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Abstract

We survey the method of interlacing polynomials, the heart of the recent solution to the Kadison-Singer
problem as well as breakthrough results in spectral graph theory. We will focus on four specific prob-
lems that build on each other, and discuss their connections with each other. Algorithms for constructing
promised solutions are also discussed. Finally, we will mention some applications of these breakthroughs
to spectral graph theory, and approximation algorithms, and discuss current open questions and directions
for future work.
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1 Introduction and Organization

The method of interlacing polynomials is a new technique for proving the existence of (and constructing)
objects whose naturally associated polynomial has bounded roots; for matrices, these are the characteristic
polynomials. Polynomials with interlacing roots provided some of the intuition behind improved results
on problems such as graph sparsification [27]; they were also a key component in the recent positive res-
olution to the Kadison-Singer problem [35], as well as breakthroughs in constructing Ramanujan graphs
[34], [36], [42] which are very important objects in spectral graph theory with numerous applications.

The goal of this survey is to:

1. discuss the method of interlacing polynomials, intuition why it is so powerful, and how it was applied
to the Kadison-Singer problem and other related problems

2. discuss other root-bounding methods that work in conjunction with interlacing polynomials to pro-
duce improved guarantees

3. give some applications of the problems that were solved using these methods

We aim for the majority of this survey to be self-contained, beyond assumed knowledge of linear algebra
and calculus. We will attempt to skip as few steps as possible in proofs for the first three applications we’ll
study.

2 Preliminaries

2.1 Some Notation

1. We will let R[xy,...,x,] be the set of polynomials in the variables x1,..., x,, with real coefficients. Sim-
ilarly, we will let C[z,...,z,] be the set of polynomials in the variables z;,...,z, with complex coeffi-
cients.

2. For a matrix A € R™, one can view it as a linear operator from R” to R”. For this, we write ||A]|,
to be the operator norm of A defined by sup, gu |[|Ax||,. We also write ||A||f for its Frobenius norm,

defined by \/m

3. For a matrix A € C™", A* will denote its conjugate transpose (i.e. its adjoint when viewed as an
operator on C"). When A has all real entries, we’ll use AT for its transpose (again, its adjoint when
viewed as an operator on R").

4. For a matrix A € C"™", we’ll use both the notation x4 (x) and x[A](x) for its characteristic polynomial
det(xI — A). Oftentimes, we’ll use the first notation when the expression for A is small and easy to
write down; we’ll usually reserve the second for more complicated expressions for A.

5. For a Hermitian matrix A € C"™" (or symmetric matrix A € R"™*"), we will write A, (A) and Apin(A)
for its largest and smallest eigenvalues, respectively. For a real-rooted polynomial, we will use
maxroot(p) to denote its maximum root.

6. For a vector v € C", we let diag(v) € C"™" is a diagonal matrix D with D;; =v; for 1 <i <n.
7. We will use O for “Big-O” notation, and O(n) for the orthogonal group of n x n matrices.

8. We will use S, for the set of permutations on # letters. We will also abuse notation and have this also
be the set of n x n permutation matrices.

9. For amatrix A € C"™™, A; ; and A(i, j) will be used interchangeably, both to denote the entry with row
index i and column index j.



2.2 Linear Algebra

2.2.1 Eigenvalues and Eigenvectors

Theorem 1 (Spectral Theorem). If A € C"™" is Hermitian, then A has all real eigenvalues Ay,..., A, with a
corresponding orthonormal basis uy,...,u, of C" such that A=Y [, A;u;u’.

Theorem 2 (Courant-Fischer). For a Hermitian matrix A € C™" with eigenvalues Ay > --- > A,,, we have the
following identities.

A= min min {x*Ax:xe€span{x{,...,Xx,_ 1
k le"'J-xn—k+1X¢0,||x||2:1{ P { Lrevesin k+1}} ( )

= max min {x"Ax:xespan{xy,...,x}} (2)
x1 L Lxg x20,||x][,=1

Lemma 1. If A € C"™" is Hermitian, with eigendecomposition ) [, Aju;u’, then Ak = 1 /\fuiu;ffor all ke N.

Definition 1 (Moore-Penrose Pseudoinverse). If A € C”" is Hermitian, we can diagonalize it as A =
Zle Aju;u;, where Ay,..., Ay are the nonzero real eigenvalues of A, and uj,...,u; is a set of orthonormal
eigenvectors. Define the Moore-Penrose Pseudoinverse of A by

k
1
1 *
A = Z /\—Zulul
i=1
Then ker(A) = ker(A") clearly and
k
AAY=ATA= ) wu
i=1

is an orthonormal projection onto im(A) = ker(A)* = span{uy,..., u;} (and is the identity on this subspace).
Note that if k = n, then AT = A1,

Definition 2 (Mutually Diagonalizable). If H ¢ C"" is a set of Hermitian matrices, then they are mutually
diagonalizable if there exists an invertible square matrix V € C"" such that for every A € H, there exists a
real diagonal matrix D € R™" with A= VDV*.

Lemma 2. If A, B € C'"™" Hermitian are mutually diagonalizable, then AB = BA, i.e. they commute.

Lemma 3. Let A € C"™" be a Hermitian matrix and let b € R be such that bl — A is invertible (i.e. b is not an
eigenvalue of A). Let uyq,...,u, be the orthonormal eigenvectors of A. Then, {(bI-A) : ke ZYI(Y jes uju; = S C [n]}
is mutually diagonalizable.

2.2.2 Trace and Determinant Properties
Lemma 4 (Trace Properties). 1. IfA,Be C"™" and a,b € C, then tr(aA + bB) = atr(A) + btr(B) (linearity)
2. IfAe C"™k gnd B e CK" | then
tr(AB) = tr(BA) (3)

and

nk
A-B= A,]Bﬂ =tr(AB)

i=1 j=1

3. IfAeC™" and Aq,..., A, are its eigenvalues, then



Corollary 1. If A € C¥* is positive semidefinite, then tr(A) > 0.
Corollary 2. Let vy,...,v,, € C" satisfy Y /", v;v: = 1. Then tr(M) = Y ", v*Mv.

Corollary 3. Let A € R™" be a symmetric matrix and P,Q be the orthogonal projections on im(A),ker(A),
respectively. Let B € R™" be arbitrary. Then,

tr [BT(bI —A)kB] = tr[BTP(bI —A)kPB] +tr [BTQ(M — A QB]

for every k € Z, since A, P, Q, (bl — A)¥ are mutually diagonalizable.

