") choices. For Dy = 1, 530v2(2") = 1000 < 1024 = 210Dv?
2
and the ratio % grows for larger Dy. n
53sz( 2V)
Taking ¢ = m and taking 4 = max {10D%/, [DsosIn(n)7], [n1n(n)7}, we make the

following observations:

qu
1. \/z<e

2. Letting S, be an SMVS of a,

2
|V (a)|-w(S,,; q
< n'CU(Smin) (n o ZZU( mm))
separator S

and since w(S,;;) < Dses and g > Dsgg In(n), Vn@(Smin) < +/fe
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Putting these pieces together, we have that for all shapes « such that [V (a)| < 3Dy, with
probability at least 1 — ¢,

V(a)l~w(S,,;
|V(a)|_|ua|;|va|n\ (@)l 120< min)

M|l < 5(6Dvyq)
Theorem D.1 now follows by taking a union bound over all such shapes a. n

In our setting, we take Dy so that Dy > Ds,sIn(n) and nln(n) < 10D%, so that we can
bound the truncation error appropriately. Thus, in our setting we can take g = 1OD%/.

Corollary D.4. Forall Dy, Dss € N and 1 > 0 such that Dy > Dgeg In(n) and 1ln(n) < 10D,
the following statement holds with probability at least 1 —n™".

For all shapes « (allowing isolated vertices but not multiedges or edge indicators) such that
|V(a)| < 3Dy, |Uy| < Dsos, and |V | < Dsqs, letting Sy be an SMVS of a,

V(a)l-w(S,,;,)+|1
|V(a)|_‘uc¢|;|le‘n| (“)I w( 1151)1) |SO((X)|

M|l < 5(60D%))

Based on this corollary, we make the following definition.

Definition D.5 (B,just). Given a shape a, we define
Badjust(a) = 5(60D%/)|V(a)|_‘ua|;rlva‘ .

Therefore for n < Dy, with probability at least 1 —n™", for all of the shapes a which
we consider, recalling the notation ||M§ || from Section 4,

IMall < Bagjust () M|

We now prove Lemma D.2, which says that

separator S

]E[tr((MaM;)q)]s(2q|V(a)|)2q(|V<a)|——'”“‘§'V“')anV<a>| max nT[ 1-p

Proof of Lemma D.2.
Definition D.6. Define H(w,2q) to be the graph formed as follows.
1. Take the shapes ay, . .., azq where for all j € [q], axj—1 is a copy of a and ayj is a copy of aT.

2. Foralli € [2q —1], glue o and a1 together by setting V,, = U,

aip1- Then glue aog and ay
together by setting Vo, = Ua,.
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When we expand out tr ((MaM;)q), we obtain

2q
tr((MaM;)") = Z H H Xin(e)}

:V(H(a,2q))—[n]: =1 ecE(w;)
7 is injective on each a;

where if e = {u, v} then nt(e) = {n(u), n(v)}.

We split the maps 7 into equivalence classes based on the following data.

For each vertex v € V(a;) \ Ua;, we specify whether there exists an i < j and a vertex
u € V(a;) such that n(v) = m(u). If so, we specify such a pair (i,u). There are at most
2g|V (a)| choices for this. We have that 2?11 Viaj)\ Ua; = 29(IV () - W"'Zﬂ) so the total
29(1V ()|~ HalsValy

number of equivalence classes is at most (24|V(a)|)

We now analyze the contribution to E [tr ((M,XM; )q)] from each equivalence class.

Definition D.7. For each j € [2,2q — 1], let S; be the set of vertices v € aj such that there exists a
i < jand u € V(a;) such that m(u) = n(v) and there exists a k > j and a vertex w € V(ay) such
that (v) = m(w). Note that we may take u = v if v € Uy; = Vo, , and we may take w = v if
vE Va]. = lla].+1.

We now observe that for the terms with nonzero expected value, each S; must be a
vertex separator of ;.

Proposition D.8. If S; is not a vertex separator of a; for some j € [2,2q — 1] then
2
E [Hiil HEEE(OQ) X{n(e)}] =0

Proof. Assume S; is not a vertex separator of a; for some j € 2,29 — 1] and let P be a path
from llaj to Va]. which does not intersect S;.

Let v be the last vertex in P such that there is an i < j and a u € V(a;) such that
n(u) = m(v). This vertex must exist as the first vertex in P is in Uy, = Vi, , and thus has
this property.

Note that there cannot be a k > j and a vertex w € V(ay) such that (v) = n(w) as
otherwise we would have that v € S;. This implies that v ¢ V,; so v cannot be the last
vertex in P.

Let v” be the vertex after v in P and consider the edge e = {v, v’}. By the way we chose
v, thereisno i’ < jand 1’ € V(a;) such that 7(1’) = m(v"). As we noted above, there is no
k> jand w € V(ay) such that (v) = (w). This implies that {5 (), only appears once in

2 2
the product Hiil ek (@) Xin(e)) SO E [Hiil [TeeE(a)) )({n(e)}] = 0, as needed. n

We now bound the contribution to E [tr((MaM;)q)] from an equivalence class as
follows. Let 51 = Sp; = (0. For each j,
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1. For each vertex v € V(a;) \ Sj, we assign a factor of v/ to v.
Note that for each distinct vertex in t(V(H(«,2q))), this assigns a factor of yn to
this vertex for the first and last time it appears which gives a total factor of n.

2. For each edge e € E(S;), we assign a factor of wll%p to e.

Note that for each distinct edge {x, y} in the multiset (E(H(a,2q))), letting m, , be
the number of times the edge {x, y} appears in n(E(H(«,2q))),

My <2+ {j € [29] = {x, y} € 7(S)))]

Thus, this assigns a factor of at least

to the edge {x, y}.
This gives an upper bound of

2g-1 Sl 1 |E(Sj)| 1 [E(S)]
LAV (@) n—T’[ ;PJ < V@I max n—%{ ;P]
1

p separator S

29(1V (o) |- HaltValy

Since there are at most (2g|V(a)|) equivalence classes,

separator S

]E[tr((MaM;)q)]s(2q|V(a)|)2q<|V<a)|——'”“‘§'V“')an(an max nT[ 1-p
as needed. .

D.1 Conditioning

Subgraphs of G which are excessively dense are highly unlikely to occur and will need
to be “conditioned away”. This part of the analysis is only needed for controlling the
truncation error and calculating E[l] and is not needed for analysis of the approximate
PSD factorization.

For a small graph S on [n], w(S) is approximately equal to the logarithm of the expected
number of copies of Sin G ~ Gy, . Therefore, we expect that all subgraphs satisfy w(S) > 0.
We show that this holds approximately in the following proposition.
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Proposition D.9. For all n > 0 and D € N such that 4log, (D) < B, the probability that there

is a subgraph H of G ~ G, - such that [V(H)| < D and |[E(H)| > ,3|—V2(1Iic);|,:EIg)

Equivalently, with probability at least 1 —n™" all subgraphs H of G such that |V (H)| < D satisfy

is at most n~".

w(H) > -n - 2|E(H)|log, (D)

Proof. We use the first moment method. For all 4 and b such that a < D, the expected
number of subgraphs with exactly a vertices and at least b edges is at most

-1 2\’ _
h a(az ) b < na(Z) B < n_nna+r]+(2logn(D)—ﬁ)b
a b — alb! ~al

Ifb > a+—n) then n#+1+(2108,(D)=P)b < 1 50 the expected number of graphs with exactly

= p-2log,(D
a vertices and at least b edges is at most %n Using Markov’s inequality, this implies that
the probability that there is a subgraph with exactly a vertices and more than ﬂ_zﬁﬁ

edges is at most ”a—_,n Taking a union bound over all a € [2,D] (the cases when a < 1

are trivial), the probability of having a subgraph H with at most D vertices and at least
V(H)l+1

F2log (D) edges is at most n™. n
Theorem D.10. Conditioned on G having no subgraphs H such that |V (H)| < D and |[E(H)| >
V(E)I+1

52log (D) and the norm bounds holding,

1. For all shapes a such that |V (a)| < D,

/\a”Ma” S ZBﬂdjuSt (a)n(l_a) M;MWL’]_(V_W_?’ logn(D)NE(aM

2. For all left shapes o such that |V (0)| < D and |Us| < Dses,
AolM | < 2B i G)n(l—a)Dgos+r]+(g—aﬁ)IE(VO)I—(y—aﬁ—B)logn(D))|E(o)|
Note that this may be stronger than the first bound when |V 4| > Dggs.

Proof. We start with the first statement. Given a shape a, let S be a set of vertices of a
(not necessarily a separator) which minimizes w(S%) = |S%| — BE(S2). In other words, S?
determines the norm bound of the scalar 1TM,1, which is equivalently the shape obtained
from a by setting the matrix indices U, and V, to be 0.

If w(SY) > 0, letting S be the SMVS of a, we have that w(a) > w(S) > 0 so we have the
following bounds
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Ay = p(@=D(V(a)-tel) 1 (5 E(a)
_ (1) e B (a0 (a) - (y-ap E()

< (- MVl L —ap)lE(a)]

V(@)l-w(S) V()]
2. [Mgll < Badjust(a)n 2 = Badjust(a)n 2

Putting these bounds together,
AalMall < Bogjsy (cr)n (170 5~ (r—ap) EC@)

|Sal+n
p-2log, (D)’
conditioning argument (Lemma 6.30) from [JPR"22] which allows us to reduce M, to a
linear combination of shapes with fewer edges before applying our norm bounds.

Lemma D.11. Given a set of edges E, if we know that not all of the edges of E are in E(G) then

7 |EI-IE"|
S

E'CE-E'+E ( 1-p

We now analyze the case when w(S%) < 0. If |E(S2)| > we apply the

XE = —

0
If |[E(S2)] > &%, we apply Lemma D.11 to S%. In particular, we apply the

following step repeatedly:

1. Specify an edge which is removed from E(S?) and specify whether there is at least
one more edge which is removed from this application of Lemma D.11 or we are

done with this application of Lemma D.11. Note that there are at most 2(? ) < D?
possibilities for this.

