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Abstract

We obtain the first polynomial-time algorithm for exact tensor completion that
improves over the bound implied by reduction to matrix completion. The algorithm
recovers an unknown 3-tensor with r incoherent, orthogonal components in R" from
r - O(n'%) randomly observed entries of the tensor. This bound improves over the
previous best one of r - O(n?) by reduction to exact matrix completion. Our bound
also matches the best known results for the easier problem of approximate tensor
completion (Barak & Moitra, 2015).

Our algorithm and analysis extends seminal results for exact matrix completion
(Candes & Recht, 2009) to the tensor setting via the sum-of-squares method. The main
technical challenge is to show that a small number of randomly chosen monomials are
enough to construct a degree-3 polynomial with precisely planted orthogonal global
optima over the sphere and that this fact can be certified within the sum-of-squares
proof system.
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1 Introduction

A basic task in machine learning and signal processing is to infer missing data from a small
number of observations about the data. An important example is matrix completiton which
asks to recover an unknown low-rank matrix from a small number of observed entries. This
problem has many interesting applications—one of the prominent original motivations
was the Netflix Prize that sought improved algorithms for predicting user ratings for
movies from a small number of user-provided ratings. After an extensive research effort
[CRO9, CT10, KMOO09, S505], efficient algorithms with almost optimal, provable recovery
guarantees have been obtained: In order to efficiently recover an unknown incoherent
n-by-n matrix of rank r it is enough to observe r - O(n) random entries of the matrix
[Groll, Recl1]. One of the remaining challenges is to obtain algorithm for the more general
and much less understood tensor completion problem where the observations do not just
consist of pairwise correlations but also higher-order ones.

Algorithms and analyses for matrix and tensor completion come in three flavors:

1. algorithms analyzed by statistical learning tools like Rademacher complexity [SS05,

BM16].
2. iterative algorithms like alternating minimization [JNS13, Har14, HW14].
3. algorithms analyzed by constructing dual certificates for convex programming
relaxations [CR09, Grol1, Rec11].
While each of these flavors have different benefits, typically only algorithms of the third
flavor achieve exact recovery. (The only exceptions to this rule we are aware of are a
recent fast algorithm for matrix completion [JN15] and a recent analysis [GLM16] showing
that the commonly used non-convex objective function for positive semidefinite matrix
completion has no spurious local minima and thus stochastic gradient descent and other
popular optimization programs can solve positive semidefinite matrix completion with
arbitrary initialization.) For all other algorithms, the analysis exhibits a trade-off between
reconstruction error and the required number of observations (even when there is no noise
in the input).!

In this work, we obtain the first algorithm for exact tensor completion that improves
over the bounds implied by reduction to exact matrix completion. The algorithm recovers
an unknown 3-tensor with 7 incoherent, orthogonal components in R” from r - O(n')
randomly observed entries of the tensor. The previous best bound for exact recovery is
r - O(n?), which is implied by reduction to exact matrix completion. (The reduction views
3-tensor on R" as an n-by-n? matrix. We can recover rank-r matrices of this shape from
r - O(n?) samples, which is best possible.) Our bound also matches the best known results
for the easier problem of approximate tensor completion [JO14, BS15, BM16] (the results of

1We remark that this trade-off is a property of the analysis and not necessarily the algorithm. For example,
some algorithms of the first flavor are based on the same convex programming relaxations as exact recovery
algorithms. Also for iterative algorithm, the trade-off between reconstruction error and number of sample
comes from the requirement of the analysis that each iteration uses fresh samples. For these iterative
algorithms, the number of samples depends only logarithmically on the desired accuracy, which means that
these analyses imply exact recovery if the bit complexity of the entries is small.



the last work also applies to a wider range of tensors and does not require orthogonality).

A problem similar to matrix and tensor completion is matrix and tensor sensing. The
goal is to recover an unknown low rank matrix or tensor from a small number of linear
measurements. An interesting phenomenon is that for carefully designed measurements
(which actually happen to be rank 1) it is possible to efficiently recover a 3-tensor of rank r
with just O(r? - n) measurements [FS12], which is better than the best bounds for tensor
completion when r < n%°. We conjecture that for tensor completion from random entries
the bound we obtain is up to logarithmic factors best possible among polynomial-time
algorithms.

Sum-of-squares method. Our algorithm is based on sum-of-squares [Sho87, Par00, Las01],
a very general and powerful meta-algorithm studied extensively in many scientific com-
munities (see for example the survey [BS14]). In theoretical computer science, the main
research focus has been on the capabilities of sum-of-squares for approximation problems
[BBH"12], especially in the context of Khot’s Unique Games Conjecture [Kho02]. More
recently, sum-of-squares emerged as a general approach to inference problems that arise in
machine learning and have defied other algorithmic techniques. This approach has lead to
improved algorithms for tensor decomposition [BKS15, GM15, HS5516, MSS516], dictionary
learning [BKS15, HM16], tensor principal component analysis [HHSS15, RRS16, BGL16],
planted sparse vectors [BKS14, HSS5516]. An exciting direction is also to understand
limitations of sum-of-squares for inference problems on concrete input distributions
[MW15, HSS15, BHK*16].

An appealing feature of the sum-of-squares method is that its capabilities and limitations
can be understood through the lens of a simple but surprisingly powerful and intuitive
restricted proof system called sum-of-squares or Positivstellensatz system [GV01, GriOla,
Gri0O1b]. A conceptual contribution of this work is to show that seminal results for inference
problem like compressed sensing and matrix completion have natural interpretations
as identifiability proofs in this system. Furthermore, we show that this interpretation is
helpful in order to analyze more challenging inference problems like tensor completion. A
promising future direction is to find more examples of inference problems where this lens
on inference algorithms and identifiability proofs yields stronger provable guarantees.

A technical contribution of our work is that we develop techniques in order to show
that sum-of-squares achieves exact recovery. Most previous works only showed that
sum-of-squares gives approximate solutions, which in some cases can be turned to exact
solutions by invoking algorithms with local convergence guarantees [GM15, BKS14] or
solving successive sum-of-squares relaxations [MSS16].

1.1 Results

We say that a vector v € R" is u-incoherent with respect to the coordinate basis e1, ..., e,
if for every index i € [n],
2
(ei, v)* < E-lv|I?. (1.1)



We say that a 3-tensor X € R” ® R"” ® R" is orthogonal of rank r if there are orthogonal
vectors {ui}ie[r] Cc R”, {Uz’}ie[r] c R", {wi}ie[r] C R" such that X = Z?zl u; @ v; ® wi. We
say that such a 3-tensor X is u-incoherent if all of the vectors u;, v;, w; are u-incoherent.

Theorem 1.1 (main). There exists a polynomial-time algorithm that given at least r - u®M - O (n)!>
random entries of an unknown orthogonal u-incoherent 3-tensor X € R" @ R" ® R" of rank r,
outputs all entries of X with probability at least 1 — n=®(),

We note that the analysis also shows that the algorithm is robust to inverse polynomial
amount of noise in the input (resulting in inverse polynomial amount of error in the
output).

We remark that the running time of the algorithm depends polynomially on the bit
complexity on X.

2 Techniques

Let {ui}ie[r), {vitie[r), {wi}ie[s) be three orthonormal sets in R". Consider a 3-tensor
X e R" @ R" ® R"” of the form X = Zle Ai-u;i®v;@w;with Aq,..., A, >0.Let Q C [n]?
be a subset of the entries of X.

Our goal is to efficiently reconstruct the unknown tensor X from its restriction Xq to
the entries in (). Ignoring computational efficiency, we first ask if this task is information-
theoretically possible. More concretely, for a given set of observations Xq, how can we
rule out that there exists another rank-r orthogonal 3-tensor X’ # X that would give rise to
the same observations X, = X??

A priori it is not clear how an answer to this information-theoretic question could
be related to the goal of obtaining an efficient algorithm. However, it turns out that the
sum-of-squares framework allows us to systematically translate a uniqueness proof to an
algorithm that efficiently finds the solution. (In addition, this solution also comes with a
short certificate for uniqueness.?)

Uniqueness proof. Let Q C [n]® be a set of entriesand let X = Y,/_; A; - u; ® v; ® w; be a
3-tensor with A1,..., A, > 0.

It turns out that the following two conditions are enough to imply that Xq uniquely
determines X: The first condition is that the vectors {(#;®v;®w;)q } are linearly independent.
The second condition is that exists a 3-linear form T on R" with the following properties:

1. in the monomial basis T is supported on Q so that T(x, y, z) = 2(i,j0eq Tijk - XiYjXk,

2We emphasize that we ask here about the uniqueness of X for a fixed set of entries Q. This questions
differs from asking about the uniqueness for a random set of entries, which could be answered by suitably
counting the number of low-rank 3-tensors.

3This certificate is closely related to certificates in the form of dual solutions for convex programming
relaxations that are used in the compressed sensing and matrix completion literature.



2. evaluated over unit vectors, the 3-form T is exactly maximized at the points (u;, v;, w;)
so that T(uy,v1, w1) = -+~ = T(uy, v, w,) = 1and T(x, y,z) < 1 for all unit vectors
(x/ Y, Z) ¢ {(ui/ vi/wi) | i€ [7"]}

We show that the two deterministic conditions above are satisfied with high probability
if the vectors {u;}, {v;}, {w;} are incoherent and Q) is a random set of entries of size at least
r-O(n'd).

Let us sketch the proof that such a 3-linear form T indeed implies uniqueness. Concretely,
we claim that if we let X’ be a 3-tensor of the form Z;lzl Au®uvi®@w, forAf,..., AL, >0
and unit vectors {u’}, {v’}, {w}} with X, = X that minimizes Z;/:ﬂ/\ﬂ then X’ = X must
hold. We identify T with an element of R” ® R” ® R" (the coefficient tensor of T in the
monomial basis). Let X’ be as before. We are to show that X = X’. On the one hand, using
that T(x, v, z) < 1 for all unit vectors x, v, z,

r r
(T, X'y = > A} T(u}, v}, w) < Y AL
i=1 i=1
At the same time, using that T is supported on Q) and the fact that X, = X¢,,
r r
(T, X"y = (T, X) = Z Ai - T(ui, i, ;) = Z Al
i=1 i=1

Since X’ minimizes Z;/:l A%, equality has to hold in the previous inequality. It follows
that every point (1}, v’, w’) is equal to one of the points (1}, v;, w;), because T is uniquely
maximized at the points {(u;, v;, w;) | i € [r]}. Since we assumed that {(#; ® v; ® w;)q} is
linearly independent, we can conclude that X = X".

When we show that such a 3-linear form T exists, we will actually show something
stronger, namely that the second property is not only true but also has a short certificate in
form of a “degree-4 sum-of-squares proof”, which we describe next. This certificate also
enables us to efficiently recover the missing tensor entries.

Uniqueness proof in the sum-of-squares system. A degree-4 sos certificate for the
second property of T is an (n + nz)-by—(n +n?) positive-semidefinite matrix M (acting as
a linear operator on R” @ (R" ® R")) that represents the polynomial ||x||? + ||y - ||z]|* -
2T(x,y,z),ie,

(x,y®z), M(x,y ®2)) = ||xII> + llylI* - IzII* = 2T (x, y, 2) - (2.1)

Furthermore, we require that the kernel of M is precisely the span of the vectors {(u;, v; ®
w;) | i € [r]}. Let’s see that this matrix M certifies that T has the property that over unit
vectors it is exactly maximized at the desired points (u;, v;, w;). Let u, v, w be unit vectors
such that (4, v, w) is not a multiple of one of the vectors (u;, v;, w;). Then by orthogonality,
both (1, v ® w) and (-u, v ® w) have non-zero projection on the orthogonal complement
of the kernel of M. Therefore, the bounds 0 < (1, v ® w), M(u,v ® w)) =2 —2p(u, v, w)
and 0 < ((—u,v®@w), M(—u,v®w)) =2+ 2p(u, v, w) together give the desired conclusion
that |T(u, v, w)| < 1.



Reconstruction algorithm based on the sum-of-squares system. The existence of a
positive semidefinite matrix M as above not only means that reconstruction of X from Xq
is possible information-theoretically but also efficiently. The sum-of-squares algorithm
allows us to efficiently search over low-degree moments of objects called pseudo-distributions
that generalize probability distributions over real vector spaces. Every pseudo-distribution
u defines pseudo-expectation values E u f for all low-degree polynomial functions f(x, y, z),
which behave in many ways like expectation values under an actual probability distribution.
In order to reconstruct X from the observations Xq, we use the sum-of-squares algorithm
to efficiently find a pseudo-distribution u that satisfies*

E x>+ lylI*- llzl* < 1 (2.2)
X, y,z

( E x®y®z) = Xqo (2.3)

[J(xl]//z) QO

Note that the distribution over the vectors (u;, v;, w;) with probabilities A; satisfies the
above conditions. Our previous discussion about uniqueness shows that the existence of a
positive semidefinite matrix M as above implies no other distribution satisfies the above
conditions. It turns out that the matrix M implies that this uniqueness holds even among
pseudo-distributions in the sense that any pseudo-distribution that satisfies Eqs. (2.2)
and (2.3) must satisfy ]Ey(x,y,z) x ® y ® z = X, which means that the reconstruction is
successful.’

When do such uniqueness certificates exist? The above discussion shows that in order
to achieve reconstruction it is enough to show that uniqueness certificates of the form
above exist. We show that these certificates exists with high probability if we choose Q
to be a large enough random subset of entries (under suitable assumptions on X). Our
existence proof is based on a randomized procedure to construct such a certificate heavily
inspired by similar constructions for matrix completion [Grol1, Rec11]. (We note that this
construction uses the unknown tensor X and is therefore not “constructive” in the context
of the recovery problem.)

Before describing the construction, we make the requirements on the 3-linear form
T more concrete. We identify T with the linear operator from R" ® R" to R" such
that T(x,y,z) = (x, T(y ® z)). Furthermore, let T, be linear operators on R" such that
T(x,y,z) = X_1 Xa-{y, Taz). Then, the following conditions on T imply the existence of a
uniqueness certificate M (which also means that recover succeeds),

1. every unknown entry (i, j, k) ¢ Q satisfies (e;, T(e; ® ex)) =0,

2. every index i € [r] satisfies u; = T(v; ® w;),

4The viewpoint in terms of pseudo-distributions is useful to see how the previous uniqueness proof
relates to the algorithm. We can also describe the solutions to the constraints Egs. (2.2) and (2.3) in terms of
linearly constrained positive semidefinite matrices. See alternative description of Algorithm 4.1

5The matrix M can also be viewed as a solution to the dual of the convex optimization problem of finding
a pseudo-distribution that satisfies conditions Eqgs. (2.2) and (2.3).
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3. the matrix };_; T, ® T,7 — X/_;(v; ® w;)(v; ® w;)T has spectral norm at most 0.01.

We note that the uniqueness certificates for matrix completion [Grol1, Rec11] have similar
requirements. The key difference is that we need to control the spectral norm of an operator
that depends quadratically on the constructed object T (as opposed to a linear dependence
in the matrix completion case). Combined with the fact that the construction of T is
iterative (about log n steps), the spectral norm bound unfortunately requires significant
technical work. In particular, we cannot apply general matrix concentration inequalities
and instead apply the trace moment method. (See Section 5.)

We also note that the fact that the above requirements allow us to construct the
certifcate M is not immediate and requires some new ideas about matrix representations
of polynomials, which might be useful elsewhere. (See Appendix A.)

Finally, we note that the transformation applied to T in order to obtain the matrix for
the third condition above appears in many works about 3-tensors [FHS515, BM16] with the
earliest appearance in a work on refutation algorithms for random 3-SAT instances (see
[FOO07]).

The iterative construction of the linear operator T exactly follows the recipe from matrix
completion [Groll, Recl1]. Let Rq be the projection operator into the linear space of
operators T that satify the first requirement. Let Pr be the (affine) projection operator
into the affine linear space of operators T that satisfy the second reqirement. We start
with T = X. At this point we satisfy the second condition. (Also the matrix in the third
condition is 0.) In order to enforce the first condition we apply the operator Rq. After this
projection, the second condition is most likely no longer satisfied. To enforce the second
condition, we apply the affine linear operator Pr and obtain T) = Pr(RqX). The idea is
to iterate this construction and show that after a logarithmic number of iterations both the
tirst and second condition are satisfied up to an inverse polynomially small error (which
we can correct in a direct way). The main challenge is to show that the iterates obtained in
this way satisfy the desired spectral norm bound. (We note that for technical reasons the
construction uses fresh randomness Q2 for each iteration like in the matrix completion case
[Recl1, Groll]. Since the number of iterations is logarithmic, the total number of required
observations remains the same up to a logarithmic factor.)