Lemma 5 (Determinant Properties). For A, B € C"™", and eigenvalues Aq,..., A, of A
1. det(AB) = det(A)det(B)
2. det(A) = det(A")
3. det(A) =TT~ A

2.2.3 Other Useful Formulas

Theorem 3 (Jacobi Formula). If f : C — C%*4, where f(t) is invertible in some open interval I, then

Jydet(f (1)) = det(f(1)-tr(f(1)"- 9, f(¢))
in I.
Corollary 4. Let A,B € C™? where A is invertible. Then d,det(A + tB) = det(A + tB) - tr((A + tB)"'B). In
particular, [d; det(A + tB)];—o = det(A)tr(A~'B)
Lemma 6 (Matrix Determinant Lemma). Let A € C"™" be invertible, and u,v € C". Then
det(A+uv*) = (1 +v'A~ u)det(A)

Lemma 7 (Sherman-Morrison Formula). Let A € R™" be invertible, and u,v € R". Then A + uv* is invertible
if and only if 1 + v*A~ u = 0. Furthermore, if A+ uv* is invertible, then it has inverse

A lyp Al
A+uv)y =t """
(A+uv’) 1+v*A-ly

2.3 A Very Quick Primer on Spectral Graph Theory
We will only work with undirected graphs in this survey.

Definition 3 (Adjacency Matrix). Let G = (V = [n],E) be a graph with |E| = m. The adjacency matrix Ag
of G is the symmetric n x n matrix with entries Ag(i,j) = 1 if and only if (,j) € E. If G is a multigraph,
then Ag(i, j) is the number of edges between i and j. If G is a weighted graph with weights w: E — R, then
Agliyj) = w(i, j)-

Definition 4 (Laplacian Matrix). Let G = (V = [n], E) be a graph with |E| = m. Let d; be the degree of i € V,
defined by d; = [{(i,j) : j € V}| (or, if G is weighted with w: E > R, d; = Z]-GV w(i,j)). Let Dg = diag({d;}}" ;)
be the degree matrix of G. We define the Laplacian matrix L5 by Lg = Dg — Ag.

One can alternatively construct L as follows: First, orient the edges of G arbitrarily (as in for every edge
e = (u,v) € E, arbitrarily set u or v to be the “head” of e and the other vertex to be the “tail” of ¢). Then,
define the signed edge-vertex incidence matrix of G B € R™*" as the matrix with entries

1 if v is the head of e
B(e,v)=<{-1 if v is the tail of e
0 otherwise

Then, set Lg = BTWB, where W € R"™*" has W(e,e) = w(e) for all e € E.



Remark 1. If w assigns nonnegative weight to every edge, associated with the Laplacian is a nice quadratic
form, which can easily be derived using the definition (identity) L = BT WB: for a weighted graph G =
(V,E,w), for all x e R",

2 .
xTLgx=xTBTWBx = ”Wl/sz”2 = Z w(i, j)(x; —xj)2 >0
(i.,j)eE
In particular, Lg is positive semidefinite when the edge weights are nonnegative.

The idea behind spectral graph theory is to analyze the properties of graphs through linear algebraic
techniques. For example, through the eigenvalues of Ag and L, we can learn about connectivity, bipartite-
ness, etc. Here are some example results.

Theorem 4. Let A <--- < A, be the eigenvalues of Lg. Then, Ay = 0 if and only if G has at least k connected
components.

Theorem 5. Let Ay <--- < A, be the eigenvalues of Ag. Then G is bipartite if and only if {Ay,..., A,} is symmetric
about 0.



3 Small-Scale Interlacing

We begin with interlacing in its most basic form. We will motivate why this is a nice property for a set of
real-rooted polynomials to have.

Definition 5 (Interlacing Polynomials). A degree-(d — 1) polynomial g € R[x] with all real roots a; <--- <
a,4_1 interlaces a degree-d polynomial p € R[x] with all real roots f; <--- < Bz if f1 < a; < By <+ <
a4 < Bg; if g € R[x] is a degree-d polynomial with all real roots a; < --- < @y, then q(x) interlaces p(x) if
ay <Py < <ag < Py

We say a finite set {p;}] C R[x] of degree-d real-rooted polynomials have a common interlacing if there
is a degree-(d — 1) (or, equivalently, degree-d) real-rooted polynomial g € R[x] that interlaces each p;.

Remark 2. Tt’s not hard to see that if p(x) =[]iL, (x — A;) and q(x) = [T'_; (x — ;) have a common interlacing,
where A} <--- < A, and py < --- < p,, then it follows that for any nonempty S C [n], [];cs(x — A;) and
[T;es(x — p;) also have a common interlacing.

We now state a crucial theorem that is the motivation for using interlacing.

Theorem 6. Let py,...,p, € R[z] be a set of real-rooted degree-d polynomials with positive leading coefficient and
let pg =Y i pi- If {p;}] have a common interlacing, then

1. pg is real-rooted
2. forevery 1 <k <d, there exists 1 <i < n such that A(p;) < Ar(pe)
where Ay (p) denotes the kth smallest root of p.

Example 1. Interlacing is a particularly special because in general, adding (or averaging) real-rooted poly-
nomials does not produce anything useful; the sum (or average) of real-rooted polynomials might not even
be real-rooted, as demonstrated by the p;(x) = (x — 1)? and p,(x) = (x + 1)?, for which (p; + p,)(x) = 2x? + 2.

However, if we had, say, p;(x) = x(x — 2) and p,(x) = (x — 1)(x — 4), then p;,p, have a common interlac-
ing, and (p; + p»)(x) = 2x% — 6x + 4 = 2(x — 2)(x — 1) and maxroot(p,) < maxroot(p; + p»).

An interesting observation is that if {p;}] has a common interlacing, then so does {y;p;}}, for any choice
of constants yy,..., u, € C. Hence, if we form a probability distribution D over {p;}{, assigning probability
u;i > 0 to p;, then this theorem states there is a y;p; (and hence, a p;) whose maximum root is upper bounded
by Yi'; #ipi = E,op[p]. Thus, to prove that there is a p; whose maximum root is upper bounded by some
quantity a, it suffices to bound the maximum root of E, p[p] by a, which can be much easier, as we will
see in the applications below.

Proof Sketch of Theorem 6. For real-rootedness, observe that the roots of py are the same as those of E; _ypif([n))[Pi] =
po/n. Since pq,...,p, have a common interlacing, by Theorem 7 (see below), pp/n is real-rooted. Hence, so
is pp. This proves the first guarantee.