If there is still a subset S C S? such that [E(S)| > . |SI+1

T a10g (D) then we apply Lemma D.11 to

S and repeat this process. Otherwise, we stop.
For each j € IN U {0}, this gives a total of at most D% terms where j edges were removed.

J
Each such term comes with a factor of ( %) for the removed edges.

We have the following bounds:

1. A, = n(a=D(V(e)-Hallel) Gy)E(@)] — 4 (1-a) el FRL_(}—a)w(@)-(y-ap)E(@)
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2. For each of the resulting terms, letting j be the number of edges which were removed
and letting I be the set of isolated vertices after the edges are removed,

1| < (B —2log,(D))j + w(Sh) +21og, (D)IE(SH)| + 1

To see this, observe that I C S as only edges in S can be removed. Now consider
the set S obtained by deleting the removed edges and all vertices in I from S2. We
have that

Sl+n 1S3 +n-11|

E(Sa) = j = IE(S)| < p-2log,(D)  p-2log,(D)

which implies that

1l < 1S31 + 71— (B —21og,, (D)) (IE(SH) - )
= w(SYh) + 2log, (D)IE(SY)| + n+ (B —2log, (D))j

3. For each of the resulting terms f3, letting S’ be the SMVS after the edges are removed,
w(S") > —2log, (D)IE(S2)| —n. We can show this as follows. Let S” = §' N SY
and observe that w(S”) < w(S’). To see this, observe that since none of the edges in
E(S")\ E(S”) are removed, w(S") —w(S"”) is unaffected by removing the edges. Now
note that before the edges are removed, w(S") —w(S”) = w(SL U (5’ \ S")) —w(SY) >

0.
Since S” C S, we have that after the edges are removed, |[E(S"”)| < ﬁlsi() which

implies that w(S") > —2log, (D)|E(S”)| - n = —2log, (D)|E(S4)| - 1.

min {0, w(a)}, and observing that removing vertices and/or edges from a shape a can
only reduce Bj,s¢(a), we have that

Putting these bounds together, using the bounds that [E(S%)| < |E(a)| and w(S%) <

AalMall _ 'Ei"(Dz p )fn|v<a>+g|_w<s,)
Bad]ust( ) 1-p

WV a V(a)+21og,, (D)E(SD)|
U \JZFW |_‘V(2 )|_(1 ) ( )_(V_aﬁ)|E(a)|n (a)l+21log, (D)IE(Sp)l+n

< n(1-a) s—a)w(a s
E ;

Ea)! ’ p T (p-210g, (D)) +(sY) +210g, (D)ESH) 147
3 (o [T et

=0 top

|E(a)

< (1-a) Mell¥al_ () g |E(a) ( / ) 20811 2 10g,, (D)IE()l+1
i=0

< oy (1-a)Helflel n— (y—ap-3log, (D)) IE(w)|

~.
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To prove the second statement, we split into cases based on whether w( V) isnon-negative.
For the case where w(V,) < 0, we follow the same procedure as before. We let 52 be a
set of vertices of ¢ which minimizes w(S%). As long as there is a subset S C S? such that

|E(S)| > ﬁ_zﬂﬁ, we apply Lemma D.11 to S. For each j € IN U {0}, this gives a total of at

most D%/ terms where j edges were removed where each such term comes with a factor of

J
( \ /1% for the removed edges. For each such term, letting I be the set of isolated vertices

and letting S’ be the new SMVS, we have the same bounds as before:
L Il < (B -2log,(D))j +w(SY) + 2log, (D)IE(SH)| + 1
2. w(S") = ~2log,(D)IE(Sp)l =1
To bound A, we observe that
Ay = n(-) 2T —a)w(o)~(r-ap)E(o)

_ (1) M- e (v )+ (G —ap) (Vo) - (3-a)w(0)- (y-ap) E(o)]

Using the bound that w(V,) < [U,| +w(S%) < Dses + w(S?2), we have that

WVl | 1oap(80) -+ (5-aB)E(V,)I- (1 -a)w(o) - (y-aB)[E(0)]

Ay < nl17®)

Putting these bounds together, using the bounds that |[E(S?)| < |E(c)| and w(S?) <
min {0, w (o)}, and observing that removing vertices and/or edges from a shape ¢ can only
reduce Bggjust(0), we have that

E .
Al Mgl <1 | (G)|(D2 p )jn|v<a>|+21|—w(5/>
S Ag
Badjust(a) =0 1-p
7 V(0)|+21log,, (D)IE(S2
< (1) Dss= 421 Lo200(50) + (B-aB (Vo) - (3-a)uo(a)~(y-aB (o), L2ty DIEC
|E(O)| 2 p ] (ﬁ_zk’gn(D))j+10(59)+210gn(D)lE(Sg)Hn
Z D 15 n 2
j=0 P

|E(0)l ,
< (1= Dses +(§-aP)E(Vo) - (y=ap)IE(0) ( / ) (p=2108,O)i 1 5 10g,, (D)IE() 147
=0

< 272(1=@)Dsos++(5-ap)E(V) = (y=ap-310g,, (D)) [E(0)|

~.

For the case when w(V;) > 0, we again observe that

Ay = n() = (Vo) 4 (5 -ap)IE(Vo) | (3-a)w(o)~(y~ap) (o)
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Since w(o) > w(Vy) = 0and w(Vy) < |Us| < Dsos ,

Ay < n(1=0)Dsos= 5+ (B-ap)E(Vo) = (y-ap)IE()]

[V(o)l-w(S) V(o)l

Since |[M,|| < Badjust(a)n 2 < Badjust(g)n 2

, we have that
AolIM, || < Badjust(G)n(l—a)Dsc>s+n+(g—aﬁ)lE(Vo)l—(V—aﬁ)lE(U)l .
(]

Using the forthcoming notation of Appendix E.1, we deduce the following norm
bounds for left shapes.

Corollary D.12. With the conditioning, for all U € 1 ;3 and all 0 € Ly <p,,
Ag-IIMy-|| < ZBadjust(U)n(l—a)DSOSJrU—(g—3108n(Dv))IE(U)I—(V—Ofﬁ—?)lOgn(DV))IE(G)\E(U)I _
Proof. By Theorem D.10,
AsliMg| < 2Bad]-ust(O—)n(l—a)DSos+11+(g—aﬁ)lE(U)l—(V—aﬁ—310gn(D))|E(0)I
We now observe that

[E(U)|
Ao-|[M,-|| < ( L) n(V—Q)IE(U)I/\U”MG” — n<7—5)|E(U)|AU||MG||

I-p

where we remove the indicators from V, for the purpose of bounding [|[M,||. Combining
these bounds gives the result. n

Corollary D.13. With the conditioning, for all U € I ;3 and all 6 € Ly <p,,
Ag-IIMo=l| VAUIMU| < 2Bygjs¢ (0P8 13 PS5V ()
Proof. By Corollary D.12,

NI 1| < 2By () (1= Dscs (53108, (DY )IE(U)I-(=a=310g;, (D) IE@)\E(W))

Since VAylIIMyll = n(é_%)lE(u”, using the fact that |E(0)| > |V (o) \ U, we have that

As=IMg- [l VAulMyll < ZBadjust(U)n(l_a)DS°S+’7_(%_3108n(DV))|E(U)|—()/—ocﬁ—3logn(DV))|E(g)\E(u)|
< ZBadjust(G)nDSOSJrn_%DSOS_§|E(G)I_§|V(U)|

as needed. ]
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E Formal Approximate PSD Decomposition

E.1 Starting point for the approximate PSD decomposition

In this section, we show that with high probability, the pseudo-calibrated moment matrix
A (formally defined in Section 2.9) is PSD. We do this by giving an approximate PSD
factorization for A. We will then show that the error is PSD dominated by the terms in
this approximate PSD factorization. For this approximate PSD factorization, we use much
of the technical framework of [PR20] (although we cannot formally apply the machinery
there because it does not work well for sparse random graphs, nor does it incorporate the
PMVS idea).

Definition E.1 (7 ,;;). Let 1 ,,;; be the set of shapes of separators of S. In other words, I iy is the
set of diagonal shapes a such that V(a) = Uy = V, and |V(a)| < Dy.

Definition E.2 (£ and £y and Ly; .p). Let L be the set of left shapes in S. Given U € 1 ,,; and
D € IN, we define Ly to be the set of all left shapes 0 € S such that V, = U. The set L1 p also
requires |V (0)| < D.

Definition E.3 (M and My and My v p). Let M be the set of middle shapes in S. Given
D € N and U,V € I, (which may intersect), we define My y to be the set of middle shapes
T € Ssuch that Uy = Uand V. = V. The set My v <p also requires |V (t)| < D.

Remark E.4. Due to the size constraints on shapes in S, we only have shapes with at most Dy
vertices. We will sometimes write Ly <p,, instead of the equivalent Li; when it is relevant to the
current section. Since all of the shapes we will consider have an SMV'S with weight at most Dss,
we only consider U € I ;3 such that w(U) < Dges.

Definition E.5 (7 and 7 <p, <p,). Given a shape T (which may or may not be proper), we
define T to be the set of triples of ribbons (Ry, Ry, R3) such that

(i) Ry has shape t.
(ii) Ry is a left ribbon and Rj is a right ribbon.
(iii) Rq,Ro, Ra are properly composable.
(iv) The edges and edge indicators agree on B, = AR, and Br, = Ag,.
(v) Ry, R3 have no edge indicators outside of Br, = AR, and B, = Ag,.
T 1,<D, <D, Additionally requires that |V (Rq)| < D1,|V(R3)| < D».

Definition E.6 (R(a)). Given a shape a, we define R(a) to be the set of ribbons R which have
shape a.
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Definition E.7 (Minus abbreviation). Given a left ribbon L, let L~ = L\ E(BL). Given a right
ribbon R, let R~ = R\ E(AR). The notation is defined similarly for shapes.

Definition E.8 (U ~ V). Given U,V € 1,4, we write U ~ V if {U| = |V|, |[E(U)| = |[E(V)|, U
and V have the same edges on the vertex set U NV, and U and V have the same order on UN V.