3 Preliminaries

Unless explicitly stated otherwise, O(-)-notation hides absolute multiplicative constants.
Concretely, every occurrence of O(x) is a placeholder for some function f(x) that satisfies
Vx € R.|f(x)| < Cl|x| for some absolute constant C > 0. Similarly, Q(x) is a placeholder for
a function g(x) that satisfies Vx € R. |g(x)| > |x|/C for some absolute constant C > 0.
Our algorithm is based on a generalization of probability distributions over R". To
define this generalization the following notation for the formal expectation of a function f



on R" with respect to a finitely-supported function pu: R" — R,

Ef= ), u® fl.

xesupport(u)

A degree-d pseudo-distribution over R" is a finitely-supported function p: R" — R such that
E,1=1and E, f? > 0 for every polynomial f of degree at most d/2.

A key algorithmic property of pseudo-distributions is that their low-degree moments
have an efficient separation oracle. Concretely, the set of degree-d moments E, (1, x)®4
such that y is a degree-d pseudo-distributions over R” has an 17°)-time separation oracle.
Therefore, standard convex optimization methods allow us to efficiently optimize linear
functions over low-degree moments of pseudo-distributions (even subject to additional
convex constraints that have efficient separation oracles) up to arbitrary numerical accuracy.

4 Tensor completion algorithm

In this section, we show that the following algorithm for tensor completion succeeds in
recovering the unknown tensor from partial observations assuming the existence of a
particular linear operator T. We will state conditions on the unknown tensor that imply
that such a linear operator exists with high probability if the observed entries are chosen
at random. We use essentially the same convex relaxation as in [BM16] but our analysis
differs significantly.

Algorithm 4.1 (Exact tensor completion based on degree-4 sum-of-squares).

Input: locations Q C [n]® and partial observations X of an unknown 3-tensor
XeR'"®@R"®R"

Operation: Find a degree-4 pseudo-distribution y on R" @ R"” @ R" such that the third
moment matches the observations (]Ey(x,y,z) XY ® Z)Q = Xq so as to minimize

E llxl*+ llyli* - llzl17.
(x,y,2)

Output the 3-tensor Ey(x,y,z) xr®y®zeR"®R"®R"

Alternative description: Output a minimum trace, positive semidefinite matrix Y
acting on R" & (R"” ® R") with blocks Y7 1, Y12 and Y25 such that (Y1 2)q = Xq matches
the observations, and Y, satisfies the additional symmetry constraints that each entry
(ej ® e, Y22(ej ® exr)) only depends on the index sets {j, j'}, {k, k'}.

Let {u;}, {vi}, {w;} be three orthonormal sets in R"”, each of cardinality .
We reason about the recovery guarantees of the algorithm in terms of the following
notion of certifcate.

Definition 4.2. We say that a linear operator T from R" ® R" to R" is a degree-4 certificate
for Q) and orthonormal sets {u;}, {v;}, {w;} € R" if the following conditions are satisfies



1. the vectors {(u; ® v; ® wi)a | (i, j, k) € S} are linearly independent, where S C [n]°
is the set of triples with at least two identical indices from [r],

2. every entry (a, b, c) ¢ Q satisfies (e;, T(ep ® e.)) =0,

3. If we view T as a 3-tensor in (R")®3 whose (4, b, ¢) entry is (e,, T(e, ® e, )), every index
i € [r] satisfies (u} ® v} ® Id)T = w;, (u} ® Id®@w])T = v;, and (Id ®v] ® W)T = u;.

4. the following matrix has spectral norm at most 0.01,
n r
Z T, @ T, - Z(Ui ® w;i)(vi ® i)',
a=1 i=1

where {T,} are matrices such that (x, T(y ® x)) = >.'_; x4 - (y, Taz).

In Section 4.4, we prove that existence of such certifcates implies that the above algorithm
successfully recovers the unknown tensor, as formalized by the following theorem.

Theorem 4.3. Let X € R" ® R" ® R" be any 3-tensor of the form Y,\_; A; - u; ® v; ® wj for
M, ..., Ay € Ry, Let Q C [n]? be a subset of indices. Suppose there exists degree-4 certificate
in the sense of Definition 4.2. Then, given the observations Xq the above algorithm recovers the
unknown tensor X exactly.

In Section 4.5, we show that degree-4 certificates are likely to exist when () is a random
set of appropriate size.

Theorem 4.4. Let {u;}, {vi}, {w;} be three orthonormal sets of p-incoherent vectors in R", each of
cardinality r. Let Q C [n]? be a random set of tensor entries of cardinality m = r - n'>(ulog n)¢
for an absolute constant C > 1. Then, with probability 1 — n=*W, there exists a linear operator T
that satisfies the requirements of Definition 4.2.

Taken together the two theorems above imply our main result Theorem 1.1.

4.1 Simpler proofs via higher-degree sum-of-squares

Unfortunately the proof of Theorem 4.4 requires extremely technical spectral norm bounds
for random matrices.

It turns out that less technical norm bounds suffice if we use degree 6 sum-of-squares
relaxations. For this more powerful algorithm, weaker certificates are enough to ensure
exact recovery and the proof that these weaker certificates exist with high probability is
considerably easier than the proof that degree-4 certificates exist with high probability.

In the following we describe this weaker notion of certificates and state their properties.
In the subsequent sections we prove properties of these certificates are enough to imply
our main result Theorem 1.1.



Algorithm 4.5 (Exact tensor completion based on higher-degree sum-of-squares).
Input: locations Q C [n]® and partial observations X of an unknown 3-tensor
XeR"®R"®R".

Operation: Find a degree-6 pseudo-distribution u on R” @ R"” & R"” so as to minimize
]Ey(x,ylz)HxHZ + ||z]|? subject to the following constraints

( E x®y®z) = Xa, 4.1)
H(x,2) o
#(x]]::y Z)(||y||2 —-1)-p(x,y,z)=0forall p(x,y,z) € Rlx,y,z]<4. (4.2)

Output the 3-tensor Ey(x,y,z) r®y®zeR"®R"®R"

Let {u;}, {vi}, {w;} be three orthonormal sets in R"”, each of cardinality r. We reason
about the recovery guarantees of the above algorithm in terms of the following notion of
certificate. The main difference to degree-4 certificate (Definition 4.2) is that the spectral
norm condition is replaced by a condition in terms of sum-of-squares representations.

Definition 4.6. We say that a 3-tensor T € (R")®? is a higher-degree certificate for Q and
orthonormal sets {u;}, {v;}, {w;} € R" if the following conditions are satisfies

1. the vectors {(u; ® v; ® w;)q}ie[r] are linearly independent,
2. every entry (a, b, c¢) ¢ Q satisfies (T, (e, ® ey ® e.)) =0,

3. every index i € [r] satisfies (u} ® v} ® Id)T = w;, (u} ® Id ®w})T = v;, and (Id ®7! ®
w)T = u;,
1

4. the following degree-4 polynomials in R[x, y, z] are sum of squares

I+ Iy l? - Nzl = 1/e (T, x @ y ® 2), (4.3)
Iy 1%+ l1x]? - Nzl = 1/e (T, x @ y ® 2), (4.4)
Izl + 1l - Nyl = 1/e (T, x @ y ® 2) . (4.5)

where T" =T - }/_; u; ® v; ® w; and ¢ > 0 is an absolute constant (say ¢ = 1079).

In the following sections we prove that higher-degree certificates imply that Algo-
rithm 4.5 successfully recovers the desired tensor and that they exist with high probability
for random Q) of appropriate size.

4.2 Higher-degree certificates imply exact recovery

Let {u;}, {vi}, {w;} be orthonormal bases in R"”. We say that a degree-¢{ pseudo-distribution
u(x, y, z) satisfies the constraint || y||* = 1, denoted u = {||y|* = 1}, if Ey(x,y,z) p(x,y,z)-
(1 - |ly|I*) = 0 for all polynomials p € R[x, y, z]<¢-2



We are to show that a higher-degree certificate in the sense of Definition 4.6 implies that
Algorithm 4.5 reconstructs the partially observed tensor exactly. A key step of this proof is
the following lemma about expectation values of higher degree pseudo-distributions.

Lemma 4.7. Let T € (R")®3 be a higher-degree certificate as in Definition 4.6 for the set QO C [n]?
and the vectors {u;}ie[), {Vi}ie[r), {Wi tiepr). Then, every degree-6 pseudo-distribution u(x,y, z)
with p = {|lyl|* = 1} satisfies

lxl®+1zI> 5 N X )
E T Il + 0zl | |
ux,y,2) (o y,2) < y(xyz) 2 100 Z ((ui, x)° +(wi, z)*)
i=r+1
n
NPy <Z’1"V>2'(<”M>2+ <wj,2>2) (4.6)
i=1 je[n]\{i}

To prove this lemma it will be useful to introduce the sum-of-squares proof system.
Before doing that let us observe that the lemma indeed allows us to prove that Algorithm 4.5
works.

Theorem 4.8 (Higher-degree certificates imply exact recovery). Suppose there exists a
higher-degree certificate T in the sense of Definition 4.6 for the set QO C [n]® and the vectors
{uitierr), {vitierr), {wi}ierr). Then, Algorithm 4.5 recovers the partially observed tensor exactly.
In other words, if X = Y/ ;1 Ai - u; ® v; ® w; with Aq,..., Ay > 0and pu(x,y,z) is a degree-6
pseudo-distribution with u | {||y||*> = 1} that minimizes ]EH(X/]//Z) %(llx”2 + ||z||?) subject to
(]Ey(x,y,z) X ® Yy ®z)a = Xq, then ]Ey(x,y,z) x®yez=X

Proof. Consider the distribution p* over vectors (x, y, z) such that (VA;n - u;, v;, VAin - w;)
has probability 1/n. By construction, E ;«(y,y,.) x ® y ® z = X. We have

r
]E Tx , Z E Tx, ,Z) = A= E lx2+zz.
E Ty 2= B T(xy,:z) 21] = (B3P D)

By Lemma 4.7 and the optimality of y, it follows that

n

]]% o - Z (ui, ) + (wi, 2)?) + 1a5 Z Z (0i,y)*- (<”j'x>2 + (wj,z)z) =0

ulx i i=1 je[n]\{i}

Since the summands on the left-hand side are squares it follows that each summand has
pseudo-expectation 0. It follows that E (ul,x> =E u{vi, y)z =E u{wi, z Y2 = 0 for all
i >rand ]E#(vl, v) (u],x)z E u{0i, y) (w],z)z 0 for alli # j. By the Cauchy-Schwarz
inequality for pseudo-expectations, it follows that lEy(x y2){X®Yy®z,ui®v;®wg) =0
unless i = j = k € [r]. Consequently, E; . X ® y ® z is a linear combination of
the vectors {u; ® v; ® w; | i € [r]}. Finally, the linear independence of the vectors
{(ui®v; ®wi)q | i € [r]} implies that ]Ey x® Yy ®z =X as desired. O
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It remains to prove Lemma 4.7. Here it is convenient to use formal notation for sum-of-
squares proofs. We will work with polynomials R[x, y, z] and the polynomial equation
A = {||ly||> = 1}. For p € R[x, y, z], we say that there exists a degree-¢ SOS proof that A
implies p > 0, denoted A +¢ p > 0, if there exists a polynomial q € R[x, y, z] of degree at
most ¢ — 2 such that p + g - (1 — ||y||?) is a sum of squares of polynomials. This notion proof
allows us to reason about pseudo-distributions. In particular, if A +¢ p > 0 then every
degree-¢ pseudo-distribution y with u |= A satisfies B, p > 0.

We will change coordinates such that u; = v; = w; = e; is the i-th coordinate vector for
every i € [n]. Then, the conditions on T in Definition 4.6 imply that

r
(T,(x®@y®2)) = > xiyizi + T'(x,Y,2), (4.7)
i=1
where T is a 3-linear form with the property that T'(x, x, x) does not contain squares (i.e.
is multilinear). Furthermore, the conditions imply the following SOS proofs for T”:

LOrsT(x,y,2) < e (llxll+Iyl? - zl),

2. 0+ T'(x, y,2) < & - (Ilyll + %12 l1z1%),

3. 0rs T'(x,y,2) <& (llzll + lIxII?- lyl?).

The following lemma gives an upper bound on one of the parts in Eq. (4.7).

Lemma 4.9. For A = {||y||> = 1}, the following inequality has a degree-6 sum-of-squares proof,

r n
Are Y xiyizi < 3lxI? + izl - § Z (7 +27)
i=1 i=r+1

i (xF+zfyi - (xlP +z1P) . 4.8)
j

1#]

Proof. We bound the left-hand side in the lemma as follows,

A ke Zx Yizi < Z(zx + 2]/2 2) (4.9)

<HxIP-1) x2+] Zy . (4.10)

i>r

We can further bound ) ; yZZz as follows,

T

i=1

=

z) Zyl 2 (4.11)

i#]

(Z ) Dy (4.12)

i=1 i£]

1:

We can prove a different bound on }; yl.zzf as follows,

n n
Are Y yiz2 <HlzlP+1 ) yia? (4.13)
i=1 i=1

11



n
<3lzlP+1 Z vzl (414)

= Llzl? + l(z )(Zyznznz) DN RE A5 (4.15)

i£j

=Nzl =% > v2 - v3lzl?. (4.16)

i#]

By combining these three inequalities, we obtain the inequality

r

2 2 2 2 2 2 2 2
Are Y xiyizi < HxlP+ 3zl -1 > 221>y 22 =13 2z

i=1 i>r i#] i#]

By symmetry between z and x, the same inequality holds with x and z exchanged.
Combining these symmetric inequalities, we obtain the desired inequality

r

Are Y xiyizi < 3xIP+lzI2 - ) (F +22)

i=1 i>r
—1 D@2+ = 1) P + 11z @17)
i#] i#]

O
It remains to bound the second part in Eq. (4.7), which the following lemma achieves.
Lemma 4.10. A k¢ T'(x, y,2) < ¥ 5 i ¥/ (x #2242l + ||z||2))
Proof. It is enough to show the following inequality for all i € [n],
, 3 1
Are T,y,2) < ¢ 3 (T332 3020IE + 1P
JE

By symmetry it suffices to consider the casei = 1. Letx’ =x —x1-¢e1, ¥ =y —y1 -1, and
z =z —z1 - e1. We observe that

Ars T (x,y,2) =T (x11 + X', y1e1 + ¥, z161 + 2°)
=T (x1e1,y,2")+ T'(x', y1e1,2")
+T'(xX, Y, z1e0) + T'(x", v/, 2')

We now apply the following inequalities
L Ary T'(xer, v, 2) <5 (Gl 117+ 1271P) < § Zja (y7llx] P + 29)
2. A T, yie1,2) < 5 (102 + 112]2) < § 8 (02 + 22)
3. Ars T,y zien) < 5 (1Y I+ 1IK1P2) < 5 Zjm (]2 + 27)

12



4 Ar Ty, 2) <5 (IR +11211P) < § Zja (F +23)

O
We can now prove Lemma 4.7.
Proof of Lemma 4.7. Taken together, Lemmas 4.9 and 4.10 imply
n
Are (T,x0y®z) < 3x|I?+ Lzl - G- 0(e) > (F+2D)
i=r+1
—(G-0@) Y R (24 2 (IxlP +11z1P) , (418)

i#j

where the absolute constant hidden by O(-) notation is at most 10. Therefore for ¢ < 1/100,
as we assumed in Definition 4.6, we get a SOS proof of the inequality,

n
2 2 2 2
Are(T,x 0y ©z) <3lx|2+ 1zl -1 ) (2 +2D)
i=r+1

T Z v; - (XJZ + 2]2- + y? (lx]1* + ||z||2)) , (4.19)

i£j

This SOS proof implies that that every degree-6 pseudo-distribution u(x, v, z) with u | A
satisfies the desired inequality,

n
E (T,xeyez)< B Lx||?+31z)>-1 x2 + 22
(Txeyez< B RPN - ) 6F+z)

Hixy.z i=r+1

16 Z U (sz +22+y7 - (llxl? + ||z||2)) , (4.20)
i#]

O

4.3 Constructing the certificate T’

In this section we give a procedure for constructing the certificate T. This construction is
directly inspired by the construction of the dual certificate in [Grol1, Rec11] (sometimes
called quantum golfing). We will then prove that T satisfies all of the conditions for a
higher-degree certificate of (). In Section 4.5 we will show that T also satisfies the conditions
for a degree-4 certificate for ().