For the second guarantee, by Remark 2, it suffices to show that there exists 1 <i < n such that maxroot(p;) <
maxroot(py), and then go by induction on the degree d. Let g be a degree-(d — 1) common interlacing for

Pi,---»Pn-

Since the p; have positive leading coefficient, there exists x; such that p;(x) > 0 for all x > x;, forall 1 <i <n;
this also shows that py(x) > 0 for all sufficiently large x. Furthermore, since every p; has exactly one root
that is at least A;_1(g), namely A;(p;), we have p;(1;_1(g)) <0 forall 1 <i <n. Thus, pg(As_1(g)) <0. Since
po(x) > 0 for all sufficiently large x, the largest root A,;(pg) of py is at least A;_1(g).

Now, since py(As(pg)) = 0, there exists 1 < i < n such that p;(A,;(pg)) =

>0, ) = 0. Since p; has at most one root
that is at least Ay_1(g), Aa(pi) € [A4-1(8), Aa(po)]. In particular, A4(p;) < Aa(pp)-

O



So, how does one show that a set of polynomials has a common interlacing? The following result is
a particularly useful characterization for when a common interlacing exists. It reduces the problem of
showing the existence of common interlacings into the problem of showing certain polynomials are real-
rooted. Throughout, whenever we need to prove the existence of common interlacings, we will apply this
lemma. This greatly simplifies our work, because then, we can apply techniques such as those from the
theory of real stable polynomials. We will discuss these techniques in greater depth later. We will not need
this for our first two applications.

Theorem 7 (Theorem 2.1 of [9]). Let py,...,p, € R[z] be degree-d polynomials with positive leading coefficient.
Then {p;}{ have a common interlacing if and only if Y ', A;p; is real-rooted for all A; satisfying Y I | A; =1, that
is, all convex combinations of {p;}| are real-rooted.

We now turn to an important example of when we know interlacing occurs. This will be particularly
useful for our first two applications.

Theorem 8 (Cauchy Interlacing Theorem). Let A € R™" be symmetric and v € R". Then x4(x) interlaces
X Ao (X).
Proof. By the Matrix Determinant Lemma (Lemma 6),

det(xI —A—vvT) = (1—vT (xI —A) 'v)det(xI — A)

The claim is trivial if v = 0 so assume otherwise. Let A4,..., A,, be the eigenvalues of A, and uy,...,u, be or-
thonormal eigenvectors corresponding to Ay,...,A,,. Observe that A=), /\iuiuiT, and by orthonormality
of uy,...,uy, I =Y "y uju]. Thus, xI —A =Y (x—A;)u;u so we may write

n

_ 1
(xI - A) 1:Z’X_A'u,'uiT
1

i=1

Hence,

Tl — AV, — Kug, v)l1”
v (xI-A) v=1 E . /\v u;u; Tv=1- E

Putting these together, we have

XA+voT(X) = [ Z |<ul,v>| ]

Let p be an eigenvalue of A+ vvT. Assume without loss of generality that the set of indices i for which
(uj,v) # 0 is precisely [k], for some k (note, we can guarantee that k > 1 since if (u;,v) =0 forall 1 <i <mn,
by linear independence of uy,...,u,, v = 0). We have two cases:

1. xa(p)=0,1i.e. pis also an eigenvalue of A. This occurs when p is an eigenvalue of A corresponding to
an eigenvector that is orthogonal to v.

2. f(p) def Z;‘:l [u;, v)|>/(u— A;) = 1. This is a real rational function that blows up when y is approaches

A;, for any 1 <i < k. More concretely, for every 1 <i <k,

lim f(x)=-o0 lim f(x)=+c0

XA x—=Af
where limxﬂ/\i— is the limit as x approaches A; from the left (and similarly, for limx_>/\l_+). We also
have A, . f(x) = lim,_,_ f(x) = 0. Observe that f(x) is continuous and injective on each of the
open intervals (A;, A;,1) for all 0 < i < k (where for convenience, we define 1y = —oo and Ay,; = o0);
furthermore, f is a bijection from (A;, A;,1) to Rfor 1 <i <k, and a bijection from (A, Ax,1) to R5¢. By

the Intermediate Value Theorem, for each 1 <i <k, there exists precisely one value of pin (1;, ;1)
for which f(p) =

Combining these two cases, we have interlacing. O



4 Warm-Up I: The Column Subset Selection Problem

Problem 1 (Column Subset Selection). For a given matrix A € R™™, is there is a subset of columns S C [m]
such that the submatrix B € R™S| formed by those columns satisfies “certain linear algebraic properties”, and if
so, can it be found efficiently?

This is a general problem, where “certain linear algebraic properties” can be anything, but are usually
ones useful in computation and analysis, such as condition number, rank, etc., with many applications in
numerical linear algebra and functional analysis. In this section, we will be considering “well-invertibility”,
which means whether or not the matrix A € R has a column submatrix A, s € R™IS|, for some § c [m],
such that

1. Ap,),s is injective, so that it is invertible on a subspace of R™.

2. A[’nl] ¢ has singular values bounded away from 0.

Well-invertible matrices are desirable because they are robust to additive noise, and algorithms that are
sensitive to floating point precision remain “numerically stable” when run on these types of matrices. The
main question we will answer is: How large can |S| be for there to exist a well-invertible submatrix with |S|
columns?

4.1 Bourgain-Tzafriri Restricted Invertibility
We begin with a celebrated result of Bourgain-Tzafriri [6].

Theorem 9 (Theorem 1.2 from [6]). There exist universal constants 0 < ¢, C < 1 such that for all linear operators
T :R" — R" satisfying ||Te;|l, = 1, for all 1 < i < n, there exists a subset S C [n] with cardinality |S| > |_cn/||T||§J
such that

2 2
ITvl3 = Cllvll;

for all v € spanie; : i € S}. That is, for every linear operator T : R" — R" satisfying ||Te;|l, =1 forall 1 <i <mn,
there exists an S C [n] of size Q(n/llTH%) such that the operator norm of T as a linear operator from spanie; : i € S}
is Q(1).

This fact has been known since the 1990s. Here, we will prove a more general and more powerful
version. This next result will also make more clear the connection between the stable rank and the existence
of well-invertible column submatrices.

Theorem 10 (Theorem 2 from [30]). Let vy,...,v,, € R" satisfies Y /2, v;v. = 1. Let 0 < e <1 be arbitrary and
let T : R" — R" be a linear operator. Then, there exists S C [m] such that all of the following hold:

1. {Tv;}ics is a linearly independent set, that is, T is invertible on the subspace span{v; : i € S} of R™.
2. 18] = L2 IITIF/IITI)

3. The |S|th largest eigenvalue of ¥ ;cs(Tv;)(Tv;)T is greater than (1 —¢€)?-||T|%/m.

2 2
A [Zmnmm] _ (L= ePITIE

. m
ieS

The original restricted invertibility of Bourgain-Tzafriri follows as an immediately corollary. Let’s see
how.