Starting from the pseudocalibrated formula for A and incorporating this notation, we
have the following lemma.

Lemma E.9.

- vy
A= Z e Z Z AR  oRy0R; MR-0Ry0R;

U,VEImid: TEMU,V R11R21R3€TT,SD‘/,SDV

— truncationq
where truncation is defined in Definition E.10.

Proof. Starting from A = ) gcs ARMRg, we apply Proposition 2.33 to factor R into a left,
middle, and right ribbon. We symmetrize over all choices of the order for the leftmost

SMVS U and the rightmost SMVS V such that the permutation on U NV is the identity
vy
[anvi!

permutation. There are exactly

N vy o quin?
U~ Vand gagr = mavn-

— [unvi!
A= Z Z Z W/\RIORQOR;MRIORzoR;

such choices for the orders. By Proposition A.4,

Therefore,

U,VE_Z'midi UE.LU R1€R(O')
u~v TGMU,V RZER(T)
aeLly: R3eR(0'T):

[V(070t0o(0’T)7)I<Dv Ry,Ry,R3 properly composable

The condition [V(6~ o 7o (¢’T)7)| < Dy arises because the size of the entire ribbon
R = R] oRy o R} isbounded by Dy. We would like instead that the sizes of the individual
pieces Ry, Ry, R3 are bounded separately by Dy. The difference between these two consists
only of very large ribbons, which we will bound as a truncation error.

Definition E.10 (truncation;).

truncation; = Z iunvit Z Ag=oto(orm)~Mg=oro(a')-
1 — (lul')2 IAut(a‘ oTO (OIT)_)l
U,Ve]mid: GE‘EU,SDV
u-v T€eMu,v,<py,
0’eLy<py:

|[V(6~oto(a’T)7)|>Dy
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We have grouped truncation; into shapes. In terms of ribbons, by Proposition A.3,

. unvi
truncation; = Z W Z Z ARMpg

U, Vel oLy ReR (0~ oto(0’T)7)
u~v TGMU,V
o’ely:

IV(0=0t0(0'))I>Dy

. [unvi
a Z (|U||)2 Z Z ARIORzoRg MRIORzoRg

U,VEIm,-d: UE.L:U Rleﬂ(a)
u~v eMyyv RyeR(7)
o’eLy: R3eR(0’T):

[V(67070(0’T)7)I>Dy Ry,Ry,R3 properly composable

Continuing the calculation,

. unvi!
A + truncation; = Z W Z Z AR; oRyoR; MR=0R50R;
U,Ve]m,-d: ) O'€.£u Ry ER(O)
u~v TeMyy RyeR(7)
o'ely R3€R(0'T):

R1,R3,R3 properly composable

_ iunvi!
N Z (|U|')2 Z Z ARIORzoRg MRIORZOR;

U, Vel yg: t€Mu,v R1,R2,R3€T 7 <Dy, <Dy,
u~v

as desired. -

E.2 Interaction patterns

In order to analyze A, we use the procedure in Section 3 as described by interaction patterns.
These generalize intersection patterns (Definition 2.36) to account for the additional ways
that shapes can interact in the recursion.

Definition E.11 (PMVS interaction, implicit definition). Given composable shapes y,t,)'T
such that E(V,) = E(Uz) and E(V;) = E(U,r), let Pﬁl\f‘y/,ﬁ be the set of possible choices for one

iteration of the Finding PMVS subroutine (Section 3.2, note that this includes the Removing
middle edge indicators operation) run on ribbons Ry, Ry, R3 of shapes y,7,)'T.

Definition E.12 (Intersection term interaction, implicit definition). Given composable shapes
v,7,7'T such that E(V,)) = E(Uy) and E(V;) = E(U,n), let P%E,;f,‘ft be the set of possible
choices for the Intersection term decomposition operation followed by the Removing middle
edge indicators operation (Section 3.3) run on ribbons Ry, Ry, Rz of shapes y,7,)'T.

P ; interact _ ¢q@PMV'S intersect
Definition E.13 (Interaction pattern). Let P%W’T = P%W,T U SD%W,T .
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Definition E.14 (PMVS interaction, explicit definition). Given composable shapes y,t,)'T
such that E(V,) = E(U¢) and E(V) = E(Uy), a PMVS interaction pattern P € PPMVS

Py
consists of:

(i) Foreachedgein E(U;) U E(V ) which does not yet have an edge indicator, we specify whether
the edge is given an indicator or is removed,

(ii) For each edge in E(U) U E(V) which is now in the middle of y~ ot o (y'T)~, we specify
whether the edge is kept or removed when the indicator is removed.

We furthermore have the structural property of P with y,t,y’T that after the edges have been
removed from Vy, = Uy and Vi = U,r in the first step, U, is the leftmost SMV'S for y and V.
is the rightmost SMVS for y'T.

Definition E.15 (Intersection term interaction, explicit definition). Given composable shapes
y,7,Y'T such that E(V),) = E(Uy) and E(V,) = E(U,), an intersection term interaction
pattern P € P;Ziflrysleft consists of:

(i) An intersection pattern between y~,t, (y'T)”

(ii) After these intersections, some edges appear with multiplicity greater than 1. For each such
edge, we linearize it and specify whether we are taking the term with an edge, or the constant
term.

(iii) For each edge indicator in E(U;) U E(V ) which is now in the middle of y~ ot o (y'T)~, we
specify whether the edge is kept or removed when the indicator is removed.

We furthermore have the structural property of P with y,t, )y’ that U, is the leftmost SMVS in
y of Uy and Vo, U Vipsersected (V), and Vo is the rightmost SMVS in y'T of Uy U Viggersectea (Y')
and V.

4

Definition E.16 (tp). Given an interaction pattern P € Piy”’;em‘:t let Tp be the resulting shape.

/V’T 4

Definition E.17 (N(P), implicit definition). Given y,t,)’T and an interaction pattern P €
7’;”‘;@;”,?, we define N(P) so that for each ribbon R of shape tp, N(P) is the number of triples of
ribbons Ry, Ra, R3 of shapes y,t,y’T which result in the ribbon R through interaction pattern P.

N(P) > 1 holds when there is an increase in symmetry in an interaction term.

Definition E.18 (cp, implicit definition). Given an interaction pattern P € Péftema we define

T/V/T ’

cp such that N(P)cpA, is the coefficient on a resulting ribbon R of shape Tp.

Following the analysis in Claim 4.17, Claim 4.23, we have the following explicit
formulas for cp.
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Definition E.19 (cp, explicit definition). Given an interaction pattern P € P?f;”,ﬁt,

1. If P is a PMVS interaction,

(n—y) (total # of removed edges) (_1 )# of edges removed from U UV for not being in E(G)

cp

1 (# of new edge indicators)
( ) (1 _ P)# of edges and edge indicators removed from the middle

1-p

2. If P is an intersection term interaction,

k (# ofintersections) q _ p mult(e)_1+1e vanishes 1 _ Zp (mult(e) _2)16 vanishes
o= (£ i 1%
eGEtot(Tp) P(l _p) p(]‘ - p)

( 1- 2]9 )1muh(€)2,e does not vanish or have an indicator 1— p 1m‘11t('3>:2/€ has an indicator
p(1-p) p

(1 _ 3p + 3p2 )lmult(e)?),e does not vanish
p(1-p)

. (1 _ P) (# of edges and edge indicators removed from the middle) ( )(# of edges removed from the middle)

q-p

Lemma E.20.

1 (# of intersections) B mult(e) 141, yanishes B mult(e)~1-T1, vanishes
epl < (n*) [T () (%)

e€E ot (’L’p)
(1- P)# of edges and edge indicators removed from the middle (n™) (# of edges removed from the middle)

Proof. This may be proven either directly from the exact formula above, or by the analysis

1-2 - _B
P < P — 173, Note

Vp(l-p) P

already presented in Claim 4.23. From the above, note that

1-3p+3p?
p(l-p) —

1p _
that 5 =1

N|—=

asp <

Definition E.21 (c};). Define cj to be the polynomial factors in cp, namely

~ _1\(#of intersections) B_ mult(e)—1+1¢ vanishes B mult(e)—1-1e panishes
CI; = (Tla ) H nai—v nz

e€Eot (Tp)
) (n_y) (# of edges removed from the middle)
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E.3 The approximate PSD decomposition

Applying the recursion as described in Section 3 with the definitions from the previous
section, we obtain the approximate PSD decomposition as follows. The proofs essentially
follow from the definitions and are delayed to Appendix E.3.1.

Definition E.22 (Plus abbreviation). Given a shape T, let T+ denote the improper shape with
left and right edge indicators added to U, and V.

Definition E.23 (Terminal interaction). P € SDI; AT/IX,S; isa terminal PMVS interaction ifall edges
are given indicators (none are removed). P € Pintersection jg g terminal intersection interaction if

vyt
there are no intersections.

Lemma E.24 (One iteration, PMVS operation). For all shapes t and D1,D, € N,

Z AR; oRy0R; MR-0Ry0R;
(R1,R2,R3)€T 7,<D; <D,

R

)(# of new edge indicators)
(R1,R2,R3)€T +,<p, <D,

Ap- -M,,- _
Ry oR20R;VIR; oRz+ oR;

N (P ) cp
+ _ A M
V! RyoRgor; Mg orgor;
V€Lug,<Dy V' €Ly <D, ”;2;%7;\%2111 (RirR/eré)ETP[P,SD'l,SDé

where D} = D1 = |V(y) \ Uyl and D}, = Dy = [V (y'T) \ V1|

Definition E.25 (L and Ly and Ly <p). Let L = }.jc p Ap-Mp- and Ly = Y.pep, AL-Mr- and
Lu<p = Xregy p M-ML-.