Let {u;}, {vi}, {w;} € R" be three orthonormal bases, with all vectors p-incoherent. Let
X=X 1ui®v;®w;. Let Q C [1]° chosen at random such that each element is included
independently with probability m /n!-° (so that |Q| is tightly concentrated around m).

Let P be the projector on the span of the vectors u; ® v; ® wy such that an index in [7]
appears at least twice in (i, j, k) (i.e., at least one of the conditions i = j € [r],i = k € [r],
j = k € [r] is satisfied). Let Rq be the linear operator on R” ® R" ® R" that sets all entries

13



outside of Q to 0 (so that (Rq[T])a = Rq[T]) and is scaled such that Eq Rg = Id. Let R
be Id —RQ.

Our goal is to construct T € R” ® R” ® R” such that P[T] = X, (T)q = T, and the
spectral norm condition in Definition 4.2 is satisfied. The idea for constructing T is to start
with T = X. Then, move to closest point T that satisfies Ro[T’] = T’ Then, move to closest
point T” that satisfies P[T”] = X and repeat. To implement this strategy, we define

k-1

T® = 3" (-1)Rq,,,(PRq,) -+ (PRq,)[X], 421)
j=0

where g, ..., Q) are iid samples from the same distribution as €.
By induction, we can show the following lemma about linear constraints that the
constructed stensors T(¥) satisfy.

Lemma 4.11. For every k > 1, the tensor T® satisfies (T')q = T and
P[T®]+ (-1)*P(PRq,) -+ (PRo,)[X] = X .

Here, P(PRg,) -+ (PRq,)[X] is an error term that decreases geometrically. In the
parameter regime of Theorem 4.4, the norm of this term is n=*™ for some k = (log 1n)°W,

The following lemma shows that it is possible to correct such small errors. This lemma
also implies that the linear independence condition in Definition 4.2 is satisfied with high
probability. (Therefore, we can ignore this condition in the following.)

Lemma 4.12. Suppose m > rny - (logn)°W. Then, with probability 1 — n=“W over the choice of
Q, the following holds: For every E € R" ® R" ® R" with P[E] = E, there exists Y with (Y)q =Y
such that P[Y] = E and ||Y|lr < OQ) - ||E||F.

Proof. LetS C [n]® be such that P is the projector to the vectors u; ® v; ® wi with (i, j, k) € S.
By construction of P we have |S| < 3rn. In order to show the conclusion of the lemma it is
enough to show that the vectors (u; ® v; ® wy)q with (i, j, k) € S are well-conditioned in
the sense that the ratio of the largest and smallest singular value is O(1). This fact follows
from standard matrix concentration inequalities. See Lemma 4.14. |

The main technical challenge is to show that the construction satisfies the condition
that the following degree 4 polynomials are sums of squares (where T’ = T — X).

I+ lyli? - Nzl = 1/e (T, x @ y ® 2), (4.22)
Iy 1%+ 11x1? - llzI? = 1/e (T, x @ y ® 2), (4.23)
Izl + 1l - Nyl = 1/e (T, x @ y ® 2). (4.24)

We show how to prove the first statement, the other statements can be proved with
symmetrical arguments. To prove the first statement, we decompose T’ into pieces of the
form (Rq,P) -+ (Ra,P)(Ra,X), P"(Rq,P) -+ (Ra,P)(Ra,X) (where P’ is a part of P), or E.
For each piece A, we prove a norm bound ||}, A, ® Al|| < B. Since Y, A, ® Al represents
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the same polynomial as ATA, this proves that B||y||?||z]|* — (y ® z)TATA(y ® z) is a degree
4 sum of squares. Now note that (y ® z)TATA(y ® z) — \/ExTA(y ®z)-— \/E(y ®z)TATx +
B||x||? is also a sum of squares. Combining these equations and scaling we have that
x| + lyl12Nlz]1? = %XTA(y ® z) is a degree 4 sum of squares.

Thus, it is sufficient to prove norm bounds on |3, A, ® Al||. We have an appropriate
bound in the case when A = E because E has very small Frobenius norm. For the cases
when A = (Rg,P) - - - (Rg, P)(Rg,X) or A = P(Rq,P) - - - (R, P)(Ra, X), we use the following
theorem

Theorem 4.13. Let A = (Rg,P) - - - (Rq, P)(Rg, X) or P’(Rq,P) - - - (Ra, P)(Ra, X) where P’ is a
part of P. There is an absolute constant C such that for any o > 1 and p > 0,

> A®A]
a

as long as m > Cafu2rnt3 -log(n) and m > Capu®rnlog(n).

P

. a—am] <nt

Proof. This theorem follows directly from combining Proposition 5.10, Theorem 6.1,
Theorem 7.1, and Theorem 8.1. ]

4.3.1 Final correction of error terms

In this section, we prove a spectral norm bound that allows us to correct error terms
that are left at the end of the construction. The proof uses the by now standard Matrix
Bernstein concentration inequality. Similar proofs appear in the matrix completion
literature [Grol1, Rec11].

Let {u;}, {vi}, {w;} € R" be three orthonormal bases, with all vectors p-incoherent. Let
Q C [n]® be m entires sampled uniformly at random with replacement. (This sampling
model is different from what is used in the rest of the proof. However, it is well known
that the models are equivalent in terms of the final recovery problem.)

Lemma 4.14. Let S C [n]3. Suppose m = u|S|(logn)© for an absolute constant C > 1. Then
with probability 1 — n®WY over the choice of Q, the vectors (u; ® v; ® wi)a for (i, j, k) € S are
well-conditioned in the sense that the ratio between the largest and smallest singular value is at
most 1.1.

Proof. Fors = (i, ], k) € S,letys = u; ® v; ® wy. Let Q = {w1, ..., wn}, where wy, ..., w €
[1]? are sampled uniformly at random with replacement. Let A be the S-by-S Gram matrix
of the vectors (ys)q. Then, A is the sum of m identically distributed rank-1 matrices A;,

m
A= A with (Adss = ¥s)o; (),
i=1
Each A; has expectation E A; = n~!°Id and spectral norm at most |S| - u/n!?. Standard
matrix concentration inequalities [Tro12] show that m > O(|S|u?logn) is enough to
ensure that the sum is spectral close to its expectation (m/ n'2)1d in the sense that
0.99A < (m/n'?)1d < 1.1A. O
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4.4 Degree-4 certificates imply exact recovery

In this section we prove Theorem 4.3. We need the following technical lemma, which we
prove in Appendix A.

Lemma 4.15. Let R be self-adjoint linear operator R on R" ®R". Suppose ((vj®wy), R(v;®w;)) =
0 for all indices i, j, k € [r] such that i € {j, k}. Then, there exists a self-adjoint linear operator R’
on R"®R" such that R’(v; @ w;) = 0forall i € [r], the spectral norm of R’ satisfies ||R’|| < 10||R]|,
and R’ represents the same polynomial in Ry, z],

(y®z),R(y®z)=((y®z),R(y ®2)).

We can now prove that certificates in the sense of Definition 4.2 imply that our algorithm
successfully recoves the unknown tensor.

Proof of Theorem 4.3. Let T be a certificate in the sense of Definition 4.2.
Our goal is to construct a positive semidefinite matrix M on R”" @ R” ® R" that represents
the following polynomial

(x,y®2), M(x, y ®2)) = ||xII” + [lylI* - I1zII* = 2{x, T(y ® 2)) .

Let T, be matrices such that (x, T(x ® y)) = X, x4 - Ta(y, 2). Since ||x|> + X/'_; Ta(y, 2)* —
2(x, T(y®z)) = ||x —T(y ®z)|| is a sum of squares of polynomials, it will be enough to find
a positive semidefinite matrix that represents the polynomial ||y||* - ||z||* = X'_; Ta(y, 2)*.
(This step is a polynomial version of the Schur complement condition for positive semidefi-
niteness.) Let R be the following linear operator

n r
R = Z; T,&T,T — Z;(vi ® w;)(v; ® w;) ,
a= i=

Lemma 4.16. R satisfies the requirement of Lemma 4.15.

Proof. Consider ((v; ® wi), R(v; ® w;)). Since v; is repeated, the value of this expression
will be the same if we replace R by an R, which represents the same polynomial. Thus, we
canreplace Rby Ry = X/ 1 To™ T, — i1 (vi @ wi)(vi @ w;)T = TTT = X7 (vi @ w;)(v; @ w;)T

We now observe that ((v; ® wi), R2(v; ® wj)) = ((vj ® wi), TT(u;) — (v; ® wj)) = 0. By
a symmetrical proof, {((v; ® wy), R(vx ® wy)) = 0 as well. |

By Lemma Lemma 4.15, there exists a self-adjoint linear operator R’ that represents
the same polynomial as R, has spectral norm ||R’|| < 10||R|| < 0.1, and sends all vectors
v; ® w; to 0. Since R’ sends all vectors v; ® w; to 0 and [|R’|| < 0.1, the following matrix

.
R” = Z(vi ® w;)(v; ® w;)T + R’
i=1
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has r eigenvalues of value 1 (corresponding to the space spanned by v; ® w;) and all other
eigenvalues are at most 0.1 (because the non-zero eigenvalues of R’ have eigenvectors
orthogonal to all v; ® w;). At the same time, R” represents the following polynomial,

(y®2),R"(y®2)) = ) Tuly, 2.
a=1

Let P be a positive semidefinite matrix that represents the polynomial || x||*+ Y1 Ta(y, z)?—
2(x, T(y ® z)) (such a matrix exists because the polynomial is a sum of squares). We choose

M as follows
M = Id -T N 0 0
“\(my (r7) " \0 1d-R”

Since R” < Id, this matrix is positive semidefinite. Also, M represents ||x||> + || y||* - ||z||*> —
2(x,T(y ® z)). Since u; = T(v; ® w;) for all i € [r] and the kernel of Id —R” only contains
span of v; ® w;, the kernel of M is exactly the span of the vectors (u;, v; ® w;).

Next, we show that the above matrix M implies that Algorithm 4.1 recovers the unknown
tensor X. Recall that the algorithm on input Xq finds a pseudo-distribution p(x, v, z) so
as to minimize ]Eyllxll2 + |lylI? - ||z]|? such that (]EH X ® Yy ®z)g = Xq. Since everything
is scale invariant, we may assume that X = Z;:l Ai-u;®v; w; for A1,...,A, > 0and
2.i Ai = 1. Then, a valid pseudo-distribution would be the probability distribution over
(u1,v1,w1),...,(ur, v, w,) with probabilities A1, ..., A,. Let u be the pseudo-distribution
computed by the algorithm. By optimality of y, we know that the objective value
satisfies ]l::yllxll2 + lyll? - Iz < Eiealluill? + [oill? - [lwil|> = 2. Then, if we let Y =
Eu(x,y®z)(x,y®z),

0<(M,Y)= E [IxIP+lyll*- lIz]I* = 2(x, T(y ® 2))
plx,y,z)

<2-2 E (x,T(y®2z))
u(x,y,z)

=2-2 ,]]%(ui, T(vi ® w;))
1'\/
=0

The first step uses that M and Y are psd. The second step uses that M represents the
polynomial ||x]|? + ||y||? - ||z]|*> — 2{x, T(y ® z)). The third step uses that 4 minimizes the
objective function. The fourth step uses that the entries of T are 0 outside of (2 and that u
matches the observations (]Ey x® Yy ®z)a = Xq. The last step uses that u; = T(v; ® w;) for
alli € [r].

We conclude that (M, Y) = 0, which means that the range of Y is contained in the kernel
of M. Therefore, Y = Z;,jzl vij - (ui, i ® wi)(uj,v; ® w;) for scalars {y; ;}. We claim that
the multipliers must satisfy y; ; = A; and y;; = 0 forall i # j € [r]. Indeed since u matches
the observations in Q,

0= Z (Ai = yi,i6ij) - (i ® vj @ wi)q -
ij=1
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Since the vectors (u; ® v; ® w;)q are linearly independent, we conclude that y; ; = A; - 6;;
as desired. (This linear independence was one of the requirements of the certificate in
Definition 4.2.) 0

4.5 Degree-4 certificates exist with high probability

In this section we show that our certificate T in fact satisfies the conditions for a degree-4
certificate, proving Theorem 4.4.

We use the same construction as in Section 4.3. The main, remaining technical challenge
for Theorem 4.4 is to show that the construction satisfies the spectral norm condition of
Definition 4.2. This spectral norm bound follows from the following theorem which we
give a proof sketch for in Appendix B.

Theorem 4.17. Let A = (Rq,P)--- (Ra,P)(Rg,X) or P(Rq,P) -+ (Rg,P)(Rg,X) and let B =
(Rq, P)- -+ (Rg,P)(RayX) or P(Rq, P) - -+ (Ra, P)(Ra,X). There is an absolute constant C such
that forany o > 1 and > 0,

P

ZAa®BaT
a

as long as m > CaBuzrn®> -log(n) and m > Capu?rnlog(n).

> a—(l+l’+2)] <nP

Remark  4.18. If it were true in general that [|3,A,® Bl|| <
V2, A: ® ATVl 2, B ® BI|| then it would be sufficient to use Theorem 4.13
and we would not need to prove Theorem 4.17. Unfortunately, this is not true in general.

That said, it may be possible to show that even if we do not know directly that
|| >, Az ® BI|| is small, since || 3, A, ® AT|| and || ., B, ® B]'|| are both small there must
be some alternative matrix representation of >, A, ® Bg which has small norm, and this is
sufficient. We leave it as an open problem whether this can be done.

We have now all ingredients to prove Theorem 4.4.

Proof of Theorem 4.4. Let k = (logn)¢ for some absolute constant C > 1. Let E =
(-1)¥P(PRg,) - - (PRq,)[X]. By Lemma 4.12 there exists Y with (Y)q = Y and P[Y] = E
such that ||Y|lr < O)||E||. Welet T = T + Y. This tensor satisfies the desired linear
constraints (T)qg = T and P[T] = X. Since E has the form of the matrices in Theorem 4.17,
the bound in Theorem 4.17 implies ||E||r < 275 - n10 < n=¢*19, (Here, we use that the norm
in the conclusion of Theorem 4.17 is within a factor of n'° of the Frobenius norm.)

We are to prove that the following matrix has spectral norm bounded by 0.01,

n n
D (Mo (D)] =) Xe®X] .
a=1 a=1

We expand the sum according to the definition of T'*) in Eq. (4.21). Then, most terms that
appear in the expansion have the form as in Theorem 4.17. Since those terms decrease

18



geometrically, we can bound their contribution by 0.001 with probability 1 — n=“(1). The
terms that involve the error correction Y is smaller than 0.001 because Y has polynomially
small norm ||Y||r < n=¢*10. The only remaining terms are cross terms between X and a
tensor of the form as in Theorem 4.17. We can bound the total contribution of these terms
also bounded by at most 0.001 using Theorem B.27. |

5 Matrix norm bound techniques

In this section, we describe the techniques that we will use to prove probabilistic norm
bounds on matrices of the form Y = 3, (RoA), ® (RoA)l. We will prove these norm
bounds using the trace moment method, which obtains probabilistic bounds on the norm
of a matrix Y from bounds on the expected value of tr((YYT)7) for sufficiently large 4.
This will require analyzing t7((YYT)7), which will take the form of a sum of products,
where the terms in the product are either entries of A or terms of the form Rao(a,b,c)
where Ro(a, b, c) = %3 —1if (a,b,c) € Qand -1 otherwise. To analyze tr((YYT)7), we will
group products together which have the same expected behavior on the Rn(a, b, ¢) terms,
forming smaller sums of products. For each of these sums, we can then use the same
bound on the expected behavior of the Ra(a, b, ¢) terms for each product in the sum. This
allows us to move this bound outside of the sum, leaving us with a sum of products of
entries of A. We will then bound the value of these sums by carefully choosing the order
in which we sum over the indices.

In the reainder of this section and in the next two sections, we allow for our tensors to
have asymmetric dimensions. We account for this with the following definitions.

Definition 5.1. We define 71 to the dimension of the u vectors, 1, to be the dimension of the
v vectors, and n3 to be the dimension of the w vectors. We define n,,,, = max {n1, ny, n3}

5.1 The trace moment method

We use the trace moment method through the following proposition and corollary.