Proof of Theorem 9. Fix an arbitrary 0 < e < 1, and let c = c(€) = €* and C = C(e) = (1 —€)%. Let {v;}]" = {e;}}
(so m = n). We must show that there exists a subset S C [n] with cardinality |S| > cn/||T||3 such that
ITv||3 = C|lv||3 for all v € span{e; : i € S}.



Observe that since ||Tei||§ =1foralll1<i<mn,

n
2 2
ITIZ =) ITeill3 = n
i=1

so that

(1-e)?|TIF

L2 ITI2/IITI3) = Len/|ITII3]  and =(1-¢)>=C(e)

m

Hence, applying Theorem 10 immediately yields a subset S C [1] with cardinality |S| > |cn/||T||3] such that
{Te;};cs is linearly independent. Finally, observe that for all v € span{e; : i € S}, we have

ITvl3 > Ay [Z(Tvi)mm > Cle)

=

where Py is the orthogonal projection onto the |S|-dimensional subspace U = spanfe; : i € S}. This completes
the proof. O

Note that Theorem 10 also implies another simpler form of restricted invertibility proven in [33] using
slightly more advanced machinery. We will not discuss that proof here; instead, we will observe that it
follows immediately from Theorem 10.

Theorem 11 (Theorem 3.1 from [33]). Suppose vy,...,v,, € R" are vectors with ) ;" viviT = I. Then for every
k <n, there is a subset S C [m] with |S| = k and satisfying

2

RN

i€eS

Proof. Let T = I and set € = Vk/n. Note that ||T||12: = n since T has n nonzero entries, all equal to 1, and
ITI? = 1 since ||Tv||, = |IIv|l, = |[v|l, for all v € R". Theorem 10 shows there is a set S C [m] such that

S| = Le? ||T||%;/||T||%J = |_\/k/n2 -n] =k, {v;j}jes is a linearly independent set, and
g 2
, E T TN A AT
<V [ieS i ]v>>[ \/;] T

for all v € span{v; : i € S}. Since {v;};cs is a linearly independent set, dimspan{v; : i € S} =|S| = k so that by
Theorem 10

2
k
/\k[ZviviT] > [1 - E] . %
ieS

as desired. 0

4.2 A Single Univariate Barrier with Interlacing

We will build up S iteratively. At the start of step j:
1. S will contain j indices.

2. We will also have an operator Al) = Ziesj(TVi)(TVi)T: where §; is the state of S at step j

10



We will begin with S = 0 and A(”) = 0. We must show that at the end of every step 0 < j < t, for t =
le? ||T||%/||T||2J total iterations, there is a “good” i € [m]\ §; to add to Sj, i.e. a “good” vector v; for which
we can perform a rank-1 update to AY) with v;. We will measure this “goodness” by a potential function;
this potential will guide this process throughout. For a b € R, define the potential function w.r.t. b by

m m

Dy(A) =) (Tvy) (A=bD) " (Tvy) = ) v (TT(A=bI)"' T);
i=1 i=1

for all A € R"™". Note that since } /", v;v,” =1, by Corollary 2, we may also compactly express ®}(A) as
Dy(A) = tr[TT(A —p1)! T]

We will show that if the @, (A)) is sufficiently small, then there will be a “good” vector v; to add. Since each
rank-1 update can shift some eigenvalues of AU), in order to keep adding vectors, we will also need to shift
the barrier appropriately at each step so as to keep the value of the potential sufficiently small. Specifically,
at iteration j, we will have a value b; for which @, (A1) is sufficiently small. This will be made precise in

Lemma 9. The invariant we will maintain is: at the end of step j (after j vectors have been added), AY) has
exactly j nonzero eigenvalues, which are all strictly greater than b;.

Thus, to satisfy the third guarantee of Theorem 10, it suffices to lower bound b; for t = |_€2||T||12:/||T||2J.
The challenge is showing this process can be done without shifting the barriers too much; if we shift the

barrier too much, the lower bound on A (Zies vl-vi—'—) at the end will not be interesting.

An interpretation of the parameter b in the potential function definition is that it serves as a “barrier”
for the eigenvalues of the AU); for the purposes of our proof, this “barrier” will separate the nonzero (in
particular, positive) eigenvalues of AU) from the zero eigenvalues.

We will now make this discussion formal. Specifically, we prove the two lemmas. The first is a supporting
claim. The second is the core of the argument; it will tell us when we can update AY) and how much we are
allowed to move our barrier.

Lemma 8 (Lemma 3 from [30]). Suppose A > 0 has k nonzero eigenvalues, which are all strictly greater than
b>0. Ifw=0and wT(A-bl)"'w < -1, then A+wwT has k+1 nonzero eigenvalues, which are all strictly greater
than b.

Lemma 9 (Lemma 4 from [30]). Suppose A > 0 and bygq € R; let Q be the orthonormal projection onto ker A. If
all of the following hold

(1) has k nonzero eigenvalues, which are all strictly greater than byg

(2) @y, (A) < —m~(||T|I3/5)

old
(3) 0<6<b<s|QTIF/ITI3
w.r.t. b, then there exists an i € [m] such that:
1. A+ (Tv;)(Tv;)" has k + 1 nonzero eigenvalues, which are all strictly greater than byey = bojq — 0

2. Dy (A+(Tv)(Tv;)T) <Dy, (A).

old (

First, let us see how these two lemmas combined allow us to prove Theorem 10. Notice that in' the
previous lemma, guarantee 1 tells us how to shift the barrier, and guarantee 2 ensures that if Dy, (AD)) is

sufficiently small, then so is Dy, , (AU*1)). This naturally leads to an inductive argument; we just need to
choose the initial barrier value by and the “step size” 6 > 0 of the barrier at each iteration.

11



Proof of Theorem 10. Initialize this iterative process with A(®) = 0 and

p - L=
o= ———F
m
and step size
_(1-9)ITll3
em

Let 0 < € < 1. Note that we may assume that € ||T||12;/||T||% > 1 since the theorem is trivially true otherwise.

Our goal is to inductively prove that AY) satisfies all conditions (1), (2) and (3) of Lemma 9 w.r.t. b,

for all steps 0 < j <t—1, where t = |€? ||T||%/||T||§J, so that at least t vectors are added through this entire
process.