Lemma E.26 (One iteration, intersection term operation). For all shapes T and D1,D; € N,

AMet |- o

Ag- My, pt+.p- =L —_—
Z Ry oRzoR; R oR; o, U <D | Aut(7)|) VosD2
(R1,R2,R3)€T1,<D; <D,

N(P)Cp
) L 2 [V )3 Ar;orsors MR, oR;oR;”

€Ly, <p. V' €Ly, <D, non-terminal R’ R’ R.\eT" .
v weby Y = 2P€7)intersect ( 17727 3) p,<D],<Dj

yaty'T
where D} = D1 = |V(y) \ Uyl and D}, = Dy = [V (y'T) \ V1|

We repeatedly apply Lemma E.24 until we have only terms with PMVS identified
(i.e. having both left and right indicators), then we apply Lemma E.26, then we repeat
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Lemma E.24, and so forth. The next lemma gives the formal statement of the final result
of the iteration on A.

We define iterated interaction patterns, which are the combinatorial objects describing
the branches of the full recursion.

Definition E.27 (Iterated interaction pattern, P;(7)). Given a shape T and j € IN, define P;(7)
to be the set of tuples (I',T'T, P) such that

1. Tis a tuple of j composable left shapes (y;,...,y1). Let y = yjeoy, oy
2. I'7 is a tuple of j composable right shapes (y’lT,...,y’]T). Let y'T = yTo(y)) -0
o)

3. Pisatuple of j interaction patterns (Py,...,P;) such that for each i € [j], P; € PZ”Z)““ T
i1y

Fori =1, we take tp, = 7.

4. P consists of sequences of non-terminal PMVS interactions ending with a terminal PMVS
interaction (there is at least one sequence), with a non-terminal intersection interaction in
between consecutive sequences, then finally ending with a terminal intersection interaction.

5. P has at least one non-terminal interaction (we will explicitly separate the middle shapes i.e.
the terms with a terminal PMV'S interaction followed by a terminal intersection interaction
because they are a good warm-up for the analysis of the other terms).

We use tp = tp, to denote the final resulting shape.

Definition E.28 (D (P) and Dg(P)). Define D (P) = Dy —|V(y) \ U,| and
Dr(P) =Dy = [V(y'T)\ Vyrl.

Lemma E.29 (Result of full iteration).

B iunv!
A= ) Sy e
U,Ve]midzlb

T

1 |E(UT)UE(VT)| AM, .+
V,<Dy

1- P | Aut(7)]

TEMU v

Y '?“,)V"zz ¥

j
U, Vel U~V €My j=1 (I, P)ep;(t) [T, I NVyr!

(_1 )# of intersection indices in [j]

LUTP/SDL(P) VTP SDR

P
(H Cp; N )\TPM +
| Aut(tp)|

— truncation,
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Remark E.30. The dominant terms in the decomposition are

z: unvit, 21 ( 1 YMLNHWMfMNL+ .
(e =y T-p TAqt(o)] |LVep
U Vel yig:U~V (1t My y: l-p | Aut(7)| v

T diagonal

( 1 )lE(U)| Au
= S —Lu <D MU+LT
— | =RV u,<D
uzdmid 1-p) Ul v

Au

> E —L M LT .
B |- sPvUT Ru <Dy
UEI,m'd

We will show that all of the remaining terms are PSD dominated by these terms.

E.3.1 Proofs of Lemma E.24 and Lemma E.26

Proof of Lemma E.24. For a ribbon R} o Ry o RY on the left-hand side, let Eyyjssing(R2) be the
set of edges in E(Ag,) U E(Bg,) which do not yet have indicators. We update the single
nonzero entry of MR- or,or; USING the identity

q-p ] ( 1 q-Pp q-p
——Xe| = —Ler() Xe —
1_[ ( ) H(Rz) 1—p 1—p

eeEmissing(RZ) p(l - p p(l B p)

EEEmissing

Note that n77 = £, Expanding this identity,

=

ARI oRy OR; MRI oRzoRg
(R1,R2,R3)€T <D, <D,

_ L
i L (Rz)(l_p

)|Emiss1'ng (R2)|_|E1|
(Rl /RZrRB ) ETT,SDl <Dy El gEmissing

-\ E1l
(_n V) ' ARIo(Rz\E1)+oR§MRIo(Rz\El)JroR;

The term choosing ﬁleeE(G) Xe for all e (i.e. E; = 0) is the terminal interaction and

For the other E; terms, we refactor using the new SMVS,
Ry o(Ry\S)" oR; =R oR,oR}

Define G and G; by Ry =R oGjand R3 = Gg o R}". Recall that we need to specify the
orders of Ag, and BG;. We symmetrize over all |Ag, |!|BG§ |! possible choices.
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At this point, we may have edge indicators in the middle of G o (Ry \ E1)" o (G])~.
Letting Exira be the set of edges in the middle of G| o (Ro\Ey)t o (G3T )7,

H (1365((;)6];;7))(6] = H ((1 _p)l)(e +(q-p)

ecEinn p(1-p ¢cEovinn p(1-p)

Note that (7 —p) = (1 —p)n~7. Expanding this product out, we let E; be the set of edges
where we choose the (1 —p)n™ term. After doing this, we set

R, =Gy o (Ro\ (E1UE2)) " o (G])~

We replace the summation over (Ry, Ry, R3) € T¢,<p,,<p, by asummation over (Ri, G1, Ry, G3T , Ré)
We crucially have that Ré does not depend on Ri or Ré, Remark 3.7. Therefore, we first
sum over (G1, Ry, GJ), E1 € Epissing(R2), and Ea € Eextra(G] © (R \ E1)™ 0 (G])~) and then
sum over R} and R}. Rj is a ribbon of shape 7, G; and G] are arbitrary left and right
ribbons which match the left and right sides of R, and together there is the additional
structural property that
Ag, is the leftmost SMVS of Gy,

Bg; is the rightmost SMVS of GI, (%)

In summary,

|Emissing|_|E1|
(=)l Ao “Mp- _
Rl 0(R2\E1)+0R3 R1 O(RQ\E1)+0R3

Y (5

1 —
(R1,R2,R3)€T 1<y <D, E1CEmissing(R2) P

1 1 \Enising=IE1]
Y Y ¥ L E )

RyeR; SgEmissing (R2) Gy E-EARZ,SDl » E2CEextra (Gl_ o(Rp\Eq)*o( 3)
G3€£BR2,5D2 :
(*) holds

(1 - p)lEmm| (_1)|E1| (n_y)|E1|+|E2| Z ARi_oRéoRé_ MRll_oR'zoRé_

’
Ri€Lag, <p1-v(G\ag, I

Rle
3 ‘EBG; ,sD2—|V(GST)\BG;|

Finally, we prepare to shift from ribbons to shapes. Fixing the shape y of Gy and y’T of
Gj, the sum over S C Eyissing(R2) and the condition (*) is equivalent to summing over
PePp AT/I;//,ST Summing over R} with the final shape 7p specified by P, the sum over
R}, R}, R} is equivalent to summing over 7, pr p;. The coefficients are gathered into
N(P)cp. In summary, the above is equal to

N(P)Cp
Z Z |u)/|'|V)/’T|' ( Z ARi_oRéoRé_MR’l_oRéoR’s_

PMVS " R.L. R,
v€Luy <Dy, Pep R RS R )ET e, <Dy ~1V(y)\Uy L <D~V (/T MWVl
V'€Ly <D,

76



as needed. n

Proof sketch of Lemma E.26. This follows in the same way as the previous lemma.

|Aut(7)| )~ V7,<Dy
respectively, where the sum over middle ribbons is over distinct ribbons due to normal-
ization by | Aut(7)|, Proposition A.3. We will argue that each R = R} o Ry o R has the
same coefficient on both sides of the equality.

We have that Lumgpl(M)LT is a sum over left, middle, and right ribbons

Suppose R = Rj o Ry o Ry where Ry, Ry, R3 are properly composable. This term
appears on the left-hand side with coefficient AR;oRzoRg' The coefficient factors into
AR=AR,AR; by Lemma 2.48. Hence these terms match up.

We now consider R} o R; o Ry which is an improper composition. These don’t occur
on the left, hence we would like to show that they cancel on the right. Ry, Ry, R3 give rise

to an intersection pattern P € P;/”ie;s,‘ft where y,7’T are defined in Definition 4.21.

In order to specify Ry, Ry, R3 and the interaction pattern P, the latter sum instead
specifies R ,Ré, Rg in TTp,SDi,SDz along with the orderings of U,, V;,. There are |U,|!
choices for the order of U, and |V,|! choices for the order of V), and we symmetrize
over all choices. There may be multiple ribbons Rj, Ry, R3 leading to the same ribbon
R o Ry o Rj even with the same intersection pattern, and this is accounted for by N(P).

The change in coefficient can be analyzed as follows:

1. For each intersection, there is a factor of 7(*~1) coming from the A coefficients which
needs to be shifted to cp.

q-p
p(1-p)
the A coefficients which needs to be shifted to cp.

mult(e)~1+1; vanishes
) coming from

2. Foreach edge e € Eyy(7p), there is a factor of (

2 _ 1-2p
3. xes =1+ (1_p))(€.
— _ _ 2
4. x° = (1 + 12 Xe) Xe = 12 + ! 3;17f3p Xe- Note that because only three
p(1-p) p-p)  PaP)

ribbons are being composed, the maximum multiplicity of a multiedge is 3.

5. The edge indicators and edges which are removed from the middle can be analyzed
in the same way as before.

This change is accounted for by cp. This completes the proof. n

E.4 Analyzing A

First we factor out the truncation error from A.
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Lemma E.31.

A Z unvit Z (L FHVEVL A My L
B qumz 4 1-p | Aut(7))]

uvers,;:u~v TEMU,V
oy EE Y Y T
12
U, Vel g~V (1t €My j=1 (T,1'7,P)eP;(r) [T, I 1Vyr!

(T, ep,N(P ))/\TPM+ i
Usp | Aut(zp)| Vip

T
1%

(_1 )# of intersection indices in [j]

— truncation; + truncation,
where truncation; is defined in Definition E.32.