Proposition 5.2. For any random matrix Y, for any integer q > 1 and any € > 0,

Pr

<é&

vl > 2(/’5 Ler@Y)7)]

&

Proof. By Markov’s inequality, for all integers g > 1 and all ¢ > 0
E [tr((YYT)7)] ]
<e

&

Pr|tr((YYD)T) >

T
The result now follows from the observation that if || Y]|| > 2{7/ M then tr((YYT)1) >
E[tr((YYT)T)]

z . O
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Corollary 5.3. For a given p > 1, v > 0, n > 0, and B > 0, for a random matrix Y, if
E [tr ((YYT)Q)] < (gPB)*n” for all integers g > 1 then for all B > 0,

(r+B)

-p
2 <n

Pr lllYll > BeP (

p
Inn +1)

B e 29[ (q?B)2In’ sl .
Proof. We take ¢ = n™F and we choose q to minimize \/~——— = Bg”n % . Setting the

v
derivative of this expression to 0 we obtain that (% - % Inn)BgPn =0, so we want

q= % In n. However, 4 must be an integer, so we instead take g = [% Inn]. With this g,
we have that

rep + P + P
qunW<B(ﬂlnn+1) n%:Be”((r ﬁ)lnn+1)
2p 2p
Applying Proposition 5.2 with g, we obtain that
E[tr((YYT) + P
pr (i > /ELOION > et (P a) | <t

5.2 Partitioning by intersection pattern

As discussed at the beginning of the section, E [tr((YYT)q )] will be a sum of products,

where part of these products will be of the form H?Zl Ra(ai, bi, ci). Here, g’ may or
may not be equal to ¢, in fact we will often have q° = 2g because each Y will contribute
two terms of the form Rq(a, b, ¢) to the product. To handle this part of the product, we
partition the terms of our sum based on the intersection pattern of which triples (a;, b;, c;)
are equal to each other. Fixing an intersection pattern determines the expected value of

20 =
[T:7, Ralai, bi, c:).

Definition 5.4. We define an intersection pattern to be a set of equalities and inequalities
satisfying the following conditions

1. All of the equalities and inequalities are of the form (a;,, b;;, ¢i;) = (aiy, biy, ci,) OF
(ai,, biy, ciy) # (ai,, by, ciy), respectively.

2. For every iy, iy, either (a;, b, ciy) = (ai,, by, ci,) is in the intersection pattern or
(ai,, biy, ciy) # (aiy, biy, ci,) is in the intersection pattern

3. All of the equalities and inequalities are consistent with each other, i.e. there exist
values of (a1, by, c1), -+, (a2q, bag, c24) satisfying all of the equalities and inequalities
in the intersection pattern.

Proposition 5.5. For a given (a, b, c),
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1. E [Rg(a,b,c)] =0

2. Forallk > 1,E [(Rg(ﬂ,bzc))k] < (M)

m

Corollary 5.6. For a given intersection pattern, if there is any triple (a,b, c) which appears

exactly once, E [Hf; Ro(a;, b;, Ci)] = 0. Otherwise, letting z be the number of distinct triples,
27 o
E [HiL RQ(ai,bi,ci)] < (%) q'-z

Proof. for a given intersection pattern, let (a;,, bi;, ci;), -+, (ai,, bi_, ci,) be the distinct triples
and let ¢; be the number of times the triple (a; ” b; i Ci j) appears. We have that

4

i=1

=1

If ¢; = 1 for any j then this expression is 0. Otherwise,

z _ ci z ci—1 >i.cil-z 2q'-z
[T (Roto ) ] & [ (1) < 50 e

j:l =1

5.3 Bounding sums of products of tensor entries

In this subsection, we describe how to bound the sum of products of tensor entries we
obtain for a given intersection pattern after moving our bound on the expected value of
the Ra(a, b, ¢) terms outside the sum. We represent such a product with a hypergraph as
follows.

Definition 5.7. Given a set of distinct indices and a set of tensor entries on those indices,
let H be the hypergraph with one vertex for each distinct index and one hyperedge for each
tensor entry, where the hyperedge consists of all indices contained in the tensor entry. If
the tenor entry appears to the pth power, we take this hyperedge with multiplicity p.

With this definition in mind, we will first preprocess our products.

1. We will preprocess the tensor entries so that every entry appears to an even power
using the inequality |ab| < 1(a% + b?). This has the effect of taking two hyperedges of
our choice in H and replacing them with one doubled hyperedge or the other (we
have to consider both possibilities). Note that this step makes all of our terms positive
and can only increase their magnitude, so the result will be an upper bound on our
actual sum.

2. We will add the missing terms to our sum so that for we sum over every possibility
for the distinct indices (even the possibilities which make several of these indices
equal and would put us in a different intersection pattern). Note that this can only
increase our sum.
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Remark 5.8. It is important that we first bound the expected value of the Ro(a, b, c) terms
and move this bound outside of our sum before adding the missing terms to the sum.

After preprocessing our products, our strategy will be as follows. We will sum over
the indices, removing the corresponding vertices from H. As we do this, we will apply
appropriate bounds on squared tensor entries, removing the corresponding doubled
hyperedge from H. To obtain these bounds, we observe that we can bound the average
square of our tensor entries in terms of the number of indices we are averaging over.

Definition 5.9. We say that an order 3 tensor A of dimensions 11 xXnyxnzis (B, v, u)-bounded
if the following bounds are true

1. max, . {A%, } < Br

abc

2. max {maxy, {n% 2 abc} maxac{ Zb abc} maxab{ Zc abc}} S

B
2

3. max {max, {ﬁ b Aibc},maxb {n11n3 D Aibc}’ max;, {nzln3 2be Aﬁbc}} <y

: nlnlzn3 2abe Agbc < %
More generally, we say that a tensor A is (B, r, i)-bounded if the following is true
1. The maximum value of an entry of A squared is at most Br
2. Every index which we average over decreases our upper bound by a factor of u

3. If we are averaging over at least one index then we can delete the factor of r in our
bound.

Since r and u will always be the same, we write B-bounded rather than (B, r, u)-bounded

To give a sense of why these are the correct type of bounds to use, we now show that X

is (nlrn;n )-bounded In Section 7, we will use an iterative argument to show that with high
probability, similar bounds hold for all of the tensors A we will be considering.

Proposition 5.10. X is ( ) -bounded

Proof. Recall that X = }/_; u; ® v; ® w; where the vectors {u;} are orthonormal, the vectors
{v;} are orthonormal, and the vectors {w; } are orthonormal. Also recall that foralli,a, b, c,

ur < £, 02 < £ and w < n% We now have the following bounds:

<
ia n’ Vib S my’

1.

2,3
1
max{X g = max E Eumvlbwwumvlbwlc <

a,b,c ninsns

i=1 i'=
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The other bounds where we sum over one index follow by symmetrical arguments.

1
2. X0
c ninp 7 abe

max

’

<

UigOUipWicUjrgVjrpWire

a b

ru
ninxns

The other bounds where we sum over two indices follow by symmetrical arguments.

1
o 2 Xave =
ninang & ave

a,b,c

<

7

§ WicWirc

—_

O

With these kinds of bounds in mind, we bound sums of products of tensor entries
as follows. We note that we can always apply the entrywise bound for a squared tensor
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entry. However, to apply any of the other bounds, we must be able to sum over an index or
indices where the only term in our product which depends on this index or indices is the
squared tensor entry. This can be described in terms of the hypergraph H as follows.

Definition 5.11. Given a hyperedge ¢ in H, define b(e) to the the minimal B such that the
tensor entry corresponding to e is B-bounded.

Definition 5.12. We say that a vertex is free in H if it contained in only one hyperedge and
this hyperedge appears with multiplicity two.

We can apply our bounds in the following ways.

1. We can always choose a hyperedge e of H, use the entrywise bound of rb(e) on
the corresponding squared tensor entry (note the extra factor of r), and reduce the
multiplicity of e by two.

2. If there is a free vertex incident with a doubled hyperedge e in H, we can sum over
all free vertices which are incident with e using the corresponding bound then delete
these vertices and the doubled hyperedge e from H. When we do this, we obtain a
factor of

na ns

5 ¢
The factors of n1, np, n3 appear because we are summing over these indices and the
factors of % appear because each index we sum over reduces the bound on the average
value by a factor of p.

)# of deleted a vertices ( )# of deleted b vertices ( )# of deleted c vertices

b(e) (ﬂ
u

If we apply these bounds repeatedly until there are no tensor entries/hyperedges left to
bound, our final bound on a single sum of products of tensor entries will be

# of a indices # of b indices # of ¢ indices
l_[ /b(e) (ﬂ) (2) (@) ,# of entrywise bounds used

cch H H K

To prove our final upper bound, we will argue that we can always apply these bounds in
such a way that the number of times we need to use an entrywise bound is sufficiently
small.

5.4 Counting intersection patterns

There will be one more factor in our final bound. This factor will come from the number of
possible intersection patterns with a given number z of distinct triples (a, b, c).

Lemma 5.13. The total number of intersection patterns on 2q’ triples with z distinct triples (a, b, c)
such that every triple (a, b, c) has multiplicity at least two is at most (*1)z21'~2 < 224'q/%1 =

Proof. To determine which triples (a, b, c¢) are equal to each other, it is sufficient to decide
which triples are distinct from all previous triples (there are (2;7 ') choices for this) and for
the remaining 2g’ — z triples, which of the z distinct triples they are equal to (there are
z27'=% choices for this). O
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6 Trace Power Calculation for RoA ® (RoA)"

In this section, we implement the techniques described in Section 5 to probabilistically
bound ||RaA ® (RaA)T||. In particular, we prove the following theorem.

Theorem 6.1. If A is B-bounded, C > 1, and
1. m > 10000C(2 + B)*Myaxt 12 In Mgy
2. m> 10000C(2+/3)2r\/n_1max {ng,ng}y% Inn,,e = 10000C(2+ﬁ)2rmy% Inn,,0y
3. ur < min {ny, ny, n3}

then defining Y = RoA ® (RQA)T,

Pr |||y|| > Ml < 45~ (B+D
Crud

Corollary 6.2. If C > 1 and
1. m > 10000C(2 + B)*Myaxt 12 In Mgy
2. m> 10000C(2+ﬁ)2r\/n_1max {ng,ng}y% Inn,u,e = 10000C(2+ﬁ)2rmy% Inn,,0y
3. ur < min {ny, ny, n3}

then
> = 1
Pr |[|[RoX ® (RaX)T|| > cl< 4y~ B+

Proof. This follows immediately from Theorem 6.1 and the fact that X is ( rie )-bounded.

ninans
O

To prove Theorem 6.1, we break up Y into four parts and then prove probabilistic norm
bounds for each part.
Definition 6.3.

1. Define (Y1)pcprer = Ypeprer if b = b7, ¢ = ¢’ and 0 otherwise.

2. Define (Y2)peprer = Ypeper if b = b, ¢ # ¢’ and 0 otherwise.

3. Define (Y3)pcprer = Ypeper if b # b, ¢ = ¢’ and 0 otherwise.

4. Define (Y4)pcprer = Ypeper if b # b, ¢ # ¢’ and 0 otherwise.
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6.1 Structure of tr((YjY].T)q )

We have that Yyprer = 3., Ra(a, b, c")Ra(a, b’, ¢)AuperAspre. To see the structure of (YijT)q,

we now compute Y Y].T.

(Y].Y}‘T)blqbz(:z =
Z RQ(all bl/ C,)RQ(all b// Cl)RQ(ﬂz, b2/ C,)RQ(QZ, bl/ CZ)Aa1blC’Aﬂlb'ﬁAazsz/Aazb’Cz

ai,az,b’,c’

where the sum is taken over b, ¢’ which satisfy the appropriate constraints. The R, terms
will not be part of our hypergraph H (as their expected behavior is determined by the
intersection pattern). We can view the first two terms A, and A, ¢, as an hourglass
with upper triangle (b1, a1, ¢’) and lower triangle (c1, a1, b’) (where the vertices in each
triangle are listed from left to right). Similarly, we can view the last two terms A,,;,» and
Agpc, as an hourglass with upper triangle (¢, a2, by) and lower triangle (b’, a2, c2). Thus,
the hypergraph H corresponding to tr((YjY].T)q) will be 2q hourglasses glued together
where the top vertices of the hourglass alternate between b and ¢’ indices, the bottom
vertices of the hourglass alternate between ¢ and b’ indices, and the middle vertices of the
hourglass are the a indices.

Remark 6.4. While there is no real difference between the b and b’ indices and between the
c and ¢’ indices, we will keep track of this to make it easier to see the structure of H.

As described in Section 5, we split up E [tr((Yj Y].T)‘f)] based on the intersection pattern

of which of the 44 triples of the form (a, b, ¢’) or (a, b’, c) are equal to each other. We only
need to consider patterns where each triple and thus each hyperedge appears at least twice,
as otherwise the terms in the sum will have expected value 0. In all cases, letting z be the
number of distinct triples in a given intersection pattern, by Corollary 5.6 our bound on

the expected value of the R, terms will be (%)M—Z

6.2 Bounds on ||Y1]|

Consider E [tr((Y1 YlT )1 )] The constraints that b” = b and ¢’ = ¢ in every Y force all of the
b and b’ indices to be equal and all of the ¢ and ¢’ indices to be equal, so our hypergraph H
consists of a single vertex b, a single vertex ¢, and two copies of the hyperedge (a;, b, c) for
each i € [1,2q]. For all intersection patterns, the number of distinct triples z is equal to the
number of distinct a indices, which can be anywhere from 1 to 24.

We apply our bounds on H as follows.

1. In our preprocessing step, when there are two hyperedges e; and e, which appear
with odd multiplicity, we double one of these hyperedges or the other. Thus, we can
assume that all hyperedges appear with even multiplicity.

2. We will apply an entrywise bound 24 — z times on hyperedges of multiplicity > 4,
reducing the multiplicity by 2 each time.
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3. After applying these entrywise bounds, all of the distinct a vertices will be free and
we can sum up over these indices one by one.

Recall that the bound from the Rg terms is (%)4%Z and our bound for the other terms
is

# of a entries # of b entries # of ¢ entries
1—[ Vb(e) (ﬂ) (2) (E) # of entrywise bounds used
H H H

eeH

where b(e) = B for all our hyperedges. Summing over all z € [1,24] and all intersection
patterns using Lemma 5.13, our final bound is

_ z
2g - 2% max {(251)4[1_Z (M)4q “ B (ﬂ) (2) (@) rzq_z}
ze[1,2q] m w) \u)\u

The inner expression will either be maximized at z = 2g or z = 1 and we will always take g
to be between ]nnz’”” and ~4, so our final bound on E [tr((Y1 YlT )‘7)] is at most

A ninynsB 2 na\ (n3\ (ninsn3rB 2 m
(49)™ max { nmay | ——— —=11—=1, >
MU N My pl\u m ru3

Since 7 > 10000C(2 + B)2 1 max? 2 10 gy and m > 10000C(2 + BY2r /A2 13 42 In gy, We
have that

ninynzB 2
E [tr(riYD)T)] < (164%)% et 3
(@YD) < (169 (10000(?(2+ﬁ)2ry3(1nnmax)2 e
(note that m < n3,,, as otherwise the tensor completion problem is trivial). We now recall
Corollary 5.3, which says that for a givenp > 1,7 > 0, n > 0, and B > 0, for a random

matrix Y, if E [tr (YYT)7)] < (q?B)*1n" for all integers g > 1 then for all § > 0,

(r+p)

-p
2 <n

p
Prl||Y||>Bep( 1nn+1)

Using Corollary 5.3 with the appropriate parameters, we can show that for all § > 0,

16¢?B _
P[||Y1||>—e ”1”2”3] A

100007 u3 e

6.3 Bounds on ||Y3]|| and ||Y3]]|

Consider E [tr((YzYZT )1 )] The constraint that b’ = b in every Y forces all of the b and
b’ indices to be equal, so our hypergraph H consists of a single vertex b and 44 total
hyperedges of the form (a, b, c¢) or (a, b, ¢’). Ignoring the b vertex (which is part of all the
hyperedges), the (a, ¢) and (a, ¢’) edges form a single connected component. We only need
to consider intersection patterns where each triple (a, b, c) or (a, b, ¢’) (and thus each edge
(a,c)or (a,c’)) appears with multiplicity at least two. For a given intersection pattern, let z
be the number of distinct edges.
We apply our bounds on H as follows.
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1. In our preprocessing step, when there are two edges e¢; and e> which appear with
odd multiplicity, we double one of these edges or the other. Thus, we can assume
that all edges appear with even multiplicity.