For the base case j = 0, note that A(”) = 0 trivially has 0 nonzero eigenvalues, satisfying (1); as a result,
we also have Q) = Bier a0 = I. Furthermore, since A =0, we have by definition of the potential that

T|I? m em T||?
T _ __em __ITI3

_ 1
quO(A(O)):tr[TT(A(O)—bOI) 1T]:—%tr[TTT]: 7, = T -

so that (2) is satisfied as well. Finally, since € < 1 and €2||T||2/||T||3 = 1, we have ||T||Z/||T||3 = 1/€*> > 1/e.
Thus,

(L-e)ITI5 1 _(1=-elTI TIE _

5= £ =
m € m 17115

and

0 2
(-elTIE _ (-elITI3 ITIE _ (L=l UTIE _ 17 _ , [1Q 7],

bOZ = =
m m ITII3 em T3 I3 ITI3

using the fact that Q(%) = I. This verifies (3) and we have the base case for the induction.

Suppose (1), (2) and (3) are all satisfied up to some 0 < j < t—1. Since AU) satisfies (1), (2) and (3) w.r.t. bj, by

Lemma 9, we may choose 1 < i < m such that AU+1) = A(J')+(Tvl-)(Tv,-)T has exactly k+1 nonzero eigenvalues,
all of which are strictly greater than b;,; = b; -6, and CD;,j+1 AU+ < (Dbj (AU)). Note Lemma 9 immediately

tells us that AU satisfies (1); (2) also comes immediately since Dy, AU+ < Dy, AUy < —m - (||T||§/6),
where in the last inequality, we use the induction hypothesis. For (3), observe that

T2 2 T2
0<br=by—kd < 6(k+1)<b <=)k<b—9—1=6” ||2F—1<= ks{€ I yFJ—1=
o T2 Tl

Since j<t-1 = j+1<t-1, wehave o <bj,y, giving the left half of (3). Finally, observe that
lUrf; = flQ 7l - i
F= F 2
so that

 levr]; N ey e Y (<
ji= 2 - T
713

] SOt
j+1 = =
ITI3 ITI3 ITI3
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This verifies that the right half of (3) holds for AU+D wort. bj;1. This completes the induction.

Finally, after adding a total of t vectors, our barrier now sits at

(L-e)ITlE _ HITIE (L=elTI3 _ (1 =elTl; _e(t-e)ITlE _ (1=’ Tl
m ||T||2 em m m m

bo—t6>

Since all t nonzero eigenvalues of A(*) are strictly greater than b, = by — t5, we have the desired bound.
Note that we also get the linear independence of {Tv;};cs for free, since A" has exactly t = |S| nonzero
eigenvalues. This proves the theorem. O

Now, it remains to prove the two lemmas.

Proof of Lemma 8. Let 0 < b < Ay < --- < A be the nonzero eigenvalues of A. Let py < -+ < pgy1 be the
k +1 largest eigenvalues of A+ ww'. By the Cauchy Interlacing Theorem (Theorem 8), we have that these
eigenvalues interlace.

Pr<Ap S S AR S e
Now, the Sherman-Morrison formula (Lemma 7) shows that

(A=bI)'wwT(A-bI)!
T+ wT (A—bD) T

tr[(A+wwT —bI) ] —tr[(A-bI) ] =tr|[(A-bI)! = —tr[(A-bI)7!]

__ 1 eyl Toa 7)1
=TT wTA b Tw tr[(A-bl)"ww' (A-bI)""]
wT(A-bl)?

T 1+wT(A-bl) !

where we use linearity of trace, the equality tr(AB) = tr(BA) (Lemma 4), as well as invertibility of A — bl
(which follows from the fact that all elgenvalues of A are either zero or strictly greater than b); note this
last quantity is positive, since (A — bI)~% = ((A — bI)~!)? being positive semidefinite and w # 0 implies the
numerator is positive, and the assumption that wT(A - bI)~'w < —1 implies the denominator is negative.

Now,
k n 11 k k
tr[(A-bI)” Z py- +ZO b= +Z/\l_b
i=1 i=k+1 i=1
and
k+1 n k+1
1 1 n—k-1 1
tr[(A+wwT —bI) =) —+ =- +
izzl'”i_b Lm0l b ;”i_b
Combining these, we have
1 1 & 1 1 1 1
0<tr[(A+ww' —bl)']|-tr[(A-bI)” + -+ ( - )S +—
l oAb = o ) s ) S
where we use the fact that ﬁ < ﬁ, which follows from interlacing. Finally, since
1 1 b Hi+1 — b Hic+1
0< + - = + =
Hre1—b b by —b)  bpgsr —b) b(pge1 —b)
and py,1 > 0, we must have g1 > b. O



Proof of Lemma 9. Our goal is to prove that by moving the barrier by an amount 6 > 0 that is not too large
and not too small, we can add a vector without increasing the value of the potential function. First, let us
write out the potential function of the matrix after the update w.r.t. by, in terms of the potential function
of the matrix prior to the update w.r.t. b,,,. Again, we use the Sherman-Morrison formula (Lemma 7).

Dy, (A+wwT) = tr[TT(A+wwT —byey ) ' T]
0 [TT(A = bpeyy ) ww T (A= by ) T]
1+wT(A=bpewl) tw
wT(A — bnewI)_1 TTT(A — bnewI)_lw
1+wT(A=bpewI) tw

new

= tr[TT(A = bew 1) ' T] -

=Dy, (A) -

Again, our goal to ensure there exists a nonzero w € {Tv;};" | such that the above is upper bounded by ®;(A),
the potential function evaluated at the previous matrix w.r.t. the previous barrier value.

Now, the set of nonzero vectors w satisfying both

wT(A — bneer1 TTT(A — bnewI)ilw

<D (A d TA=-bpen ) Tw< -1
1+wT(A—bnewI)*1w b( ) an w ( new) w

cI)bnew (A) -

are precisely those for which
wT(A - bnewl)71 TTT(A - bnewl)ilw < (Py(A) = DPp-5(A)) - (-1) - (1 + wT(A - bnewl)71 w)
by applying the second inequality to the first.

Now, to show that there exists a w € {Tv;};", satisfying this, it suffices to show that the sum over {Tv;}!"; of
the left-hand side is less than or equal to the sum over {Tv;};”, of the right-hand side.

m m
Y 0 TT(A=bpe ) TTT (A= byere]) ™ T; < (B(A) =Dy _5(A)- ) (<1)- (149 TT(A = b ]) ' Tv;)
i=1 i=1

By Corollary 2, we can rewrite both sides of the above inequality as

0 [TT(A = bney D)™ TTT(A = by ) T] < (D (A) = @y, (A)) - (=1) - (1 +tr [ TT(A = bey ) ' T])
= (Dp(A) = Dy, (A)) - (=m =Dy, (A))

new (

For this, it suffices to prove the following tighter bound.