Proof. Starting from Lemma E.29, for each interaction term 7, j, (I, I"T, P), we use

(T, en,N(P ))/\TPM £
LUTPISDL(P) | Aut(tp)] Vip,<Dr(P)

(IT_, en,N(P ))/\TPM <) .
— LUTP,SDV |Aut(TP)| VTP,SDV

(T, ep,N(P ) Ao My
+ (Lu,, <p,(p) — Lty <) v
wpr=bL i | Aut(7p)| Vep<Dv

(I e, N(P)) AepM, (

T _IT
+ LUTPISDL(P) |Aut(TP)| LVTP <DR(P) LVTPISDV)

The first term has Ly, <p, = Lu,, and Ly, <p, = Ly, as needed. The second and third
terms are collected into truncation,. The following definition completes the proof of the

lemma.

Definition E.32 (truncation;).

truncation; = Z % Z i Z

]
Uver,:u~v €My, j=1 ([,I'1,P)eP;(T) Hizl |u7i|!|V)/;T !

( -1 ) # of intersection indices in [}]

(H Cp N( )))\TPM +
(Lu <D.(P) —Lu,,,<D ) v
=L Rianid | Aut(tp)| Vip, <Dy
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(TT)_, co,N(P))) Ae, M.«
+ L P T _TT
Uzp,<Dr(P) |Aut(Tp)| ( Vp,<Dr(P) VTP,SDV)

We would now like to analyze the non-truncation terms. As we proved in Section 4,
the norm of each individual shape ||[M.|| and “MTP “ is under control. In order to sum over
all the shapes, we use combinatorial functions to convert the sum into a max.

The idea is as follows. If we have a sum of the form }, B(a) where B(a) is non-
negative then instead of bounding the sum directly, we can choose a relatively simple
function ¢(«) such that ), ﬁ < 1 and observe that

Y B(@) = Y ——c(a)B(a) < Y —— max c(a)B(a)} < max {e(a)B(a)}

— c(a)
This allows us to use our bound on the individual terms.

Definition E.33 (c(a) and c(P), informal version of Definition E.42).

1. Forshapes a, c¢(a) is used to control the number of shapes we are summing over. In particular,
1 . .
we have that for all U € T yig, Yshapes a:Uy—=U,a is non-trivial Tanvaic(@ = 1. Similarly, for all

1
Ve Imid/ Zshapes a:Vo=V,ais non-trivial [U1,NV,[\c(c) <L

2. For intersection patterns P, c(P) is used to control the number of interaction patterns we are
summing over. In particular, for all y, T, and y'T, ¥, ppinteract ﬁ <1l
vy

The formal definitions are given in Appendix E.5, where we will verify that they
satisfy the stated summation property and also Bound C.1.

With the combinatorial functions in hand, we can bound non-square terms by the

square terms {LUMU+ Lj:UeTl mid} as follows. Corollary E.34 applies to middle shapes
and Corollary E.35 applies to intersection terms. The proofs are delayed to the next
subsection.

Corollary E.34. For n sufficiently large,

unvi { y ( . )|E(uf>ug(vf)| YR
2 U _ 1%
U,vel ,ig:u~v (lul') t€e My, v:T is non-diagonal 1 P |Aut<T)|
1 Au
=1 LMoL
U€eT g
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Corollary E.35. For n sufficiently large,

y myy y &

J
TEMU,V j:1 (r,r'T,P)EP]'(T) lel |u)/1|'|v)/:T |'

1 )# of intersection indices in [j]

U VET g~V
(H] cp,N(P;)) AcyMe, .
Uep | Aut(zp)| Vap
1 Au
> —— —LyMy+L];
=7 ) [T
Uet ,,ia

Putting together Corollary E.34 and Corollary E.35 with Lemma E.31, we have

Lemma E.36. For n sufficiently large,

A > —AyLyM LT — truncation; + truncation
2u§‘ TRt 1+ 2-
mid

The remaining tasks to prove A > 0 are to verify Bound C.1, and to analyze the
truncation error, which we carry out in the following sections.

E.4.1 Proofs of Corollary E.34 and Corollary E.35

The building block that allows us to formally charge these shapes is the following lemma,
which lower bounds the negative impact of each individual term by “square terms”.

Lemma E.37. For all shapes ©, all D1,D, € N, and all b € {-1,1},

b(Ly,, <D, A MT+LV <D, + Ly, <p,AM +LZIT,<D1)

g M|
Vi,

Ay,
Proof. We claim that for all s > 0,

T T
(Lu, <, AuMy+ L} p +Lv,<p,Av.My Ly, )

My,

My,

b(LUT'SDlMT+L{/1,SD +LVT,SD2M LZ[ <D1)

1
1/2 1/2
> —sLu,<p, (MTJFMI ) LZ[T <D, ELVT/SDZ (MI+MT ) LxT/ <D,

Writing M.+ = XEYT for the singular value decomposition of M+, observe that

b b
0= (\/_Lu <D1X21/2+ 7LVT DZYZUZ)(\/_El/szLU p, + El/ZYTLT )

\/_ V:,<D»
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1
= SLUTISD1XZXTLT -+ ELV’[/SDZYEY L'

U.;,<Dq V:,<D»
—|—b(LuDSD1XZY L‘T/ <D, —|—LVT,SD2YZX L{IT,SDl)

1
1/2 1/2
= sLu, <0, (Mc+MJ ) V2L, + ~Ly, <0, (M, M) V2LY,

+ b(LUT,leMﬁL\T/T,gDZ + LVT’SDZM’-II:""LZIT/SDl)

which implies the claim.

+
We claim (M,+ MT V2 <M ”M ” To see this, note that M+ isa diagonal matrix

with nonnegative entries, therefore ” has diagonal entries which are 0 and 1. The

||M
supported rows are the same as M+ MI hence the claim.

M, +
- . 1/2 Vi - - ith s — . [AuclMull
Similarly, (M7, M+)"* < [[Mc]| TR Using these claims with s = oo My |

completes the proof. n

Lemma E.38.

[lunvi! AM_+
T NP DRy ey |
U,Ver,,;:u~v ’ Te My v is nontrivial

Az|IM|]
> — max c(t Ly M L
U; (V U~V teMy y,T is nontrivial{ ( )/\uHMuH |U|' T

Proof. Applying Lemma E.37 and using the trivial bound | Aut(7)| > 1,

unv) A:M,
L (|U|!)2L”( L. Taaol)

T

\%4
Uver,,:u~v nontrivial Te My v
iunvi Azl M| ( 1
> — ———— |=LyM+LT + =LyM +LT)
UVEIZ‘-U L, (un)? Z Au Myl \2 Ut o v
, mid: U~ nontrivial te My v
unvi! AlIM
PV D VR X
Ue],md V,oU~V,teMy y,tis nontrivialC(T)l ! u u
1 unvi! Az |M
~ Loy v[ l ul'”MT”MTlh]LVMV*L;
Vel i U,t:U~V,teMyy,tis nontrivialC(T)| ! u u
AclMc][ |} 1
> - max c(t LyMy+LT
U; (V,T:U~V,T€Muy,’[isnontrivial{ ( )/\u”Mu” |uj! uuT =y
mid

where the last line uses the following facts:
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junvit
1. Forall U € Imzd/ ZV 7:U~V,1e My v,7 is nontrivial ( ! <1

unvyt
2. ForallV e Imld' ZU’C U~V,te My v,7 is nontrivial ¢ ( ap <1

n
Corollary E.34. For n sufficiently large,
E(U;)VE(V:
y N V|!Lu{ y ( , )| UOUEVOL ) .
12 — 14
U, VEeL iU~V (lul) e My vt is non-diagonal 1 P |Aut(T)|
1 Au
= —— —LuMy+L],
=72 |U|' uivi+
Uel iy
Proof. We observe that
. oy MM
V,o:U~V,te My y,7 is nontrivial AullMyll
1
< B, —slack(t)| =
VU~V TE/\flIllla‘}I is nontrivial {C(T) ad]ust(T)n } 4
where the last inequality follows from the facts that for all 7,
E(Uq)[+HIE(Vy A+IVe
1. slack(t) > {(IE(7)| - w + V(1) - |U|2;|V|)
2. ¢(t) < ns (B HEEE v (- He i)
3. Bugjust (1) < s (E@I-HE v (o)l
n
Lemma E.39.
|Uﬂ V|! Z i Z (_1)#0fintersection indices in [j]
2 .
U, Vel yg:U~V (L) €My j=1 (T,1'7,P)ep;(t) Hleluy,-I!IVy;TI!
(T, e N(P) AepMg i
Uzp |Aut(’l'p)| Vip
/ : ATP”MTP”
== Y| max  {100%(e) ] [etre(e(pen N(P)
Uelmia] — jeN* =1 \//\Ufp Mu,, || Av., [Mv,,
(T,I",P)eP;(7):
Urp=U
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Au

.
o L LyMy LY,

Proof. Applying Lemma E.37 and using the trivial bound | Aut(zp)| > 1,

Z |u N V|| Z Z Z (_1)# of intersection indices in [/]

U,VeIm,-d:U~V ’CEMuvj 1 (T,077,P)ep;(t) Hleluin!IVy;TI!
(T, ep,N(P ))/\TPM 4
Ly, v
P | Aut(tp)| p
i Aep||Me
(Hz]':1 CP,-N(pi)) oM |
> |un Vl! = \//\u’[p Mu’[p /\VTP MVTp
- Z (lupr)? Z Z‘ Z TR AR TIR Al
Uu,verl,;:u~v teMuyy j=1 (I,I'1,P)eP;(1) Hi:l | Vil'l Vle'
1 1
(ELUTPAUTPMLﬁ LZITP + ELVTPAVTPMVJF LVTP)
We now show how to bound the LuT /\uT Mu+ Lu terms. The LVTP/\VT MV+ LV terms
p wp
can be bounded by a symmetrical argument.
Grouping all of the terms where U, = U together, we obtain that
Z |Uﬂ Vl' Z Z Z 1
u,Ve]mid:u~V : teMy,y j=1 (T,I'7,P)eP;(1) H |u7/i|!|v)/,’-T|!
! M
T T
)
il P
i=1 \//\Ufp “MUﬁ AVTP |MVTp
- Y mLY ¥ T
S e o, VT Vvl
Uz, U
i Az ||MT || LyAyMy+LT
2e(1) [—[ c(yi)c(yg)c(Pi)cPiN(Pi)] L - ; u/
i=1 \/AUTP |MU’EP /\VTP |MV’[P 2Je(7) Hizl C(Vi)c(yi)C(Pi)
o[ T : Ay [Mo|
< Z max 1007¢(7) Hc()/i)c(yi)c(Pi)cPiN(Pi)
TeM )
Uel ,,iq jeN+ i=1 \//\UTP |MUTP AVTP |MV’CP
(T,I",P)eP;():
Urp=U
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Au

.
o L LyMy LY,

where the last inequality uses the following facts to convert the sums into a maximization:

1. Foralli€ [f], X, eru, Vs m < 2 where we set V,,,,, = U. Across all j, this
multiplies the total by 2/.

2. ZTEMZUT:V)/l [Velle(t) =2

3. Forallie [f], Zyge Ly, W < 2. Across all i, this multiplies the total by 2/.

4. Forallie [ ] ZP egpinteract C(}j) <1

vitp, V']
o 1
|
Corollary E.35. For n sufficiently large,
Z unv Z i Z (_1)#ofintersection indices in [j]
12

U, Vel U~V () teMy,y j=1 (T,I"1,P)eP;(x) Hf-zlluin!IVy;TI!