2. We will apply an entrywise bound 24q — z times on edges of multiplicity > 4, reducing
the multiplicity by 2 each time.

3. After applying these entrywise bounds, all of our edges will have multiplicity 2. We
now sum over a free a, ¢, or ¢’ vertex in H whenever such a vertex exists. Otherwise,
there must be a cycle, in which case we use the entrywise bound on one edge of the
cycle and delete it.

Definition 6.5. Let x be the number of times we delete an edge in a cycle using the
entrywise bound.

Lemma 6.6. The total number of vertices in H (excluding b) isz +1 — x

Proof. Observe that neither deleting a free vertex nor deleting an edge in a cycle can
disconnect H. Also, except for the final edge where both of its vertices will be free, every
edge which has a free vertex has exactly one free vertex. Thus, we delete an edge in a cycle
x times, removing 0 vertices each time, we delete an edge with one free vertex z — x — 1
times, removing 1 vertex each time, and we delete the final edge once, removing the final
two vertices. This adds up to z + 1 — x vertices in H. m|

Recall that the bound from the Rg terms is (%)M—Z and our bound for the other terms

1S
# of a entries # of b entries # of c or ¢’ entries
1_[ Vb (e) (ﬂ) (@ ) (@) 7 of entrywise bounds used

cch H H H

where b(e) = B for all our hyperedges. Summing over all z € [1,2g] and all intersection
patterns using Lemma 5.13, our final bound is

z—1-x
2q - 24 max (2‘1)4[1_Z (”1”2”3)4‘7"2 B Rmax Mialts p2q-ztx
z€[1,2q],x€[0,z-1] m u ‘u3

Since ur < nyax, the inner expression will either be maximized when z = 29 and x = 0 or
when z = 1 and x = 0. Again, we will always take g to be between D war ang T4 S0 our
final bound on E [tr((YzYzT)q)] is at most

(49)“7 max (

2
2 2.2.2 q
ninan3iya B\ (ninans ninynrB m
] 2 | 2 3
MmN 1y I m ru

Since m > 10000C(2 + ﬁ)znmaxr;ﬂ In 1,4, and m > 10000C(2 + ﬁ)zr\/nlnzng‘u% In 11,4, We
have that

2
7’117’127’133 ) 1 3
n

E [tr(2Y;)")] < (164%) (10000C(2 +BPrudnng)?)
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Using Corollary 5.3 with the appropriate parameters (in fact the same ones as before), we
can show that for all § > 0,

16e2Bnynans —(B+1)

P l||IY>]|| > <
|| 2” 100001’#3 Mmax

By a symmetrical argument, we can obtain the same probabilistic bound on ||Y3]|.

6.4 Bounds on ||Y4]|

Consider E [tr((Y4Y4T )7)]. Our hypergraph H consists of 2q hyperedges of the form
(b,a,c’)or (c’,a,b) from the top triangles of the hourglasses and 2q hyperedges of the
form (c,a,b’) or (b, a, c) from the bottom triangles of the hourglasses. We only need to
consider intersection patterns where each triple (and thus each hyperedge) appears with
multiplicity at least two. For a given intersection pattern, let z be the number of distinct
hyperedges.

Ignoring the a vertices for now, we can think of H as a graph on the b, V’, ¢, and ¢’
vertices. Note that the (b, ¢’) and (c¢’, b) edges are part of a single connected component
and the (c, b’) and (b’ c) edges are part of a single connected component (these connected
components may or may not be the same).

We apply our bounds on H as follows.

1. In our preprocessing step, when there are two hyperedges e; and e, which appear
with odd multiplicity, we double one of these hyperedges or the other. Thus, we can
assume that all hyperedges appear with even multiplicity.

2. We will apply an entrywise bound 24 — z times on hyperedges of multiplicity > 4,
reducing the multiplicity by 2 each time.

3. After applying these entrywise bounds, all of our hyperedges will have multiplicity
2. We now sum over a free b,b’,c, or ¢’ vertex in H whenever such a vertex exists.
Otherwise, there must be a cycle on the (b, ¢’) and (', c) parts of the hyperedges, in
which case we use the entrywise bound on one hyperedge of the cycle and delete it.

Definition 6.7. Let x be the number of times we delete a hyperedge in a cycle using the
entrywise bound.

Lemma 6.8. Let k be the number of connected components of H. The total number of b,b’,c, and ¢’
verticesin Hisz+k—-x<z+2-x

Proof. The proof is similar to the proof of Lemma 6.6. Observe that neither deleting a free
vertex nor deleting an edge in a cycle can disconnect a connected component of H. Also,
except for the final edge of a connected component where both of its vertices will be free,
every edge which has a free vertex has exactly one free vertex. Thus, we delete an edge
in a cycle x times, removing 0 vertices each time, we delete an edge with one free vertex
z — x — k times, removing 1 vertex each time, and we delete the final edge of a connected
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component k times, removing the final 2k vertices. This adds up to z + k — x vertices in H.
For the inequality, recall that H has at most 2 connected components, one for the (b, c’)
edges and one for the (¢, b’) edges. O

Finally, we bound the number of distinct 4 indices
Proposition 6.9. The number of distinct a indices is at most 3.

Proof. Note that by the definition of Y}, every a index must be part of at least two distinct
hyperedges. O

Recall that the bound from the Rg terms is (%)4%Z and our bound for the other
terms is

# of a entries
; ﬂ) (2
) )™

eeH

#of b or b’ entries
) ( n3 ,# of entrywise bounds used

)# of ¢ or ¢’ entries

u

where b(e) = B for all our hyperedges. Summing over all z € [2,24] and all intersection
patterns using Lemma 5.13, our final bound is

2
3

Z 2-x (2
2q.24q max (zq)4q—z (n1n2n3)4q—z B24 n ? [max {le, 113} e hyn p20-2+x
z€[1,2q],x€[0,z-2] m u u p4

Since ur < min {n, ny, n3}, the inner expression will either be maximized when z = 2g
and x = 0 or when z = 2 and x = 0. Again, we will always take g to be between In 10 ”2”’“
%, so our final bound on E [tr((YzYzT)‘?)] is at most

and

2q 2,227\
n1nanz\ng max{nz,ng}B) (n?mx) (n1n2n3rB) m2
7

(4q)(4‘7) max ( 2

3
mu2 In ey

Since m > 10000C(2 + ﬁ)zr\/n_lmax {ny, ng}y% In 71,4, we have that

ninonzB 20
1782713
E [tr((YaY])D)] < (164%)% (10000C(2 e B nmux)z) né .

Using Corollary 5.3 with the appropriate parameters, we can show that for all § > 0,

16e2 _
p l||Y4|| _ 16e Bnlnzngl (B+1)

100007 3 e

Putting our four bounds together with a union bound, for all § > 0,

Bn1n2n3

4e2B _
P[||Y||>—3 ]<P[|m|>—6e ”1”2”3]<4 s
ru

100007 u3 nax

as needed.
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7 Iterative tensor bounds

In this section, we show that with high probability, applying the operator PR, to an
order 3 tensor A improves our bounds on it, where we are assuming that ) is chosen
independently of A.

Theorem 7.1. If A is a B-bounded tensor, C > 1, f > 0, and
1. m > 10000C(2 + B)*1yaxt 12 In Mgy
2. m > 10000C(2+B)?r+/n1 max {le,i’lg}y% In 0y > 10000C(2+ﬁ)2rmy% I 70
3. ur < min {ny, ny, n3}

then

Pr < 1007,V

PRQA is not (g) -bounded

Proof. We first consider how P acts on a tensor

Definition 7.2.
1. Define PY" to be the projection onto span{u; ® v; @ w : i € [1,r]}.
2. Define PU" to be the projection onto span{u; ® v @ w; : i € [1,r]}.
3. Define PV to be the projection onto span{u ® v; ® w; : i € [1,r]}.
4. Define PYVW to be the projection onto span{u; ® v; ® w; : i € [1,7]}.

Proposition 7.3. P = Pyy + Puw + Pyvw — 2Pyuvw

With this in mind, we break up the tensor W = PRA into four parts and then obtain
probabilistic bounds for each part. Theorem 7.1 will then follow from the union bound
and the inequality (a + b + ¢ — 2d)? < 5(a? + b? + c? + 2d?).

Definition 7.4.
1. Define WUV = PUVRQA.
2. Define WUW = PywRoA.
3. Define WYW = PywRQA.
4. Define WYVW = PUVWRQA.

To analyze these parts, we reexpress Pyy, Puw, Pvw, Puyw in terms of matrices
uv,uw,vw,uvmw.

Definition 7.5.

. r
1. Define UV papy = X1 WiaVibUia’ Uity
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. r
2. Deflne uWaca/C’ = lel uiuwicuia’wic’
. r
3. Define VWbe/Cr = Zi:l VipWicOiprWicr
. r
4. Define UV Wopcqper = Zi:l UigUipWicUia' Uiy Wic!

Proposition 7.6.

1. UV is ( ru’ )—bounded.

2
nin

= NN

2. UWis (nrf )—bounded.
1

3
1

3. VWis (%)—bounded.

213

4. UVW is (;L;z)—bounded.
nyn,ny

Proof. These bounds can be proved in the same way as Proposition 5.10. m|
Proposition 7.7.

1. WHY =3, i UVapawRa(a’, b, ¢)Agre

2. WIW =3 UVaeweoRa(a’, b, ¢)Agpe

abc

3. WYW =3, o UVpeweRala, b, /) Ay e

abc

Vi >
4. Wi = Za’,b’,c' uvabca’b’c’RQ(a,/ b’, C/)Aa’b’c’

abc

Proposition 7.8.

abc

2
uv\” _ > >
1. (W ) = 2t b, a by, UVavar oy UVapayny Ro(ay, b, )Ra(ay, by, €)Ag b cAaypye

N
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I . UV,UW,VW, or UVW
We need to probabilistically bound the expressions X.spset of {a,b,c} (Wa, b o ).

For each expression which we need to probabilistically bound, we can obtain this bound by
analyzing the expected value of its qth power using the techniques in Section 5 and then

2
using a result similar to Corollary 5.3. We begin by probabilistically bounding (Wa%‘clw) .

As the remaining bounds will all be very similar, rather than giving a full proof of the
remaining bounds we will only describe the few differences and what effect they have.
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Lemma 7.9. Forall a,b,cand all B > 0, if m > 10000C(2 + B)*Mmax? > In 1105 then

(WUYW)2 5 32¢°Bry l ~(p+4)

abc

P 10000C# 0% max

Proof. Similar to before, we partition our sum based on the intersection pattern of which
(a; , b, c;) are equal. Letting z be the number of distinct triples (a;, b, c;), the contribution
from the Rq(a’, b/, c’) terms will be at most a factor of (%)zq—z

intersection pattern, our bound on the remaining terms is

# of a or a’ indices #of b or b’ indices # of ¢ or ¢’ indices
1—[ A /b(e) (ﬂ) (2) (E) # of entrywise bounds used

eeH H H H

. Recall that for a given

Remark 7.10. Here we will only be summing over a’,b’, and ¢’, indices, but for other
expressions we will be summing over a, b, and c indices as well.

In our hypergraph H, we will have hyperedges (a’, b/, c’) corresponding to the tensor
entries A, b oo and we will have hyperedges (a, b, ¢, a}, b, ¢}) corresponding to the matrix
entries UVWa,b,C,a;,b;,C;. We have that

6 \7
HW:BL]( zwz z)

ceH ninyhg

We apply our techniques to H as follows.

1. Recall that in our preprocessing step, we can take a pair of hyperedges ej, e; and
replace them with either a doubled copy of e; or a doubled copy of e;. Using this, we
ensure that every hyperedge appears with even multiplicity.

Here, we start with hyperedges (a’, b’, ¢’) where every distinct (a’, b’, ¢’) has multiplic-
ity at least two and hyperedges (a,b, c¢,a’,b’, c’) where every distinct (a, b, c,a’, b’, )
has multiplicity at least two (a, b, ¢ are the same for all of these hyperedges). Thus,
in our preprocessing step, we can ensure that all of the hyperedges (a’,b’, ¢’) and
(a,b,c,a’,b’,c’) occur with even multiplicity and every distinct hyperedge has multi-
plicity at least two.

2. We apply an entrywise bound g times to the (a, b, c,a’,b’, ¢’) hyperedges.

3. We will apply an entrywise bound g — z times on hyperedges (a’, b’, ¢’) of multiplicity
> 4, reducing the multiplicity by 2 each time. After doing this, all our hyperedges
will have multiplicity 2. We now ignore the ¢’ vertices and consider the graph on the
a’, b’ vertices. We then sum over a free a’ or b’ vertex in H whenever such a vertex
exists. Otherwise, there must be a cycle (which could be a duplicated edge if we have
hyper-edges (a’,b’,c7) and (a’, b’, ¢})), in which case we use the entrywise bound on
one edge of the cycle and delete it.

Definition 7.11. Let x be the number of times we delete an edge in a cycle using the
entrywise bound.
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Lemma 7.12. Let k be the number of connected components of H. The total number of a’ and b’
verticesin Hisz + k —x <2z — 2x

Proof. The first part can be proved in exactly the same way as Lemma 6.8. For the inequality,
we need to show that k < z — x. To see this, note that there are at most z distinct edges
and every time we delete an edge in a cycle, this removes one edge without reducing the
number of connected components. After removing all cycles (and no other edges), we
must have at least as many edges left as we have connected components, so z — x > k, as
needed. m|

Summing over all z € [1,24] and all intersection patterns using Lemma 5.13 and noting
that there are at most z a’,b’,¢’ indices but we must have two fewer a’ or b’ indices for
each time we delete an edge in a cycle using an entrywise bound, our final bound on

E [((Wﬂ%w)z)ql is

q 2
21]'22q max qzq_z (711712713)2‘1—2 BI’Z[J6 ninpns : u * A2+
z€[1,2g],x€[0,z-1] m n%n%n% y3 min {nq, ny}

Since m >> rq and ur < min {ny, ny, n3}, the inner expression will be maximized when

z = g and x = 0. Again, we will take ¢ to be between 212 and “1ex 56 our final bound on

2\ 4
E [((W{%‘C]W) ) ] is at most

231’2[13 q
————— | Nmax
mInn,,,

(29)9 (

Since m > 10000C(2 + B)*r 1 ymax i In 11,4, we have that for all a, b, c.
q 8Bru 1
E[( wuvw 2) ] < g2
Wabe ) 7 110000C2 + B0 1imar 2] "

To obtain our final probabilistic bound, we adapt Corollary 5.3 for non-negative scalar
expressions.

Corollary 7.13. Fora givenp > 1,r > 0, n > 0, and B > 0, for a non-negative scalar expression
Z,if E[Z9] < (gPB)*n" for all integers q > 1 then for all B > 0,

2p
+
Pr||Z| > B%e? ((T—pmlnn + 1) <nPf

2

Proof. This can be proved in the same way as Corollary 5.3 except that |Z| takes the place
of ||YYT|| which is why the bound of Corollary 5.3 is squared. O

Using Corollary 7.13 with the appropriate parameters, for all 4, b, c

P

32¢2Brp —(p+4)
wuvwy2 < B+
(Wage ") 10000C ey |~ ™™
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The remaining bounds can be proved in a similar way, though there are a few differences.
We now consider the remaining bounds involving WY""W. When we average over at least
one coordinate, our analysis is as follows:

1. The (a,b,c,a’,b’, ¢’) hyperedges no longer all have the same (a, b, ¢). In fact, since
the intersection patterns only specify which (a}, b/, ¢}) are equal to each other, we
treat all of the different a, b, ¢ as distinct indices.

2. For each (a, b, c), we begin with two (a,b,c,a’,b’, ¢’) hyperedges which have this
(a,b, c) (though their (a’, b’, ¢’) may be different) To handle this, in our preprocessing
step we take each such pair of (a,b,c,a’,b’, c’) hyperedges and double one or the
other.

3. Averaging over the a, b, or c indices, we avoid using entrywise bounds for any of the
doubled (a, b, c,a’,b’, ¢’) hyperedges.