ITI3

tr[TT(A = byew )™ TTT (A = bey 1) T| < (@4(A) = D, (4)) ( 5

+(Dy(A) —CDbnew(A)))
since @y (A) < —m — (||T||3/6) implies

Dp_5(A) = Py(A) = (Op(A) =Dy, (A)) < —m = —= = (Dy(A) = Dy_5(A))

Towards this, we first make the observation that since TTT < ||T||%I,
TT(A=bnew!) ' TTT(A=bney ) ' T <|ITII3 - TT(A=bpeyI)°T
and so by Corollary 1 we can bound the trace as

tr[TT(A = bnew ) TTT(A = brew ) T] S ITIB tr[TT(A = byew ) 7]

14



Thus, to prove the lemma, it suffices to show that

T2
TS

ITIB e [T7(A b 72T] < @4(4) Dy, )12 4 0118) -, )

Now, decompose I into P + Q, where P,Q are the orthogonal projections (i.e. satisfying P> = P = PT and
Q% =Q=QT)ontoim(A) and ker(A), respectively. Since P, Q, A, (A = bpey) ! and (A —bpe, )2 are mutually
diagonalizable by Lemma 3, we may decompose our potential function into

Oy(A4) = Bf (A) +DL(A), where  f (A) E tr[TTP(A - bogl) PT], &2(A) € tr[TTQ(A - byyal) ' QT]

and the trace above into
tr[TT(A = bnew 1) > T| = tr [TTP(A = byey 1) PT] + tr[ TTQ(A = bey ) > QT]

using Corollary 3. Will then proceed by bounding each of the two terms on the right-hand side separately.

Let’s consider the term corresponding to P first. Now, xT (A — bygl)"'x > 0 for all x € im(A) since the
eigenvectors of (A — bygI)~! corresponding to the k nonnegative eigenvalues of (A — byqI)~! (which exist
since A has exactly k nonzero eigenvalues, all larger than b) span im(A). Since P is the projection onto
im(A)and P = PT, Px = PTx € im(A) so that xTP(A — byjqI) ' Px = (Px)T(A = boigI)~' (Px) > 0 for all x € R™.
Thus, P(A - bgqI)™'P > 0. By the same reasoning, since 0 < byey < b, P(A = bpey I)"'P > 0. As a result, we
have

SP(A = bpew]) 'P < P(A=bggl) ' P = P(A = bpey I)"!P
which immediately implies
tr[TTP(A = byewI) ?PT] < %tr[TT [P(A=boial) ™ P = P(A = by 1) P| ]
1 _ _ 1
= Str [TTP(A=boaD) ' PT]| = tr[TTP(A = byew 1) ' PT] = 5 (©F(A)-Df (4))

Now, let’s turn to the term corresponding to Q. First, we make the following trace computations:

2
[T QU by 2Q7] = LT
and
Q Q _ T -1 -1 _ ||QT||12:
©;(A) =@ (A)=tr[TTQ((A~boal)™ = (A~ buew ) ) QT | = 077

This is where we will use the assumption that b < 6||QT||12;/||T||% — ||T||§ < 6||QT||}2:/b. Combining this
with our trace computations, we have

ITIE |
o

bnew

ITI3 tr[TT QA - brew ) QT | < (0 (4) - @ (A))( (@A) - D <A>))

This immediately implies

T[T QA ~brewt1 2T < 04) - oA T2 04410400 - ) - T2
Combining with the bound
tr[TTP(A = byew ) ?PT] < % (@F(A)-D) (4))
we obtained earlier for the term corresponding to P, we have
ITI3 e[ TT(A ~ bew D) 2T < (@A) -y, (4))- (@ (@A) -y, <A>))
proving the lemma. O
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4.3 An Algorithm

The original proof of the restricted invertibility was nonconstructive. It did not naturally give an algorithm
to find such a well-invertible column submatrix. Tropp [23] gave the first randomized polynomial time
algorithm to compute such a submatrix.

Theorem 12 (Theorem 5.7 from [23]). There exists an algorithm such that given a matrix A € R™" satisfying
lAill, = 1, for all columns A; of A, produces a S C [m] such that |S| > cllA|2/||All5 and x(As) < V3, where ¢ > 0
is an absolute constant. Furthermore, this algorithm runs in O(|S|*m +|S|>) time.

The core of the algorithm given in [23] is based on repeatedly sampling a uniformly random subset ¢
of [m] and then solving a convex program over the probability simplex (to compute something known as a
Grothendieck factorization) to obtain a subset of ¢ as a candidate solution. We refer the reader to [23] for
details.

The proof of Theorem 10 suggests a completely different algorithm that is much simpler to understand
and analyze. It also has the added benefit of being completely deterministic, and runs in O(mn>)-time.

Algorithm 1

Input: vectors vy,...,v,, € R" satisfying ) /", v;v,/ = I; a linear operator T : R” — R" provided as a square
matrix in R™"; 0<e<1
Output: aset S of indices satisfying the guarantees of Theorem 10

1: compute and cache ||T||§ and ||T||%
2: compute and cache Tv; forall 1 <i<m
3: compute and cache outer product (Tv;)(Tv;)T forall 1 <i<m
4 initialize S =0, by = (1-¢)||T||2/m, 6 = (1 —¢€)||T|[5/em, A® =0
5. while True do
6: b]'+1 — b]' -0
7. if bjy > (1-€)?-||T|[?/m then
8: return S
9: end if
10:  compute (A—bj 1)
11: fori=1,...,mdo
12: compute eigenvalues of AW +(Tv;)(Tv;)T
13: compute Dy, (AD) + (Tv;)(Tv;)7)
14: if A1 (AY) + (Tv;)(Tv;)T) > by && Dy, (AD) +(Tv;)(Tv;)7) < Dy, (AU)) then
15: AU — AU 4 (Tv;)(Tv;)T
16: S «— Sufi}
17: break out of for-loop
18: end if
19: end for
20: if AU*1) is not created (no good update remaining) then
21: return S
22: end if

23: end while
24: return S
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5 Warm-Up II: Spectral Graph Sparsification

5.1 Prior Work

Problem 2 (Graph Sparsification). Suppose we are given an undirected weighted graph G = (V,E, w), where
w: E — Ryg. Does G have a (re)weighted subgraph H = (V, E, w) such that H is sparse, having ,say, O(n) edges,
but still approximates G in some sense that we are interested in?

Graph sparsification naturally finds applications in big data. Large graphs are pervasive in machine
learning, social network analysis, etc. in today’s world. In most cases, these graphs cannot be stored in
the memory of a single or a small number of computers and so we need new techniques to handling these
graphs efficiently. Without preprocessing, such as sparsification, scaling up our algorithms will be difficult.