. (IT._, ep,N(P})) Ae;Mq, o

Usp | Aut(7p)| Vap

1 Au
> —— —LyMy+L]
=77 Z ]! uMy+
Uel g
Proof. We need to show that
J M
max  {100/c(t (Hc (P)ep,N(P;) Yoo Mo | 1
TeM 4
jeNT i=1 \/AUTP |Mu’[p AVTP 'MVTP
(T,I",P)eP;(1):

Uep=U

This follows from the following observations:

Hz 1 P TPHMTP” o n—slaCk(Tp)

1. =
I

MU’TP AVTP MVTP
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2. By the slack lower bound in Bound C.1,

+|E U+ |V
SlaCk(Tp > . (Etot TP | ( Tp)l - | ( )l 4 |Vtot(TP)| _ W)
2 2
+
€ (IE (ty,) 5 E(WVy) + (# of edges removed from y;)
i€[j]
IUy,| + [Vy,| o EUy)l+ E(Um)l
HIV (i)l = = +EQT)I- >
Uyt 4+ V1l
+ (# of edges removed from y’T) + |V (y'[) - %

3. ¢(1) < n3 (E(D)l- EUOHEVD! |17 ()| UrkHValy

IE(Urp) I +E(Vep)|

Vz [Urp |[+Vrpl
7 P +|V(TP)|_ P ) P

4. Bad]'ust(TP) < Tli('E(TPﬂ— )

5. Foralli € [f], c(yi)c(y?), c(P;), and N(P;) are all at most 7 raised to the power

E(Uy,)| + [E(Vy,
é[”ﬁ(%‘)l _ ) > EWy) + (# of edges removed from y;)
U, | + |V, , [E(LL, )l + [E(U,m)l
+IV ()l === (I - >
|uy/lfl'| + |V7/,1T|

+ (# of edges removed from y'T) + |V ()'T)| - 5

E.5 c-function bounds

In this section we bound the various combinatorial functions.

Definition E.40 (N*"*¢(U, e)). Given a diagonal shape U and V € N, let N*"P¢(U, e) be the
number of shapes a with U, = U and e edges outside of U,.

Remark E.41. Since the permutation of V, can be arbitrary, N*"¢(U, e) is a multiple of |V,|..
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Definition E.42 (c(«), formal).

1
c(a) :2|E(a)\E(UaﬂVa)| . m max {Nshupe(ua, IE(a) \ E(ua)D,NShupe(Va, IE(a) \E(Va)l)}

Lemma E.43. For all diagonal shapes U,

1
Y s
UNVy|le(a)

shapes a:U,=U,« non-trivial

y _
U N Valie(a)

shapes a:U,=
By symmetry the same holds for the sum over o : Vo, = V.
Proof.

1
|
shapes a:U,=U UN Valle(a)

o

1

eNJshape
e=0 shapes W shapes a:U,=U, 2°N (U, 6)

|E(a)\E(Uy)l=e

1
2¢

I
gk

0

I
N

To derive the first statement, note that the trivial shapes contribute exactly 1 to the sum. =

Lemma E.44 (Bound for c(a)). For all shapes o with at most Dy vertices,

C(CY) < 2(4DV)2|E(a)\E(uamVa)|(2DV)2|(UaUVa)\(uamVa)l
Proof. The shapes counted by N**¢(1I,¢) can be generated by the following process.

1. Start from V(a) = U, = U.

2. Run the following process to select a subset of U, to be in U, N V,. Use a label in [2]
to decide whether or not at least one vertex is in U, N V,. If so, use a label in |U,| to
choose the vertex, and then use a label in [2] to decide whether or not another vertex
isin U, NV,, and so forth.

3. For each edge outside E(U,), identify each endpoint using a label in [Dy], and
additionally use a label in [2] to identify whether each endpoint is in V.
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4. Specify the permutation of V, in |V,|! ways.

In total, this is at most 2(2DV)2|E(“)\E(Ua)| (2|ua|)|(UaUVa)\(Ua”Va)||Va|!. A symmetric bound
applies to N¥*¢(V/, ¢). Therefore,

| maxiUall [Val!)
Uy N V!
< 2|E((X)\E(U“0Va)| . Dk(/uﬂéuv{l)\(uanva)' . 2(2DV)2|E(Q)\E(UamVa)|(ZDV)l(UaUVa)\(uamVaN

C(Oé) < 2|E(a)\E(UamVa) 2(2DV)2IE(0()\E(U&OV&)| (ZDV)I(UaUVa)\(UaﬂVa)I

= 2(4DV)2|E(a)\E(UaﬂVa)|(QDV)ZI(UaUVa)\(uaﬂVa)l

as needed. n

Definition E.45 (N"MV5(y, 1,9/, e)). Given shapesy,t,y'T and e € N, let NPMVS(y, 1,9'7 e)
be the number of PMV'S interaction patterns such that e edges are removed from Tp, either because
of the adding indicators step or the removing middle edge indicators step.

Similarly, let N"™erect (y, 7,97, ¢) be the number of intersection interaction patterns such that
e edges are removed from tTp in the removing middle edge indicators step.

Definition E.46 (c(P), formal). Foran interaction pattern P € Pﬁe;‘zﬁt, letc(P) = 26 TINPMVS (3, 7,977, ¢)

if P is a PMVS interaction pattern and c(P) = 2¢F2Nimersect(y, ¢ 3’7 ) if P is an intersection
interaction pattern, where e is the number of edges removed from Tp.

Lemma E.47. Forall y,7,y’, ¥ pepinteract ﬁ <1
oy’ T

Proof.
o
IR ). 1
- e-+1\JPMVS /
pegpinteract c(P) e—1 PepPMVS . 27N (v, 1, y'7,€)
)T vy’ T
e edges are removed from 7p
o0
1
T Z Z 2e+2Nintersect( T V'T 6)
e=0 Ppegpintersect, Y, Ly,
y,r,y’T :
e edges are removed from 7p
<1

Lemma E.48 (Bound for c¢(P)). For all shapes y,t,y’T such that |V (y)| < Dy, |V(1)| < 3Dy,
and |V(y'T)| < Dy,

1. For all PMVS interaction patterns such that e edges are removed from tp, c(P) < 2(4D2,)°
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2. For all intersection interaction patterns such that e edges are removed from tp,

C(P) < 4(3DV)|V(V)\V7/|+|V(V/T)\u;/T |23+|E(V)\E(UVHV},)|—|—|E()/T)\E(U),/T mVy’T )

Proof. For the case of a PMVS interaction pattern, we do the following.

1. We know that at least one edge must be removed in the adding edge indicators step
for non-terminal P. For each such edge, we specify the endpoints for a cost of at
most D%/.

2. For the removing middle edge indicators step, we can specify each edge which is
removed by specifying its two endpoints at a cost of D? per edge.

For the case of an intersection interaction pattern, we do the following.

1. Go through each vertex in V(y)\ V}, and V(y'T) \ U,/+ and indicate which vertex
they intersect with, if any. This has a cost of (3DV)|V(7)\VV|+|V(V'T)\UV'T|

2. For each edge that intersected, use a label in [2] to denote its multiplicity after
linearization. This has a cost of at most 2/E0N\EVYIHEGTNEU)l

3. For each edge in V,, U U, r which is not in U, U V,/r, use a label in [2] to decide
whether it is removed in the Remove middle edge indicators operation. This has a
cost of at most 2/E(VyN\EUy)IHE(Uy,m)\E(V)/r)l

|
Lemma E.49 (Bound for cp). The excess in cp over what goes into the slack is
E—% <2.
Proof. By Lemma E.20,
. | \*ofindicators e
gs(m) <(1+0(p))v<2
provided n is sufficiently large. n

Lemma E.50 (Bound for N(P)). For all y,t,y’T with size at most Dy and P € P;qi”y“,‘f

N(P) < (3Dy)/VONGIHVE TV /]
Proof. We are given y, 7,)’T, the interaction pattern P, and the resulting ribbon R} and we

need to specify the ribbons G, Ry, G'T which have shapes y, 7,7’T, have interaction pattern
P, and result in the ribbon Ré.
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Suppose that P is a PMVS interaction. To do this, it is sufficient to specify how the
vertices in y and )’T are mapped to in R}. This specifies the ribbons G and G’T. Either
AR, = Bg and Bg, = Ag'r together with the remaining unmapped vertices of R} have
shape 7, in which case this is a possible ribbon Ry, or they do not, in which case this is
merely overcounting.

We automatically have that A = Ag; and Bg/r = Bg; so we do not need to specify
where the vertices U, and V,/r are mapped to. For each of the remaining vertices, the num-
ber of choices is at most 3Dy so the total number of choices is (3Dy )V ONIHIVO TNVl
as needed.