4. The analysis of the (a’, b’, ¢’) hyperedges is exactly the same

Taking Z to be the appropriate expression (for example, Z = nll P (WUVW) if we are only

abe
averaging over the a index), our bound on E[Z1] is affected as follows:

1. Avoiding using the entrywise bounds on the (a, b, c,a’, b’, ¢’) hyperedges reduces
our bound on E[Z7] by a factor of 7.

2. If we average over 4, this gives us q additional 2 indices to sum over, increasing our
bound on E[Z1] by a factor of ( ) but this also gives us a factor of 1, a7 5O the net

effect is to reduce our bound on E[Z7] by a factor of u7. Similar logic apphes to b and
¢, so each index we average over (including the first) reduces our bound on E[Z7] by
a factor of uf.

This implies that each index we average over (including the first) reduces our final bound
by a factor of u and averaging over at least one index reduces our final bound by a further
factor of r, as needed.

At this point, we just need to consider the bounds involving W'V, as the remaining cases

2 2
are symmetric. When we analyze Z = (WaLEC/) rather than (W{%‘C/W) , our analysis differs

q
as follows. Instead of having (%) in our bound on E[Z7] from the (a,b,c,a’,b’, c’)
1 nany
hyperedges, we will have ( 22; 124) from (a, b, a’, b’) hyperedges, increasing our bound on
nin;

n2\1
E[Z7] by a factor of %) However, this is partially counteracted by the fact that we are
u

either no longer summing over the ¢’ indices separately from the c indices because we
always have that ¢} = ¢;. This removes a factor of (%)Z from our bound on E[Z7]. Thus,
our bound on E[Z1] is now

q 2
2q - 2% max g (nlnzng)”i‘z B (mae) c ' izt
z€[1,2g],x€[0,z—1] m n%n% yz min {nq, ny}
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We check that it is still optimal to take z = g and x = 0. Since ru < min {ny, np, n3},

it is always optimal to take x = 0. Now if we reduce z by 1, this gives us a factor
t qninans X ryz qryzng

of at mos - i = We will take g < 10(1 + B) Inn,,4x and we have that

m > 10000C(2 + B)*1pax? 142 In 1144, SO it is indeed still optimal to take z = g and x = 0.

q
Thus, the net effect of the differences is a factor of (%) in our bound on E[Z7] which gives

us a factor of % in our final bound. This gives us the following bound.

Lemma 7.14. Forall a, b, c and all B > 0, if m > 10000C(2 + B)*1yax? 12 In 1yqy then

2
PI(Wg)" >

32¢?Br _(B+4)
10000C max

Finally, we consider what happens if we average over one or more of the 4, b, and ¢
indices. If we average over the a indices or average over the b indices, then instead of using
entrywise bounds on the (a4, b, a’, b’) hyperedges, the index or indices we average over will
create free vertices, allowing us to bound the (a, b, a’, b’) hyperedges without using any
entrywise bounds. We can now use the same reasoning as before. The final case is if we
only average over the c¢ indices.

Lemma 7.15. Forall a,b and all § > 0, if m > 10000C(2 + ﬁ)znmaxryz In 11,4y and then

1 uvy2 32¢2B —(B+4)
i H_SZ (Wane )™ > Too00c | < ma

c

Proof. In this case, our preprocessing ensures that all distinct hyperedges appear with
multiplicity which is even and at least two. Now instead of first bounding the (a, b, a’, b")
hyperedges and then bounding the (a’, b’, ¢’) hyperedges, we will first bound the (a’, b’, ¢’)
hyperedges using all of the distinct ¢ indices and bound the (a, b, a’, b’) hyperedges using
the distinct a’, b’ indices.

Letting y = z — (# of distinct ¢’), we have the following bounds on the number of a’, b’, ¢
indices and the number of times we will use an entrywise bound

1. There are at most z a’ indices and there are at most z b’ indices.

2. There are at most 2z — 2x a’ and b’ indices, where x is the number of times we use an
entrywise bound on (a, b, a’, b’) hyperedges because of an (a’, b’) edge in a cycle.

3. There are (z — y) ¢ indices.

4. The total number of times that we will use an entrywise bound is 29 =2z + x + y

2
Taking Z = n% P (Wg)}f) , this gives us a bound of

q 2
2¢-2%1 max qm‘z(mnzng)zq_z o g s ' Ll yrz‘i‘zz”*y
ze[1,2q], m n%n§n3 us min {n1, n2} n3

x,y€[0,z-1]
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on E[Z7]. We check that it is optimal to take z = q, x = 0, and y = 0. Since ru <
min {n1, ny, ns}, it is always optimal to take x = y = 0. Now if we reduce z by 1, this gives

2,3 2,3
us a factor of at most T2 . n:n{:% = I_E We will take g < 10(1 + f) In 12,40x and we have

that 7 < min {n1, ny, n3} and m > 10000C(2 + B)*1yax? 14> In 14y, SO it is indeed optimal
totakez =¢q,x=0,and y = 0.

Comparing the resulting bound to our bound on E , it is smaller by a factor

uv 2q
( )
abc

of (ru)7, so our final bound is smaller by a factor of 7, as needed. O

We now have all of our needed probabilistic bounds. Theorem 7.1 follows from the

inequality WquC <5 ((Wﬂ)‘;)z + (WE%ICN Z 4+ (W;g;v)z + 2(Wg)‘c/w)2) and union bounds. O

8 Trace Power Calculation for P’ RoA ® (P’RaA)T

In this section, we prove the following theorem.

Theorem 8.1. If A is B-bounded, C > 1, and
1. m > 10000C(2 + B)*1yax 12 In Mgy
2. m > 10000C(2+p)?r+/n1 max {ny, ng}y% In 0y > 10000C(2+ﬁ)2rmy% In 70
3. ur < min {ny, ny, n3}

then

Pr [IIYII > —3”1”2”3] < 4p~6+D)
Crus

whenever Y is any of the following:
1. Y = PYYRoA ® (PUVRQA)T
2. Y = PUWROA ® (PUWRQA)T
3. Y =P"WRaA ® (PYWRQA)T
4. Y = PYVWRLHA @ (PUVWRGA)T

Proof. This can be proved using the techniques of Sections 5 and 6 with one additional
trick. We first consider the PYVW case and then describe the differences for the other cases.
In all of these cases, we will show that the bound we obtain on E [tr((YYT)”I)] is much less
than the bound we obtained for E [tr((Y4YZ)‘7)] in section 6, which was

2

3

_ z z-2-x [ .2
202 max {(zqqu—z(%)“Zqu(m)z(M) (”z")rzq-m}

z€[1,29],x€[0,2-2] i U p
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Thus, for simplicity, for the remainder of the section, we will absorb constants, functions of
only g, and logarithms into an O. Doing this and taking z = 24, x = 0, the above bound

2q
= | nynynz+/ny max{ny,n3}B
becomes (O( e a3} n2,..
my2

When Y = PYYWRGA ® (PUYWR@A)T, the structure of tr (YYT)) is as follows. We
have (a’, b’, ¢’) hyperedges and we have hyperedges (a, b, c,a’, b’, ¢’) which we can view
as an outer triangle (a,b, ¢) and an inner triangle (a’,b’,c’). The outer triangles form
hourglasses as before while the inner triangles sit inside the outer triangles.

The Rq terms only involve the (a’, b’, ¢’) triples so our intersection patterns only describe
these indices. Thus, we sum over all of the a, b, ¢ indices freely. We now use the following
additional trick. We decompose each UV Wgpcaprer @S D3iq UiaUipWicUia ity Wicr. NOW
observe that every vertex in the outer triangles appears in two hyperedges. When we sum
over that vertex, we get a term such as », #;,,Ui,s. This is 0 unless i1 = ip and is 1 if i1 = 7.
This in fact forces a global choice for i among the UV W terms, giving a single factor of r
for the choices for this global i. This also means that the vertices in the outer triangles give
a factor of exactly 1, so they can be ignored! For the remaining terms of UV W, we use the

2
bounds 12, < £, 92 < £ and w?, < £, obtaining a factor of | —£ ’ !
ia? S np’ 27 ic’ S nz’ & n1nanz

iy S n

We now consider the contribution from summing over the a’, b’, ¢’ vertices, the con-
tribution from the R terms, and the contribution from the entries of A. Letting z be the
number of distinct triples (a’, b’, ¢’) in the given intersection pattern, the contribution from
the Rq terms will be (%)4’7_2. The contribution from the entries of A from the b(e) is
B?1. Letting x be the number of times that we have to use an entrywise bound on a doubled
edge because it is in a cycle, we have the following bounds on the number of indices and

the number of times we use an entrywise bound.

1. The number of distinct a indices, the number of distinct b indices, and the number of
distinct ¢ indices are all at most z

2. The total number of distinct indices is at most 3z — x.

3. The number of times we use an entrywise bound is 29 — z + x

Putting everything together, we obtain a bound of

2
‘Ll3B 1 (n1n2n3)4‘7‘z ninyns : H i 2g—-z+x
max r 3 : r
ze[1,29],x€[0,z-1] n1nans m u min {111, 12, 13}

for E [tr((YYT)q )] This is maximized when z = 29 and x = 0, leaving us with a bound

O

S zq S ninsn n1maxi nz,n Zq
of (O(%)) r which is much less than the bound of (O ( 1antyy max {nm, 3}B)) n2,.x
mu?2
which we had for E [tr((Y4YI)‘7)] , S0 we get a correspondingly smaller norm bound, as
needed.
The analysis is the same for the , and cases except for the following
differences which increase the bound on E [tr((YYT)‘? )] , but still makes it much less than

we had for E [tr((Y4Y4T)”7)].

PUV PUW PVW
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1. In the PV case there are now two global indices, one for the top of the outer
hourglasses and one for the bottom of the outer hourglasses. This gives us a global
factor of 72 rather than r.

2. Since one of the outer indices is now merged with the corresponding inner index,

2q 2q 2q
instead of the UVW terms giving us factors of (Hﬂl) , (ﬁ) , and (%) for the

na

inner indices, we will only have two of these factors. This increases our bound on

E [tr((YYT)T)] by a factor of at most (”m—”)zq

u

~ 2q
Putting these differences together, our bound will now be (O( w)) r2 which is

m
still much less than the bound we had for E [tr((Y4Y4T)‘7)] . O
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A Controlling the kernel of matrix representations

We prove the following lemma in this section which was an ingredient of the proof of
Theorem 4.3. Let {u;}, {vi}, {w;} be three orthonormal bases of R".

Lemma (Restatement Lemma 4.15). Let R be self-adjoint linear operator R on R" ® R". Suppose
((vj ® wi), R(v; ® w;)) = 0 for all indices i, j, k € [r] such that i € {j,k}. Then, there exists a
self-adjoint linear operator R’ on R" ® R" such that R'(v; ® w;) = 0 for all i € [r], the spectral
norm of R’ satisfies |[R’|| < 10||R||, and R’ represents the same polynomial in Ry, z],

(y®2z),R(y®z)=((y®2),R(y ®2)).

Proof. We write
R(v; ® w;i) = Z CiijkVj ® Wk
jk
Then the condition on the bilinear form of R implies that for all i, j, k, c;;ix = 0 and c;;j; = 0.
We now take Z to be the following matrix

Z= Z ciijk (vj ® wi)(vi ® wi)T = (v; ® wi)(v; ® wWi)" = (vi ® wi)(v; ® wi) + (v; ® w;)(vj ® wi)")
i,j,k
CUjj o 2w )0 @ wT — (0 ® )0 @ w) — (0 @ w0 ®w) + (0 @ w0 @ w)T
+ Z - ((vj @ wi)(vi @ wi)' — (v; @ wi)(vi @ wj)' — (vi @ wj)(v; ®W;)" + (vi ® wi)(vj @ wj)")
ij

It can be verified directly that Z represents the 0 polynomial and has the same behavior
on each of the (v; ® w;) as R. The factor of % in the second sum comes from the fact that
cjjii = ciijj and the fourth term for ¢j;;; matches the first term for c;;;;

We choose R’ = R — Z. In order to show the bound ||R’|| < 10||R]| it is enough to show
that || Z]| <9[IR]]

We analyze the norm of Z as follows. We break Z into parts according to each type
of term and analyze each part separately. Define X to be the subspace spanned by the
(vi ® w;), define Px to be the projection onto X and define Py to be the projection onto the
subspace orthogonal to X.

For the part ¥, ciijk(vj ® wi)(v; ® wi)', note that X, ciij(v; ® wi)(vi ® wi)T =
P4 R’Px so it has norm at most [|R]].

For the part Zijk ciijk(vj ® w;)(v; ® wi)T, note that under a change of basis this is
equivalent to a block-diagonal matrix with blocks }; jk CiijkV ]-wz. The norm of each such
block is at most its Frobenius norm, which is the norm of ij ciijk(vj ® wy) = R'(v; ® w;).
Thus, this part also has norm at most ||R||. Using similar arguments, we can bound the
norm of the other parts by ||R|| as well, obtaining that ||Z|| < 8]|R]|. |

B Full Trace Power Calculation

In this section, we analyze ||}, A, ® B!|| where A = (Rq,P;)---(Rq,P1)(Rg,X) or
A = Pi1(Rq,P))-- - (Ra,P1)(Rg,X) for some projection operators Py,---,P;, Py and
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B = (Rq,Pr)--- (R, P))(Rq,X) or B = Pria(Rq,Pr)--- (Ra,P;)(Rg,X) for some projec-

tion operators P{, cee, Pl’,, Pl’, - In particular, we prove the following theorem using the

trace power method.

Theorem B.1. There is an absolute constant C such that for any o > 1 and > 0,
Pr ||| ZAQ ®BI|| > a~ | < yF
a

as long as
1. ru < min{ny, ny, nz}
2. m> Caﬁy%r\/n_lmax{nz, nz}log(max {ny, na, n3})
3. m> Caﬁyzr max {n, ny, n3}log(max{ny, ny, n3})

Remark B.2. In this draft, we only sketch the case where we do not have projection operators
in front. To handle the cases where there are projection operators in front, we can use the
same ideas that are sketched out in Section 8,

B.1 Term Structure

When we expand out the sums in tr (((Za A, ®BN(Z, A ® Bg)T)q), our terms will have

the following structure. We label the indices so that each Rq ; operator has its own indices
(aij, bij, cij) or (a;]., b;]., c;].). Many of these indices will be equal.

1. Foralli € [0,/] and all j € [1,2g] we have indices (a;;, b;j, cij) and a corresponding
term Rgi(aij, bij, cij) in the product.

2. Foralli € [0,I')] and all j € [1,2q] we have indices (a;]., b;]., c;].) and a corresponding
term I_{Qi(a;]., b;]., c;].) in the product.

3. Forall j € [1,2q] we have a term Xp,c, and a term X,/j 2 in the product.

4. Foralli € [0,]]and all j € [1,2g] we have a term P;(a;j, bij, cij, ai-1)j, bi-1)j, c(i_l)]-)
in the product.

5. Foralli € [0,I"] and all j € [1,24] we have a term Plf(a;]., b;]., c;]., azi_l)]., bzi_l)]., czi_l)j)

in the product.
We represent the terms in the product graphically as follows.
Definition B.3.
1. For all i, we represent the terms RQZ-(QZ']‘, bij, cij) and Ro, (a;]., b;]., c;].) by triangles. We

call these triangles R;-triangles and R!-triangles respectively.
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2. Foralliand j,

(a) If P; = Pyy then we represent P;(a;j, bij, cij, ai-1)j, bi-1)j, b(i-1);) by a hyperedge
(aij, bij, agi-1)j, bi-1);). We call this hyperedge a UV -hyperedge.

(b) If P; = Pyw then we represent P;(a;j, bij, cij, a(i-1)j, bi-1)j, bi-1);) by a hyperedge
(aij, cij, a(i-1)j, ¢(i-1)j)- We call this hyperedge a UW-hyperedge.

(c) If P; = Pyw then we represent P;(a;j, bij, cij, a(i-1)j, bi-1)j, bi-1);) by a hyperedge
(bij, cij, b(i-1)j, c(i-1)j)- We call this hyperedge a VW-hyperedge.

(d) If P; = Pyyw then we represent P,'(ai]', bi]', Cij, A(i-1)j b(z‘—l)j/ b(i—l)j) by a hy—
peredge (aij, bij, cij, agi-1)j, bi-1)j, ci-1)})- We call this hyperedge a UVW-
hyperedge.

/ . . .
We represent the P’ terms by hyperedges in a similar manner.