One metric for “approximation” considered in the late 90s in a work of Benczur-Karger was cut size. They
proved the following result, which immediately led to

1. an O(n?*/€?)-time algorithm for computing a (1 + €)-approximation to the value of the minimum s-t
cut of an undirected graph (Corollary 1.3 from [12])

2. an O(n?*/€?*)-time algorithm for computing an O(logn)-approximation to the sparsest cut (Corollary
1.5 from [12])

Theorem 13 (Theorem 1.2 from [12]). Let G = (V,E,w) be an undirected weighted graph, and € > 0. There
exists an O(mlog® n) algorithm that, with high probability, produces a subgraph H = (V, E,w) such that:

1. |E| <O(nlogn/e?), i.e. H is sparse.
2. (1—€)-1Eg(S,S)| < |Ex(S,S)| < (1 +€)-|Eg(S,S)| for all cuts (S,S).

We will concern ourselves with a stronger form of approximation, namely that of spectral sparsification. We
say that H = (V,E,w) is a (1 + €)-spectral sparsifier of G if

(l —6)'LG ﬁLH §(1+€)'LG
that is,
(1-€)-x"Lex<x"Lpyx<(l+e€)-x"Lgx

for all x € R". This is a stronger form of approximation than cut sparsification in the sense that a (1 +¢)-
spectral sparsifier is also a (1 + €)-cut sparsifier, since H is a cut sparsifier if

(1—€)-x"Lgx<x"Lyx<(l+€)-x"Lgx

holds only for all x € {0,1}" = {15 : S  V}. This notion of sparsification was first used in a work of Spielman-
Teng [18], who used it to produce nearly linear-time solvers for certain types of linear systems. They were
formally introduced by Spielman-Teng in 2008 [22], where they gave an algorithm that produces a spectral
sparsifier with O(nlog® n) edges, for some (large) absolute constant c.

Soon after, Spielman-Srivastava made a significant improvement to previous works based off of sampling
edges with probability proportional to their effective resistances, and then applying dimensionality reduc-
tion and matrix concentration.

Theorem 14 (Theorem 1 from [21]). There exists a O(m/e*)-time algorithm such that, given an undirected
weighted graph G = (V, E,w), with probability at least 1/2, returns a (1+€)-spectral sparsifier of G with O(nlogn/e?)
edges.

Below, we will give a fully deterministic algorithm that produces a (1 + €)-spectral sparsifier in O(n/e?)
edges in time O(mn3/e?). While this is significantly slower, the algorithm is fully deterministic, and the
techniques used are of theoretical interest in themselves.
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5.2 “Twice Ramanujan” Sparsifiers

The main result of this section is as follows. The constant (d + 1 + 2\/2)/(61 +1- 2\/3) is what motivates the
name “twice Ramanujan”; in the special case when the graph is an unweighted complete graph, it says we
can spectrally approximate at least this well with a weighted graph that has at most twice as many edges
as a Ramanujan graph (see Definition 11 below).

Theorem 15 (Theorem 1.1 from [27]). For every d > 1 and every undirected weighted graph G = (V,E,w) with
n =|V|,m = |E|, there is a weighted subgraph H = (V,E,w) with |E| = [d - (n — 1)] that satisfies

d+1+2\/3)
) By 8
d+1-2Vd

An immeidate corollary is the fact that we can obtain (1 + €)-spectral sparsifiers.

chLHg(

Corollary 5. For every € > 0 and every undirected weighted graph G = (V,E,w) with n = |V|,m = |E|, there is a
weighted subgraph H = (V, E, w) with |E| < O(n/€?) that satisfies

LG < LH (1 + 6) LG
that is, there is a (1 + €)-approximate spectral sparsifier of G with O(n/€?) edges.

Proof. Observe that

d+1+2\/2_(d+1—2\/3)+4\/2_1+ 4Vd 1. S
d+1-2vd d+1-2Vd d+1-2¥d = Vd

for some constant ¢ > 0. Let € >0 and G = (V, E,w) be an undirected weighted graph. Choose d = [c?/€?] so
that Vd > Vc2/e? = c/e = ¢/Vd < €, which implies

d+1+2
\/_ 1+L51+€

d+1 2\/_ Vd

Theorem 15 shows that there is a weighted subgraph H = (V, E,w) with |E| = [d - (n—1)] < O(n/€?) such that

d+1+2Vd
d+1-2Vd

LGﬁLHﬁ( )'LG§(1+6)'LG

O

The core of the proof lies in a purely linear algebraic statement very similar to Theorem 10 on restricted
invertibility.

Theorem 16 (Theorem 3.1 from [27]). Let d > 1, and vy,...,v,, € R" satisfy } ", viviT = 1. Then, there is a
subset S C [m] with |S| < dn and nonzero scalars s; >0, for all i € S, such that

1<) swa] _(d+1+2\/_) I
d+1-2Vd

Let’s first see how Theorem 15 follows from this fact.

i€S

Proof of Theorem 15. Let G = (V,E,w) be an undirected weighted graph on n vertices with m edges; order
the edges of G and label them by indices i € [m]. We will assume G is connected: if G is disconnected, we
can apply the same argument to the connected components of G. Let Lg = BT WB be the Laplacian of G.
We will restrict our attention to im(Lg) = span{1}+ = R"! and let d > 1 be arbitrary. Consider the columns
Vi,o.., Uy of V = (LE)V2ZBTW1/2 € R™™. Note that

m
Z —vyT = (L‘I')1/2BTwl/2(Wl/2)TB((L‘|')1/2) (L‘l')l/ZBTWB(L‘I')l/Z (L+)1/2L1/2L1/2(L+)1/2 Ilm(Lc)
i=1
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Theorem 16 furnishes a subset S C [m] of size at most d(n — 1) and scalars s; > 0 with s; > 0 for all i € S and
s;=0foralli¢S, such that

m

Iim(LG) < ZsiviviT =VSVT <k ’Iirn(LG)
i=1

where for convenience, we set S = diag(sy,...,s;;) € R™", and x = (d + 1 + 2\/3)/(51 +1- 2\/3). Let Ly =
BTW2SW1/2B be the Laplacian of a reweighted subgraph H with edge weights w; = w;s; for all i € E.
Since at most d(n—1) indices i have s; > 0, H has edge set E = {i € E : 5; > 0}, which is of size at most d(n—1).
It remains to verify that H is a k-approximate spectral sparsifier of G. For this, observe that
Iim(Lc) <VS VT <k- Iim(LG) — Iim(LG) =< (LE)UZBTWl/zswl/zB(LE)l/z <xK- Iim(LG)

&= Tim(rg) 2 (LE)2Lg(LH)Y? <k Timrg)

= 3Ty <y (LH)PLu(LE) Py <x-pTy, Vyeim(Lg)=im(L?)