For an intersection term interaction, the same analysis goes through, with the added
constraint that the intersection pattern along with the mappings of y and y’T fix additional
labels of Rj. []

E.6 Truncation error
Definition E.51 (Idsy)-

1 I = ] as unordered sets

Igwun:{

0 otherwise
Lemma E.52. truncation; < nDSoSJrU_ﬁ(DV_wSoS)IdSym

Proof. Applying Theorem D.10 with D = 3Dy, for all shapes a such that Dy < [V(a)| <
3Dy, |U,| € Dsgs, |[Val € Dsos, and a has no isolated vertices outside of U, U V,,
AalMgll < 2B g7t () (10 51~y ap-310g, (3Dv ) IE()

< ZBadjust(a)n(l_g)DSoS_g(DV_ZDSOS)_fI(|E(ua)|+|E(Va)|)

as |E(a)] 2 [E(Uy)| + [E(Vy)| + MVal 5 4 p (1) 4 [E(Vy)] + 222D and y — af -
3log,(3Dy) > §.
We now observe that
. UOV' /\_OO’T_M_OO’T_
truncation; = Z | an 2| Z 2 Tt (G_) ? T,T(U_)
U Vel g () o€Ly,<py, | Aut(o™ e Te (oT)7)|
U~v teMu,y,<py,
G,ELV,SDVZ
[V(6~0oto(a’T)7)|>Dy
< Z AalMqll IdSym
shape a:
Dv<|V((X)|S3Dv,
|ua|SDSOS/|Va|SDSOS
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IA

Y AadMull|Tdsy,
shape a:
Dy<|V(a)I<3Dy,
|ua|SDSoS

IA

Dgs!
Z ic(a)/\a”Ma” Idsym

Uy|le(a
U€T ,ig:|U1<Dsos shape o [Uallc(a)
Dy<|V(a)|<3Dy,

a=

IA

max {C(Q)Badjust(a)}

shape a:
Dy<|V(a)I<3Dy,
a:

&
Dgog!1Psos 15 (Dv—ZDSOS)—ilE(U)IIdSym

U€eT ,iq:\U|<Dsos

< nD505+U—ﬁ(Dv—2DSOS)IdSym
We now analyze the second part of the truncation error.
Lemma E.53. truncation; > —n2D5°5+2”_§_éDVIdsym

Proof. Recall that

( -1 )# of intersection indices in [/]

truncation, = Z % Z i Z

U, Vel yg:U~V teMy,y j=1 (T,I'7,P)eP;(x) I, Ly |1V e!
(TT._, cp,N(P) Ae,M, e
(LUTP,SDL(P) - LUTP/SDV) |Aut(TP)| VTP/SDV
(H Cp N( )) /\TPM ; ; .
+ Luey<nu(p) | Aut(p)| (LVTP <Dg(P) LVTP'SD V)
SO
. U N V ! 1
truncation, > — Z | l Z Z Z
! o T, Uy Vet
u,VeImid:uw teMy,y j=1 (I,I'T,P)eP( =1 i"
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T
V'[PISDV

(szzl CP:‘N(PZ')) Axp “MTPH] '

L -L
[u P | (L

LT T
VTP,SDR (P) LVT

(1L, N (P) A [ |
+ HLUTP,<DL(P)H( 1 IAutZ(TP)|P P

We can analyze this using the following claims.

Claim E.54. Forall U € 1,4,

max {|[Lu<p|[} VATV < nPsost 1= IEW)

D:D<Dy

p <Dy

] IdSym

Proof. By Corollary D.13, for all 0 € Ly <p,,

Ao IIMo=[| VAUIIMU < 2Bggjus (0)n s 1~ 2PsosHIE@IEIVIO)

We now observe that

max {|[Lu<pl| VAGTMull s Y Ao-IMy- | AulIML]

D:D<D
v o€Lu<p,,

1
<Dses!| ), | max {e(o) o M-l VAuIMull

|
O'ELU,SDV (G)luGl. GELU,SDV
_£ _£ _£
S4DSOS! max {C(G)Bad]ust(o')nDSOS+n 2DSOS 8|E(a)| 8|V(O)|}
UELU,SDV
< pnPsos+n—1glE(U)]

Claim E.55. Forall U € 1,,,; and all D < Dy,

_£E£D_£L
|ILu,<b = Lb,<py || VAU IMyll < nPses =10~ 16l

Proof. By Corollary D.13, for all 0 € Ly <p,,

Ao~ IIMo-[| VAUIMU < 2Bygjust(0)nPses 715 Psos=5 ENIZ5IV(0)

We now observe that

ILuso-Luso, [ VAuIMuli< ) As M lINAulM]

OELU,SDV3|V(6)|>D

1
<Dses!| ), | - omax {e(0) Ao M-Il VAulMull

' .
o€Ly,<py, (G)|u0|' OELU,SDV-|V(0)|>D
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S 4DSOS! max {C(O')Bad]ust(o‘)nDSOS+n_§DSOS_§|E(a)|_§|v(6)|}
UELU,SDV:|V(O)|>D

< pPsos+1—1gD-15[E(U)]

Using these claims and grouping all of the terms where U,, = U together in the same
way as in the proof of Lemma E.39, we obtain that

Yy WErY ¥ :

U,Ve],,,id:U~V €My, j=1 (I,I7,P)eP;( H] _1 Uy !Vt
HL L (Hz 1 e, N(Pi ) Tp ”MTP”

UTP/SDL(P) - U’IP/SDV |Aut(TP)| VTplsDV
N ”L ” [T}, ceN(P) Aey Mo | o 4

Urp DL(P) | Aut(rp)] VepisDa(®) ~ Moy || s
Z Z Z Z U N V! 1
' .
UeIm,,,, TEM] 1(T,I'7,P)eP;(t): Val! HZJ':1 |VV;'|!|VVI’-T|!
U, —U
st | O o i
i=1 \/AUTP |MUTP /\VTP 'MVTP 2jC(T) Hlj‘zl C(Vi)c(yI{)C(Pi)

. J A M n—%min{DL(P),DR(P)}
= Z e 100/¢() [HC(Vi)C(V;)C(Pi>CPZ-N(Pi) TP” TP”
Uel g jENT i=1 \/AUTP |MUTP /\VTP |MVTP
(L,I7,P)ePj(7):
Uep=U

_E
12Dsos 21 16|E(u)|1d5ym

We now make the same observations as before together with an observation about Dy (P)
and Dg(P):

1] 5 Avp M |

1.
I

2. By the slack lower bound in Bound C.1,

IE(Uy,)| +|E(V2,p)l
2

— g~ slack(p)

MUTP

Ay, My,
P P

|qu| + |V’L'p|
2

slack(tp) > ¢ (Etot(’fp) - + [Vior(Tp)| =
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E(U)|+ [E(V u \%
2 2
E(U,,)|+|E(V.
Z( V’)lzl ( y1)|+(# of edges removed from ;)
€[jl
UL, | + V| o EUyn)l+ E(Uyr)]
+IV ()l - =5 FIEQ I - >
|uy’,T|+|Vy’T|
+ (# of edges removed from y'T) + |V (y'])| - #
3. Di(P) = Dy — [V(y)\ Vyl and Dg(P) 2 Dy = V(3 T) \ Uy (yrm] s0
_ Ll ,|+|V,| yovy Ul V]
min {D; (P),Dr(P)} = Dy — ZZ[W " +|V()/1-T)|—#

|E(UT)|+|E V)l ‘HV( )l |UT|-£-|VT|)

4. c(t) < na(E@-

IE(Urp)I+IE(Vzp)l

Ve Utp |+1Vrpl
L=+ |V (1p)|-—L5—L

5. Bagjust (Tp) < nizlE(w)I- |

6. For alli € [j], c(yi)c(y}), c(P;), and N(P;) are all at most  raised to the power

E(U,.)|+|E(V
% Z [IE (dy,) 5 EWy) + (# of edges removed from y;)
U, |+ V.| / [E(U,m)l+ [E(Uy )l
IV ()l == HE(G I - 5
|uy/;'| + |Vy/l'l'|

+ (# of edges removed from y'T) +|V(y'T)| - 5

E.7 Well-conditionedness of L

The goal of this section is to prove a lower bound on the minimum nonzero eigenvalue of
LLT. More specifically we will prove the following lemma:
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Lemma E.56 (Well-conditionedness of L).

Av.
Vejrnzd

The approach we take to Lemma E.56 is as follows. If we can find nonnegative weights
{wy : V € 1,4} such that

ZUVAV
Vel ’

then since each term is individually PSD, the left-hand side is PSD-dominated by

A
( max wv)- Z 4 —-LyMy+LJ,.

) |
Vel i Vel |V|
This implies the lower bound
A 1
Z L LyMy+ L] > ————Idgym -
[V|! max wy
Vel yig Ver i

We will therefore seek an appropriate choice of wy that does not grow too quickly.

We will choose wy; = 0 unless E(U) = 0. The following lemma shows a growth
condition which is sufficient. Since |U,| > |V, for all non-diagonal left shapes o, we can
use this lemma to define wy; in order of increasing size |U].

Lemma E.57. If we have nonnegative weights {wy : V € I 4, E(V) = 0} such that for all
U,Vel,wthE(V)=0,

w
wy — max {ZC(O')AG”MGH}STU

nontrivial
UE.£V:UUZU
then .
T _
Y |Vl'L VL = S1dsyn.
Vel i
E(V)=0

Proof. Ly consists of the trivial shape with V(o) = V, as well as larger off-diagonal shapes.
We use the following definition and claim to bound the off-diagonal shapes.

Definition E.58 (Idsy,,y). For V € 1y, let Idsyy,y be the restriction of Idsym to the degree
|V|-by-|V| block.
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Claim E.59. Forall V € 1,4 withE(V) =0,

1 1
—LvL‘T/ = Idgym,V - Z W Z 2/\a||Mo||IdSym,U

V]! ! -
Uer 4 nontrivial
oely:Us;=U
Proof of claim. We have that

1 1
T T T
LV = Msymy + Y A(Me+M]) + I Y AdAoMM,

non-trivial ceLy non-trivial 0,0’€ Ly

The last term is PSD. Hence it remains to bound the middle term.