3. For all j € [1,2g], we represent the term Xag;bojco; with a hyperedge (aoj, boj, coj)
and we represent the term X,/ hch; W1th a hyperedge (a/ ¢ ) We call these
hyperedges X-hyperedges.

0j” 0’

We have the following equalities among the indices:
1. Forall j € [1,2q], a;; = a;,].

2. Porall j € [1,2q], if j is even then b;; = by(j4+1) and c, l,(]+1)

3. Forall j € [1,24], if j is odd then ¢;; = ¢;(j+1) and b; =, (G+1)

4. Forall i € [1,]] and all j € [1,2q], if P; = Pyy then c;; = ¢(i-1);, if Pi = Pyw then
bi]' = b(i—l)]’z and if P; = Pyw then aij = a(i-1)j

5. For alli € [1,]] and all j € [1,24], if P = Pyy then c = if P/ = Pyw then

( -1)j”
=D and if P’ Pyw then a

(i-1)j” (1 1)j

B.2 Techniques

In this section, we describe how to bound the expected value of

q
O A@B)) A® Ba)T) )

We first consider the RQi terms, which for a given choice of the indices are as follows:

1 2q I 2q

I—[n (‘11]/ 1]/C1]) HI—IRQ([ZU CZJ)

i=0 j=1 i=0 j=1

For a given choice of the indices, the expected value of this part can be bounded as follows
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Definition B.4. For all i, let z; be the number of distinct R;-triangles and let z; be the
number of distinct R’-triangles. If a triangle appears as both an R;-triangle and as an
R’-triangle then it contributes 1 toboth z; and z} (so the total number of distinct triangles
atlevel i is z; + z7)

Lemma B.5. For a given choice of the indices {a;j, bij, cij} and {a;j, b;j, c;j}

1. If any triangle appears exactly once at some level i then

I 2 I 2q
E 1_[ HRQ,-(aij,bij,Cij) n HRQi(a;j’b;j’C;f) =0
i=0 j=1 i=0 j=1

2. If for all i, all of the triangles which appear at level i appear at least twice then

I 2q I 2

R U ) ’ r

o< || [0 T Ratos | T 11T Rt
i=0 j=1 i=0 j=1

n1non3 | Sizo Q0-2i)+Xizg (29-2))
(%)
m

Proof. If there is any triangle (a, b, ¢) which appears exactly once in level i then RQj (a;, bi, c;)
has expectation 0 and is independent of every other term in the product so the entire
product has value 0. Otherwise, note that for k > 1,0 < E [(RQI. (a,b, c))k] < (%)k_l.
Further note that Ro,(a, b, ¢) terms with either different i or differenta, b, ¢ are independent
of each other. Thus, using this bound, each copy of a triangle beyond the first gives us
a factor of (%) The total number of factors which we obtain is the total number of
triangles minus the number of distinct triangles (where triangles at different levels are
automatically distinct) and the result follows. O

We now note that this bound holds for all sets of indices that follow the same intersection
pattern of which R;-triangles and R’-triangles are equal to each other. Thus, we can group
all terms which have the same intersection pattern together, using this bound on all of
them.

Each such intersection pattern forces additional equalities between the indices. After
taking these equalities into account, we must sum over the remaining distinct indices. We
now analyze what happens with the remaining terms of the product as we sum over these
indices. We begin by considering how well we can bound the sum of entries of X squared
if we sum over 0,1,2, or all 3 indices.

Lemma B.6.

1’2[.13
ninpyns

1. maxgp, {Xibc} <

2

2. maxpe {3, X2, } < -+

abc non3
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3. max, {Zu b Xabc} S m
4. Za,b,c Xﬁbc =r

Proof. For the first statement,

ru
) 2 2.2 2
Xabc Z uiuvibwicufavjbch ST max{uza ibWic S

ij

For the second statement,

2 2 2 Hz 2 ru

ij a i,a a,i

For the third statement,

. o 2.2 .“ 2 2| _TH
36 = 3 [ e v = 3 o < £ 35708 5 - 2
1

i,jb \ a i,a,b
The final statement can be proved in a similar way. m|

Note that every index we sum over reduces the average value by u. Further note that
if we do not sum over any indices, there is an extra factor of 7 in our bound. Following
similar logic, similar statements hold for the P; and P; terms.

We utilize this as follows. We start with a hypergraph H which represents the current
terms in our product. We first preprocess our product using the inequality |ab| < §a2 + %
(carefully choosing each 4, b, and x) to make all of our hyperedges have even multiplicity.
Note that when doing this, we cannot fully control which doubled hyperedges we will
have; if we apply this on hyperedges e; and e, we could end up with two copies of e; or
two copies of e;.

Now if we have a hyperedge with multiplicity 4 or more, we use the entrywise bound
to reduce its multiplicity by 2. For example, if our sum was };, X;bc then we would use the

inequality

Z Xabc S max {Xabc} Z Xabc

to bound this sum.

Once every hyperedge appears with power 2, we choose an ordering for how we
will bound the hyperedges. For each hyperedge, we sum over all indices which are
currently only incident with that hyperedge, take the appropriate bound, and then delete
the hyperedge and these indices from our current hypergraph H. We account for all of this
with the following definitions:

Definition B.7.

3
ru
ninang

1. Define the base value of an X-hyperedge e to be v(e) =
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rut

2. Define the base value of a UV -hyperedge e to be v(e) =

nyn3
3. Define the base value of a UW-hyperedge e to be v(e) = ;2’“:;
173
4. Define the base value of a VW-hyperedge e to be v(e) = ;{;42
2773
5. Define the base value of an UV W-hyperedge e to be v(e) = n;fifnz
172773

Definition B.8. We say that a index in our hypergraph H is free if it is incident with at
most one hyperedge.

For a given intersection pattern, assuming that every vertex is incident with at least one
hyperedge after the preprocessing, our final bound will be

nlnzns Zizo(zq_zi)_’_zg;o(zq_zg) nl # of a indices
(FE2) [Tow] (=
m . u

# of b indices # of ¢ indices
(E n3 # of doubled hyperedges we bound with no free index
? 2

To see this, note that from the discussion above, when an index a,b, or c is free and we
sum over it, we obtain n1, 1y, or n3 terms respectively but this also reduces the current
bound we are using by a factor of u. This will happen precisely one time for every index
which is incident to at least one edge. Thus, for this part the ordering doesn’t really matter.
However, there is an extra factor of r whenever we bound a doubled hyperedge with no
free index (including when this hyperedge has multiplicity 4 or higher and we reduce its
multiplicity by 2). We want to avoid this extra factor of r as much as possible. We describe
how to do this in subsection B.4.

Remark B.9. When summing over an index, we may not acutally sum over all possiblities
because this could create equalities between triangles which should not be equal according
to the intersection pattern. However, adding in these missing terms can only increase the
sum, so it is still an upper bound.

B.3 Bounding the number of indices

In this subsection, we describe bounds on the number of each type of index for a given
intersection pattern. We then define a coefficient A which is the discrepency between the
our bounds and the actual number of indices and reexpress our boun in terms of A.

We make the following simplifying assumption about our sums.

1. For all i € [0,!’], we either have that a;]. = a;j for all j € [1,2q] or a;]. # ajj for all
j €11,2q].
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2. For all i € [0,1’], we either have that b;].
j €1[1,2q].

3. For all i € [0,!’], we either have that c;]. = cjjforall j € [1,2q] or cl’.j # c;j for all
j€[1,2q].

Moreover, all of these choices are fixed beforehand. We justify this assumption with a
random partitioning argument in subsection B.5.
With this setup, we first bound the number of each type of index which appears.

bij for all j € [1,2q] or b;]. # bjj for all

Definition B.10. For all 7,

1. We define x, to be the number of distinct indices a;; which do not appear at a higher
level, we define x;;, to be the number of distinct indices b;; which do not appear at a
higher level, and we define x;. to be the number of distinct indices c;; which do not
appear at a higher level.

2. We define x/_ to be the number of distinct indices a}; which do not appear at a higher
level, we define x;b to be the number of distinct indices b;. which do not appear at a
higher level, and we define x;C to be the number of distinct indices c;]. which do not
appear at a higher level.

In the case where we have an equality a;]. = a;j and this index does not appear at a higher

level, we instead count it as % for x;, and % for x/ (and similarly for b and c).

Recall that we defined z; to be the number of distinct R;-triangles and we defined z; to
be the nmber of distinct R’-triangles. z; and z/ give the following bounds on the coefficients

Proposition B.11.

1. Foralli <1, xi; < zi, Xjp < zj, and xjc < z;.

; ’ / ’ ’ I4 ’ ’
<z x <z L7
2. Forallz<l,xm\zl,xlb\zl,andxlc\zl.

’ ’ . ’ .
3. IfI" #1, blj * byj, or ot * Cij,

(a) x1, + x;,a < min {zl,z;,

(b)) xijp+x.<z1+1

/7 /7 /7

(c) Xyt X, <z, +1

4. In the special case that I’ = 1, b]. = b;;, and c;. = cy;,
lj ] lj ]

’

I’a

(D) x1p + x1c = x),

(@) x10+x;, =2z +2z],

4 —
b+xl’c_1
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Proof. The first two statements and 3(a) follow from the observation that distinct vertices
must be in distinct triangles. For 3(b), note that if we take the b, c edges from each
R;-triangle, the resulting graph is connected. Thus, each distinct such edge (which must
come from a distinct triangle) after the first edge can only add one new vertex and the
result follows. 3(c) can be proved analogously.

For the fourth statement, note that in this case all of the b;; and b;]. indices are equal to
a single index b and all of the ¢;; and c;]. indices are equal to a single index c. Thus, the
number of distinct 4;; is equal to the number of distinct R; and R] triangles. O

With these bounds in mind, we define x™%* coefficients which represent the maximum
number of distinct indices we can expect (given the structure of A and B and the values
zi, z;) and A coefficients which describe the discrepency between this maximum and the
number of distinct indices which we actually have.

Definition B.12.
1. Foralli <,

(@) If Pjy1 = Pyy then we define xm‘” = x™* = 7., We define A,

ib
Ajp = x?;“x — X;p, and Aj. = 0.

(b) If Pi+1 = Pyw then we define x;’;“ = x;’Z”x = z;. We define A;;, = x™** — x;,,
Ajc = x’.”‘”‘ — Xjc,and A; = 0.

(c) If Piy1 = Pyw then we define x'** = x%” = z;. We define A;;,
AIC —_ x:’; X - xlc, and Alﬂ —_ O.

(d) If Pix1 = Pyyw then we define xm”x = x?;’” = x?;’” = z;. We define A;; =

Il
=

max
xib — Xib,

X" = Xia, Aip = X" — xjp, and Azc = X2 = Xic.
2. Foralli </,
(a) If P!,; = Pyy then we define XTI = = z;. We define A = X"V — X ia,
AVE x’%” —x'ip,and A = 0.
(b) If P!, = Puw then we define x';)"" = x'[1*" = z!. We define A] = x"7"" — x'j,,
A;C = x’m‘”‘ X'ic,and Al = 0.

= Pyw then we define x';;"* = x"}"* = z/. We define A, = x"}}"* — x"y,
AN, =x"7" =i, and A =0.

(d) If P!,; = Pyvw then we define x";"* = x';,™" = x"[1** = z!. We define A;, =

X" = X ig, Ny = X = X, and A’ = X" =X

3.If " # 1, b # bjj, or ¢}, # c;j then we define x;’* = min {z;,z},}, we define

X[t =z + 1 and we defme X'jpe =z, + 1. In the special case where I = I, b = byj,

and c;,j = c1j, we define x}}/* = z; + zj and x}}7* = X'y = 1. In both of these cases,
: _ max _ — yMmax _ _ y _ omax _ X!

we define Ay, = X = Xla— l' s Ape = X7 — X1y — Xie, and Alpe = X 1pe xl = X
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Definition B.13. We define
-1 -
A= Appg + Appe + A, +Z(A’” +Alb+Alc)+Z(A’ + A, +A)
=0 i=0

We now reexpress our bound in terms of A.

Lemma B.14. Fora given intersection pattern and choices for the equalities or inequalities between

the ajj, bij, cij and a b’ zndzces we can obtain a bound which is a product of
A ,
Nnons 1% 1’# of doubled hyperedges we bound with no free index—(Zf-:O (2q—z,')+2520 (Zq—zg))
p? \min{ny,nz,ns}

3
ru2mrmax{ny,ns} ru®max{ni,ny,nz} Oi’ﬁ

m 4 m 4 m

and terms of the form

Proof. Recall that our bound was

n1n2n3 25:0 (zq_zi)+zi;0 (Zq_zg) nl # of a indices
(H22) [Tow] (2
m . u

# of b indices # of ¢ indices
(2) (E) 1’# of doubled hyperedges we bound with no free index
H H

For all i < I, we consider the part of this bound which comes from P;;; and the indices
a;, bi, c; which do not appear at a higher level. Similary, for all i < I’, we consider the part
of this bound which comes from P; 1 and the indices a; , bg , c; which do not appear at a
higher level. Finally, we consider the part of this bound that comes from the X hyperedges,
the R;-triangles, the R/ -triangles, and their indices.

1. If Piy1 = Pyv then we can decompose the corresponding terms into the following
parts:

(@) ( 2)‘7 from the hyperedges.

(b) (”122) from the g potential new 4, b, and ¢ indices.
(c) ("1”2”3)[7 from the g potential distinct triangles.

q-zi 2, \(-Zi
(d) ( T %) = (r”m—m) from the actual number of distinct triangles,

the corresponding reduced maximum number of potential new indices, and the
factors of » which we take from r* of doubled hyperedges we bound with no free index

i Aia U Ajp u Ajc u Ajg+Aip+Ajc
(e) (7’1_1) (n_2) (n_s) < (m) from the actual number of new

indices which we have

Putting everything together we obtain

V#2n3 2q-z; u Ajg+Ajp+A;ic
( m ) (min{nl,nz,ns})

Similar arguments apply if P;11 = Pyw or Pyw
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2. If Piy1 = Pyyw then we can decompose the corresponding terms into the following
parts:

(@) ( 2r ) from the hyperedges.
nyn

(b) (”1”2”3) from the g potential new g, b, and ¢ indices.

¢) (™M213)7 from the g potential distinct triangles.
3 9-zi q-zi
(d) ( TR nz R %) (W ) from the actual number of distinct triangles,

the corresponding reduced maximum number of potential new indices, and the
factors of » which we take from r# of doubled hyperedges we bound with no free index

Aiq Aib Aje Aia+Aib+Aic
(e) (nﬁl) (ﬂ) (ﬁ) < (4) from the actual number of new

1o n3 min {n,n,n3}
indices which we have

Putting everything together we obtain

7’# 2q-z; u AiatAjp+Aic
m min {n1, na, n3}

Similar arguements holds for the P’ terms.

3. IfI" #1, b;]. # bjj, or c;]. # c;j then our remaining terms are as follows

(a) (—E— o nz o )2‘7 from the hyperedges.

q
(b) ";’;3 (”1(“‘”;2 Z’nS})Z) from the g potential 4 indices and 2g + 2 potential b or ¢

indices (which must have at least one b index and at least one c index).

() (=522) 21 from the 24q potential distinct triangles.

3 2q—-z1-z]

2 ! 3/2 2q-z;-z]
p2 ninph3 r 32 ity max {ny,n3} !
. <
(d) \/_max{n2,n3} e S p» from the actual

number of distinct triangles, the corresponding reduced maximum num-

ber of potential new indices, and the factors of r which we take from
# of doubled hyperedges we bound with no free index

u Atrq u Appe+Ay,, u Appra+Appe+Ay,,
(e) (7/1_1) (W) < (W) from the actual num-

ber of new indices which we have

Putting everything together we obtain

4q-z;-z Ara+Agpet N,
nans (Vu3/2\/n1 max{nz,ng}) l( i ) Wa+ A+,

‘uZ m min {n1, ny, n3}
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4. In the special case that I’ = |, b;]. = bjj, and c;]. = c1j, we have the same terms except
that now there is only one b and ¢ index and there are 2q potential 2 indices. Following
similar logic we obtain a bound of

4q-z;-2/ Ao+ A +A
Nons (1’[12711) q-zi ,( i ) WwatAetRy,,.

uz \ m min {11, na, n3}

O

With this lemma in hand, to show our bound it is sufficient to show that we can
choose an ordering on the hyperedges such that the number of times we bound a doubled
hyperedge without a free index is at most A + Zﬁ:o (29 —zi) + Zé,:o (29 - z))

B.4 Choosing an ordering

In this section, we describe how to choose a good ordering for bounding the hyperedges.

Lemma B.15. Forany structure for A and B (including equalities or inequalities between a;j, bjj, cij
and a’.,b’., c’.) and any intersection pattern, there is a way to double the hyperedges using the
j7 T

inequality |ab| < %a® + 3=b? and then bound the doubled hyperedges one by one so that
1. After doubling the hyperedges, every index is part of at least one hyperedge.

2. The number of times that we bound a doubled hyperedge without a free index is at most
A+ Tig (29 —2i) + Xisy (29 — z;)

Proof. To double the X-hyperedges, we choose pairs of X-hyperedges corresponding to
the same triangle. This guarantees us at least one doubled hyperedge for every triangle at
level 0. We double any remaining X-hyperedges arbitrarily.

We show by induction on i that we cover all indices with these hyperedges. The
base case i = 0 is already done. If we have already covered all indices at level i — 1 then
consider the hyperedges corresponding to the projection operators P; and P!. All of these
hyperedges go between a triangle at level i — 1 and a triangle at level i. We double pairs of
these hyperedges which correspond to the same triangle at level i. This guarantees that for
every triangle at level i, there is at least one doubled hyperedge corresponding to it. This
hyperedge may not cover all three of the vertices of the triangle, but if it misses one, this
one must be equal to a vertex at the level below which was already covered by assumption.
We double the remaining hyperedges corresponding to the projection operators P; and P;
arbitrarily.

When performing this doubling, whenever the two hyperedges e; and e, have the same
base value, we use the inequality |ejez| < 61?2 . In the rare case when they have different

&S]
< 222)((6;1)) eZ + 200((6;2)) e3 to preserve the product of the

base values, we use the inequality |eje;]
base values.
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Note that by this construction, for every triangle at level i > 1, there is a doubled
hyperedge corresponding to some P; or P; which goes between this triangle and a lower
triangle, but we don’t know which one.

We now describe our ordering on the hyperedges. To find this ordering, we consider
the following multi-graph.

Definition B.16. We define the multi-graph G to have vertex set V(G) =
Uii{aij, bij, cl-]',a;]., b;]., c;].} (with all equalities implied by the intersection pattern, the
structure of the matrices A and B, and the choices for equalities or inequalities between the
primed indices and unprimed indices.). We take the edges of G as follows. For all i </
and for each distinct triangle (a;;, bij, c;j) or (a;]., b;]., ¢ ), we take the elements which do
not appear in a higher level. If this is true for two of the three elements (which will be the
case most of the time) we take the corresponding edge. If this is true for all three elements,
we choose two of them to take as an edge, making this choice so that we take the same
type of edge for all triangles at that level. If this is only true for one element, we take a loop
on that element.
There are two cases for what happens with i = |

1. If I # 1, b;]. # byj, or c;]. # cj then for every triangle (a;;, b;j, c;;) we take the edge
(bij, c1j)- If I’ = | then for every triangle (a;]., b;]., c;j) we take the edge (b’]., c;j)

2. If ' =1, b;j = bjj, and c;]. = ¢;j then we take loops on every distinct element a;;.

We analyze A in terms of this G. If we have a fixed budget of edges and want to
maximize the number of vertices which we have, we want to have as many connected
components as possible and we want each connected component to have the minimal
number of edges. We define weights on the connected components of G measuring how
far they are from satisfying these ideals.

Definition B.17. Given a connected component C of G, we define w,4,.(C) to be the
number of non-loop edges it contains plus 1 minus the number of vertices it contains.

Definition B.18. Given a connected component C of G, we define w;;;441.(C) as follows

1. If C does not contain any by;, cjj, b;,]., or c;,]. then we define w;;iqn41.(C) to be the
number of distinct triangles whose corresponding edge in G is in C minus 1.

2. If C is the connected component containing b;; and c;; for all j then we set
wtriangle(c) =0

3. If Cis the connected component containing b',]. and c;,]. for all j then we set Wi iangie(C)

to be the number of distinct R triangles (ay;, by, c;rj) whose corresponding edge in
Gisin C.

4. If C is a connected component containing some c;,j but no b;,j (because all of the b;,].
appeared at a higher level) or vice versa, then we define w;;sy, gle(C) to be the number
of distinct triangles whose corresponding edge in G is in C minus 1.
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Definition B.19. We say that a vertex a;; is bad if

1. The projector Pj1 involves the vertex a;; (i.e. we do not have the constraint a(;.1); = a;;
directly)

2. ajj appears at a higher level.

We define badness similarly for the a’, b, b’, c, ¢’ indices. Note that we could have a; be bad
while a] is not bad even if a] = a; (in fact this equality must be true in this case).

Lemma B.20.

A > Z (wedge(c) + wtriangle(c)) + Z Zi + Z Z;
C

: oqe. .. T ; oq! ’ ’ g
i<liaij,bij, or cjj is bad z<l.ai].,bi]., orcl. is bad

]

Proof. As discussed above, every time a connected component contains an extra edge
above what it needs to be connected, this reduces the number of indices we can have by
1. Similarly, in the optimal case we have one connected component per triangle (with the
exception of the R;-triangles and perhaps the R’ -triangles), so every time a connected
component contains an extra triangle (or rather the edge corresponding to that triangle),
this reduces the number of connected components by 1. For the remaining terms, note that
if there are bad vertices, our previous bounds assumed that we would have new indices of
that type but we do not. The resulting difference in the bounds is the corresponding z; or
z; . Note that this also works out in the special case that ag =aqa;, b; =b;, c; = ¢;. Here we
can view each a index as being half a; and half a} and similarly for the b and c indices. O

With this lemma in hand, our strategy is as follows. We choose an ordering on the
hyperedges so that each time we fail to have a free index, we can attribute it to one of the
terms described above. We first preprocess our doubled hyperedges so that each hyperedge
appears with multiplicity exactly 2. This requires bounding Zﬁ:o (29 —zi) + Zé/:o (29 —z))
doubled hyperedges with no free index. At this point, there is a one to one correspondence
between our doubled hyperedges and edges of G. Note that this correspondence is
somewhat strange, we only know that each edge in G is part of the upper level triangle for
its corresponding hyperedge.

We now describe our procedures for ordering the hyperedges

Definition B.21. We say that a vertex v is an anchor for an edge e of G if either
1. v,e C {ajj, bij, cij} for some i and j and v appears at a higher level.
2. v,e C {a;]., b;]., c;].} for some i and j and v appears at a higher level.

Definition B.22. For an anchor vertex v,ycnor, define E;(vgpcnor) to be the set of all edges at
level i which have v,,,.,0 as an anchor vertex.

Definition B.23. We say that a vertex v or edge e is uncovered if it is not incident with any
hyperedges between its level and the level above and covered otherwise. For a vertex v
which is not part of G at level i, we say that v is uncovered at level i if thereisno j > 0
such that v incident with a hyperedge between level i + jand i +j + 1.
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Definition B.24. We say that a vertex v is released at level i if there are no hyperedges
remaining between level i and i — 1 whose upper and lower triangles both contain v.

Our main recursive procedure is as follows. We are considering a collection of connected
component of the graph at level i where everything is uncovered except possibly for one
edge e,. If an edge e, is covered and has anchor vertex v,,x,r then we assume that this
collection contains all of E;(v4,,c50r) and that v,,,c50r is uncovered at level i.

We first consider the case when there are no bad vertices (we will consider the cases
where we have bad vertices afterwards). If G contains a cycle, we can delete an edge and
its corresponding hyperedge to break the cycle, accounting for this by decreasing w,q4.(C).
Otherwise, unless C is just the single edge ¢,, there must be a vertex v and edge e in C such
that e # ¢, and e is the only edge incident with v.

We now consider the hyperedge corresponding to e. If v is part of this hyperedge
then we can delete ¢ and this hyperedge and continue. Otherwise, v must be an anchor
vertex for many edges at the level below. Moreover, v is uncovered at level i — 1. We now
consider E;_1(v). If E;_1(v) and everything connected to it is uncovered except for the edge
e, which is the bottom edge of the hyperedge corresponding to ¢, then we can apply our
procedure recursively on E;_;(v) and everything connected to it. Otherwise, E;_1(v) must
be connected to E;_1(v’ ) for some other anchor vertex v/, which has not yet been

anchor

released at level i. Note that since there are no bad vertices, E;_1(v) N Ei_l(v;mhor) = 0.
Thus, there is a contribution of at least 1 to w;jsng1e Of one of these connected components
from the connection between E;_1(v) and Ei_1(v; nchor). Using this contribution, we can

delete e and continue. After doing this, v is released at level i.

Remark B.25. Whenever we have a connection between E;_; for two anchor vertices, we
relase one of them at level i immediately after taking this connection into account. This
ensures that we do not double count contributions to w;;iangie-

If we are left with the single edge e, then there are several cases. Letting v be the anchor
vertex for ¢,, if v goes down to the level below then consider the hyperedge corresponding
to e, and let ¢] be its bottom edge. Since we have deleted all edges in E;(v) except for e;,
either all of E;_1(v) except for ¢; is uncovered or E;_1(v) is connected to E;_1(v/ , ) for
a different anchor vertex v/ which has not yet been released at level i. In the first
case, we can apply our recursive procedure on E;_1(v) and all edges connected to it. In the
second case, we instead delete e, as before and go back to the level above. Again, after
doing this, v is now released at level i.

If v does not go down to the level below (or we are already at the bottom) then the
hyperedge coresponding to e, contains v. Moreover, by our assumption v is uncovered at
level i. Thus, v is a free index for ¢, so we can delete e, and go back to the level above.

This procedure will succeed in the case that there are no bad vertices. We now handle
bad vertices by reducing to the case where there are no bad vertices.

We consider the case where are below level I’ and we do not haave that a;]. =ajj, b
and c;]. = cjj. We will handle these cases separately.

If the afj are bad vertices, this must be because of equalities al’.j = ajj. We handle
this by replacing each a;j with a new vertex and running our procudure on this altered

[ ..
ij = bij,
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graph. This will cause failures when we try to use a; .orajjasa free index. That said,
once we've tried to use all but one of a set of equal vertices, the final one will succeed, so
the number of additional failures is at most z;. We can account for this using the term
Zi<l:a;j,b;j, or ¢/, is bad z;. We handle bad 4;j, bij, b;]., Cij, c;]. vertices in a similar manner.

In the case that a;]. = ajj, b;]. = bjj, and c;]. = cjj, if the ag. and b;; are bad vertices, this
must be because of the equalities a;]. = a;j and b;]. = bjj. We handle this by creating a new
vertex for each a;j, having the hyperedges between levels i and i + 1 use the old vertices,
and having the hyperedges at lower levels use the new vertices. We modify G so that
instead of loops at level i, the edges involve these new vertices. This makes it so that the
only anchor vertices for edges at level i are the vertices b/ Since all edges of G now

(i+1)j°
have a unique anchor, the recursive procedure succeeds. We can accomplish this with the

terms Zi<l:aij,bij, or c;j is bad zZi+ Zi<l:a;].,b;]., or c;j is bad Z;'

We consider level I’ separately. If the bottom of level I’ contains bad vertices, we cannot
make these vertices distinct. However, if this happens then we have loops in G for the
bottom triangles at level I’. These triangles are distinct from the triangles on top at level /.

We handle this by using w;isngie to delete edges from G at this level so that each
component contains at most one loop. When we run the procedure, we can use W¢iangie
when E;_1(v) is connected to a loop as well as when it is connected to E;_1(v/ , ) for some
other anchor vertex v/, which has not been released at level i. This allows us to process
each component of G at level i until we are left with either a covered edge or a single loop,

both of which can be handled by our procedure. |

B.5 Counting intersection patterns and random partitioning

There are two pieces left to add. First, all of our analysis so far was for a given intersection
pattern. We must sum over all intersection patterns.

Lemma B.26. For all i, there are at most (2Z7) (z;)%1721 < 2%4(2q)?97% choices for which R;-triangles
are equal to each other.

Proof. To specity a partition of the 2q R;-triangles into z; parts, we specify which triangles
are distinct from all previous triangles. There are (i?) choices for which triangles these are.
For the remaining triangles, we specify which previous triangle they are equal to. There
are at most (z;)?77% choices for this. O

In our bound, we can group this with the other factors corresponding to the R;-triangles.
Since we take g to be O(logn), this is fine as m has a log(n) factor.
Second, we justify our assumption that

1. For all i € [0,!’], we either have that a;]. = a;j for all j € [1,2q] or a;]. # ajj for all
j €11,2q].

2. Forall i € [0,1’], we either have that b;]. = bjj for all j € [1,2q] or b;]. # bjj for all
je[1,2q].
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3. For all i € [0,!’], we either have that c;]. = cjjforall j € [1,2q] or c;]. # c;j for all
j €1[1,2q].

To achieve this, instead of looking at the entire matrix Y., A, ® BI, we split it into parts
based on the equalities/inequalities we're looking at. To obtain the case where indices a
and a’ are always equal,we just restrict ourselves in 3, A, ® B! to the terms where this is
the case. To obtain the case where indices 4 and a’ are never equal, we choose a random
partition V, V¢ of the indices and restrict ourselves in >, A, ® Bg to the terms wherea € V
and a’ € V°. If there are multiple indices that we wish to fork over, we apply this argument
to each one (choosing the vertex partitions independently).

This construction has the property that if we take the expectation over all the possible
vertex partitions, we obtain a constant times the part of )., A, ® Bl we are interested in.
Using this, it can be shown that probabilistic nrom bounds on these restricted matrices
imply probabilistic norm bounds on the original matrix. For details, see Lemma 27
of “Bounds on the Norms of Uniform Low Degree Graph Matrices”. From the above
subsections, we have probabilistic norm bounds on the restricted matrices and the result
follows.

B.6 Other Cross Terms

In this subsection, we sketch how the argument differs when B = X rather than B = R, X
or B = P{Rg,X.

Theorem B.27. There is an absolute constant C such that for any a > 1 and p > 0,
Pril > Ac@X || > a V| <
a

as long as
1. ru < min{ny, na, n3}
2. m > CalB‘u%r\/n_lmax {na, n3}log(max{ny, ny, n3})
3. m > Cafu®r max{ny, ny, n3}log(max {ny, ny, n3})

Proof sketch: The terms from X directly are

2 2
1_[ Kagybiyes; = 1_[ Z Hijag; Uiio; Wi,
j=1 = \7

Note that the Rq factors are completely independent of the b} and ¢, indices. Thus,
we can sum over the b); and ¢ ; indices first. When we do, this zeros out all terms except
the ones where all of the i; are equal. Moreover, all of the v and w terms sum to 1. The

q
uj; terms can be bounded by (n%) . We now compare the bound we had before with the

bound we have here.
For R, X we had factors
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1. (i)Zq from the X-hyperedges.

ninyns

o Man ( ni(max {ny,n3})*

q
2 3 ) from the g potential 4 indices and 2q + 2 potential b or c indices.

3. (%)zq from the 2g potential distinct triangles.

2q-z-z] -

v u _ ningns < ru3/2y/ni max {na,n3}
Vnimax{m,nz} M h m

number of distinct triangles, the corresponding reduced maximum num-

ber of potential new indices, and the factors of r which we take from
y# of doubled hyperedges we bound with no free index

3
2

2q-z;-z]
) from the actual

’ ’

i Ayrg n A”’C+Al’bc u A”/u+A]bC+Al,bc
5. (n_l) (m) < (m) from the actual number of

new indices which we have

We now have the following factors instead:

1. ( i )qr(nﬁl)q from the X-hyperedges.

ninans

n  max{nans} (m max {13}
' H u
indices.

q
) from the g potential a indices and g + 1 potential b or c

3. (122)7 from the g potential distinct triangles.

2 9=z 2 q-zi

4. (r T Y ””:,12”3) < (%{MM}) from the actual number of distinct
triangles, the corresponding reduced maximum number of potential new indices,
and the factors of 7 which we take from r# of doubled hyperedges we bound with no free index

’ ’

Ay A+, A g+ A1+,
5'(H) lla( ‘U )Ibc lbc<( ‘U )llu Ibc "bc

n max {112,113} min {111, 12,113) from the actual number of

new indices which we have

The difference is in the first three terms, grouping these terms together gives

rmax {ny, n3} ruz max {ny, n3}’
u m

By our assumption, m > Cru?max {nan3}log(n)* so we are fine. O
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