Yo MM = Y Y (M, + M)

non-trivial ce Ly Uerl,,;;:U+V oeLy:
Us,=U
1 1/2 1/2
- Y T Y, Addy? (Mo +MDId?
Uert i " non-trivial g€ Ly:
Us,=U
1 1/2 1/2
z - Z ﬁ Z AUIdS]//m,u(”MU” + ||M‘.7r||)IdS;m,U
Uer i1 " non-trivial o€ Ly:
U,=U
1
== Yo Y, elMelldsy
Uert g " non-trivial c€Ly:
Us,=U
which completes the proof of the claim. n

Using the claim,

w w
Y, bl ) wvldsyy— ) Y 2AdMoldsyn

Ver,, Verl,,; u,vert,,; " nontrivial
mid mid mid aeLV:UG:U
wy
= )L wvldsy= )| DL ) ()l Ml sy
Vel mid Uerl mid Vel mid nontrivial )
oeLy:Us;=U

> Z wyldsym,y — Z max wy max {2c(0)Aq|[Mgll} Idsym,u

Verl,,; nontrivial
Ve-[mid UEImid mid GEL\/ZUG: u
1 .
> Z wyIdsy,,y — > Z wyldsym,u (by assumption)
VEImid UEImid
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VEImid

Now we calculate the bound on the weights to deduce Lemma E.56.

Lemma E.60. For all left shapes o with E(V4) = 0,
Ao |Mz| < n- —a)(MeVel)— (y—ap) E(o)]
Proof. By Lemma 4.8 we have
Mg Mz = n(- () (3 )oolo)- 25 -0 -ap)ECo)
Substituting w (o) > w(Vy) since o is a left shape, and w(Vy) = |V,

A ”MNH < (- —a)( e Yel) - (1-0) [V, |- (y-ap) E(o)|
_ p(a)(HE)~(-ap)IE(o)]

Corollary E.61. Forall U,V € I, such that E(V) = 0,

max {2C( )Aa”Mg”} < n 1 0()(|Ua| |VO‘|)

nontrivial
oeLy:Us;=U

Proof.

2¢(0) AslMoll < 2C(U)Badjust(U)n(l_a)(w)_(y_aﬁ)|E(G)|
< (16Dy ) E@)l(1-a)(52)=(-ap) E(o)

< n(l_a)(|uo|£|va|) .

1

Corollary E.62. Choosing wi; = O (n(l‘“)T) satisfies the assumption of Lemma E.57.

Recall that because the size of the SMVSis at most Dg,g, then |U| < Dg,s. The maximum
of wy is wpyq < O(nPs0s), therefore we conclude Lemma E.56.
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F Computing E[1]

Proposition 2.52. With high probability, we have E[1] = 1 o(1).

Proof.
E[1]-1| = Ll < [
= a;‘ M| € max  le(a)A (@) - [IMall
Ua:Va.:(D,
E(a)#0

Letting S be the SMVS for a, observe that

1AMl < n~(G-@w(@=F-0-ap)E@I B . ()

2. w(S) > -n-2|E(S)|log, Dv
3. w(a) > —n—2|E(a)|log, Dy

4. c(a) Bugjust (@) -n21+4{E@)|log, Dv. < 21(16Dy, )8E@] which is less than 15 E@ when
n< y;—aﬂ —4log, (16Dy).

Therefore, we can bound

ap—y

: < <
aﬂ:{ﬂi)‘(/azm{c(a)/\(a) IMull} <n7 7 <o(1)
as [E(a)| > 0, giving us that |1E[1] - 1| = 0(1) with probability at least 1 — 24108, (16Dv)- 15
|
Proposition 2.54. With high probability,
n —_~
Y EX] -k =o(k),
i=1
and
— k2
Y, EXX]- | =00
{i,jl€E(G)

Proof. This can be shown by decomposing }."_; E[X;] and ¥, {i,/)€E(G) E[Xin] in terms of
ribbons.

For each ribbon R with edges E(R) and Ag = Br = 0, this ribbon appearsin ). , E[X;]
in two ways.
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1. For each i € V(R), the ribbon R’ with E(R") = E(R), V(R") = V(R), Ar' = (i), and
— IE(R)]
Br = 0 appears in [E[X;] with coefficient (%)'V(R)| ( il ) . This happens for

p(1-p)
|V(R)| different i.

—
~—

2. For each i whichis notin V(R), the ribbon R’ with E(R") = E(R), V(R’) = V(R) U{i},

(R
Ag = (i), and Bg = 0 appears in E[X;] with coefficient (%) )l+1( i

This happens for n — |V (R)| different i.

Thus, for each shape a with U, = V, = 0 where |V (a)| < Dy, M, appears in )i, E[Xi]
with coefficient

1 (k(n=V(a))) VR gop \EO)
= v

The dominant term is the trivial shape a with no vertices or edges which gives a contri-

bution of exactly k. Using a similar analysis as the analysis used to bound |1E[1] - 1', it is
not hard to show that the remaining terms have magnitude o(k) with high probability.

To analyze }.; jer(c) ]E[XiX]-], we use the identities 1.epc)Xe = Vp(1-p) + (1 -p)xe

and 1oep() = p+ VP(1 = p)Xe-
For each iibbon R with edges E(R) and Ax = Bgr = 0, this ribbon appears in
Y.i<j1ji jiee(c) E[XiX;] in several ways.

1. For each i < j € V(R) such that {i, j} € E(R), the ribbon R} with E(R]) = E(R),
V(R’) = V(R), Arr = (i), and Br: = (j) appears in E[Xin] with coefficient

VR o \E®)
(%) (L)) . This is then multiplied by (1 — p) because of the edge in-

' p(l-p
dlCatOI' 1{i,j}€E(G)'
Similarly, the ribbon R’, with E(R’) = E(R) \ {i, ]} V(R') = V(R ARz = (i), and
_ |
Br: = (j) appears in E[X;X;] with coefficient ( ( 1’7 . This is then
P

|E(R
. This happens

n

multiplied by +/p(1 —p) because of the edge indicator 1j; jicg(G)-

This gives a total contribution of (1 + p(ql pp ) ) (k (
for |[E(R)| different i < j.

2. For each i < j € V(R) such that {i, j} ¢ E(R), the ribbon R| with E(R}) = E(R),
V(R") = V(R), Agr = (i), and Bg = (j) appears in E[Xin] with coefficient
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NI o o
(n) Vo) . This is then multiplied by p because of the edge indicator
p(1-p

Lijie(c)-
Similarly, the ribbon R’ with E(R}) = E(R) U {i, ] , V(R") = V( ) Ar = (i), and

Vr(i-p)
multiplied by +/p(1 —p) because of the edge indicator 1y; jicg(g
. . . V(R _qp ER) V(R)
This gives a total contribution of g (E) =) . This happens for (*,") —
pii=p
|E(R)| different i < j.

R)I+1
Br: = (j) appears in E[X;X; j] with coeff1c1ent Ol oz ) . This is then
)

. For each i < j € V(R) such thati € V(R) but j ¢ V(R), the ribbon R} with E(R}) =

E(R),V(R") = V(R) U{j}, Ar' = (i),and Br = (j) appears in E[X;X;] with coefficient
VR (g VU - .

(%) (%) . This is then multiplied by p because of the edge indicator

Li jieE(G)-

Similarly, the ribbon R, with E(R,) = E(R) U {i, j}, V(R") = V(R) U{j}, Ar = (i),

p(l-p
then multiplied by +/p(1 - p) because of the edge indicator 1; jcr(G).-

. = . . . k |V(R)|+1 q-p | ( )|+1 . .
and Br: = (j) appears in [E[X;X;] with coefficient (ﬁ> i . This is

V(R)| ~ IE(R)I
This gives a total contribution of & ( n) (%) .
pil=p

The same analysis holds for the case when i ¢ V(R) and j € V(R). These two cases
happen for |V(R)|(n — |[V(R)]) different i < ;.

. For each i < j € V(R) such that i,j ¢ V(R), the ribbon R} with E(Ri) = E(R),
V(R") = V(R)U{i, j}, Agr = (i), and Brr = (j) appears in E[Xin] with coefficient

v g P
(%) ( i 4 ) . This is then multiplied by p because of the edge indicator

p(1=p)
Lijiee(c)-
Similarly, the ribbon R} with E(R}) = E(R) U{i, j}, V(R") = V(R) U{i, j}, Ar' = (i),
. — VR [ g \FRMT
and Br: = (j) appears in [E[X;X;] with coefficient (%) ( Z(lp— p)) . This is

then multiplied by +/p(1 —p) because of the edge indicator 1j; jjcg(c)-

—IV(R)I))

[E(R)|
This gives a total contribution of Ii—f (%)'V(R)l (ﬂ)) . This happens for (" )

p(1-p
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different i < ;.

Putting everything together, each ribbon R with Ax = Bg = 0 and |V(R)| < Dy
appears with coefficient

Kq((n-1V(R))) K IV<R>|( Cgp J|E(R>|
+ "2 ( b )1|V(R)|<DV—1](n) i

[br%B%;%QyEHUL+q«VgU)—HﬂRN)+%%VUUKW—WVUUDHWRWQV

in Y ek (o) E[XiX]-]. Thus, for each shape a with U, = V, = 0 and |V(a)| < Dy, the
graph matrix M, appears with coefficient

1 p(1-p) Via)\ . kg i Via
|Aut<a)|((1+ py )lE(a)|+q(( ) ) IE( )|)+ IV (@)l(n = V(@)D y(a)<py

K*q((n-|V(R K\ V@ _ [E(a)l
o >|>)1|V(R)|<DV_1)(5) (ﬁ]

in ¥ i jiee(e) EXiXj].

The dominanttermin ) ; ncr(G) E [XiX;] comes from the empty shape a with no vertices

2 2
or edges. This gives ];—f(g) ~ kz—q. Using a similar analysis as the analysis used to bound
|1E[1] — 1|, it is not hard to show that the remaining terms have magnitude o(k?q) with high
probability. n
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