= 2T (L)L) < xT(LP)LE) 2Ly (LE) AL )x < e xT(LEH)T(LL)x

Vx € ker(Lg)* = span{1}*
& x"Lex<x'Lgx<x'Lgx, VYx11
— Lg=<Ly=<«x-Lg

5.3 Intuition with Interlacing

Before we dive into the details of the proof, here is a heuristic calculation that tells us why we might be able
to prove a result like Theorem 16.

Suppose we have some symmetric matrix A € R"™" with real eigenvalues Ay,..., A,, and orthonormal eigen-
vectors uy,...,u,. choose a uniformly random vector v from {v }"’ Then, in expectatlon,

1y S ol 2
E[[(v, u;)*] :ZZ« viv) uj = u;[Zviv;]u]-: e

i=1

In particular, making a uniformly random rank-one update, in expectation, shifts all eigenvalues upward
around the same amount of 1/m. Thus, after updating A over many iterations, we’d expect the condition
number A, (A)/Anyin(A) to remain bounded; the largest and smallest eigenvalues won’t drift too much.

It turns out that this averaging intuition does work in the following sense: if we explicitly compute the
expected characteristic polynomial of A +vvT, using the same argument as in the Cauchy Interlacing The-
orem (Theorem 8), we have

n , 12 "R U 2
mx)[l -y e ]] - mx){l - Z%] = xa)
i ] i ]

j=1 j=1

E[XA-H/VT (x)] =E

1 1
1_EZ«x—/\»]

S

Expanding out this last expression and applying the differentiation product rule,

]_[x A ——Z]_[X Ak) = xal )——XA()

j=1 k=j

Thus, starting with A = 0 and adding averages iteratively, after k rounds, we get

1 d



This last expression is a well-known object: the set of such polynomials of that form, for k > 0 forms a
family of orthogonal polynomials known as the Laguerre polynomials. It’s roots are very-well studied and
it is known that after k = dn rounds (see Theorem 4.4 from [10]), we will have

Amax(AW) d+1+2Vd

/\min(A(k)) d+1- 2\/3
This is precisely the bound we hope for. This would be ideal also because it would lead to unweighted spec-
tral sparsifiers, since at every step, we add the same amount of every vector v;.

The main problem with this argument of course is that we are not allowed to add averages of vectors.
We actually need to choose a single vector from {v;}/", at each step. This is why we need the weights s; and
also why the argument is much more complicated.

5.4 Two Univariate Barriers

Our goal now is to prove Theorem 16. As in restricted invertibility, build up S and the constants s; it-
eratively. The argument will inductive, except now, we will employ both a “lower” barrier as well as an
“upper” barrier. We need both because now, we are trying to guarantee both a lower bound as well as an
upper bound on the eigenvalues of } ;ss;v;v;'. One can visualize the lower barrier as repelling all of the
eigenvalues of ) ;¢ s;v;v,) upwards (which naturally happens as we make more rank-one updates), while
the upper barrier keeps the top eigenvalue of }_ ;.5 s;v;v;' close the smallest eigenvalue.

For a symmetric matrix A € R™" with eigenvalues A; <--- < 1,, and “barrier” values ¢,u € R (with € < u),
we define the lower barrier w.r.t. £ of A by

Dp(A) E tr[(A - 1) ZA

and the upper barrier w.r.t. u of A by

n

O(A) % tr(ul - A) 1] =

M—/\i

Let’s first analyze each barrier separately. We prove the following two lemmas on their movement.

Lemma 10 (Shifting Upper Barrier; Lemma 3.3 from [27]). Let A € R™" be symmetric and let v € R" be any
vector. Let uglg > 0 satisfy Apax(A) < Uold, and Upew = Uglg + Oy, for some 6, > 0. Let s > 0. If

def VT(”newI _A)_2

e T a1
Ualv) = Droa (A) — D (A) + 0 (tpen ] —A) v <

1
s

then
Pinew(A +svvT) <DH(A) and Amax(A+5v07T) < Upew

Proof. First, we apply the Sherman-Morrison Formula (Lemma 7) to express the potential of the updated
matrix w.r.t. the new barrier in terms of the potential of the old matrix w.r.t. the old and new barrier values.

S(”newl _A)ilvv-r(”newl _A)71
1—svT (tpewl —A)71
., str[(unewl—A)‘lva(uneWI—A)‘l]
= tr[(unewl —-A) ]+ —
1—=svT (Upewl —A)
vT(unewI _A)_z
(1/5) - vT(unewI _A)71

-1
Otnew(A +svvT) =tr [(Mnewl -A- sva) ] =tr [(”newl —A)

= Plnew (A) +

vT(unewI - A)72

= A (@A) = P A T (e — AT T
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Note since 1/s > Up(v) > v (tipew] — A)"'v by assumption, the denominator of the last term is finite. Thus,
to prove that @new(A +svvT) < D¥(A), it suffices to prove

vT(unewI _A)izv

(@A) = e A D T e T A s S

Rearranging, this is precisely Us(v) < 1/s, which is what we assumed. This gives the first guarantee.

For the second guarantee, observe that ®@"new(A+svv ) is finite for every s > 0. Now, if A, (A+svvT) > e,
then there exists some 0 < § < s such that A, (A+35vvT) = Upen, which would lead to @¥rew(A + SvvT), a
contradiction. Thus, we have A (A + 500 7) < tipey as well. O

Lemma 11 (Shifting Lower Barrier; Lemma 3.4 from [27]). Let A € R™" be symmetric and let v € R" be any
vector. Let €41q > 0 satisfy Apin(A) > €o1q, O¢ > 0 satisfy Op(A) < 1/, and Lpey = Co1g + O¢- Let s> 0. If

def VT (A—Cpewl) v
Dy (A) =Dy

new old

_ 1
@) VT (A=l ]) v > $>0

La(v)

then

@y

new

(A+svvT) <Dy (A) and Amin(A+5v07) > Crew

Proof. Observe that since A, (A) > £y1q, all eigenvalues of A are strictly larger than £,4. Hence, m >0

for all 1 <i <n. Combining this with @, (A) =Y, /\,_lg — < 1/6; shows that m < 1/8¢. Rearrang-
ing shows A0 (A) > €o1g + 0¢ = Crew- Hence, for every s > 0, Anin(A+svvT) > Anin(A) > €hew- The intuition
here is that @, ,(A) being bounded implies the eigenvalues of A are a “safe” distance away from (4, the

previous barrier value. This proves the second guarantee.

As above, for the first guarantee, we begin by applying the Sherman-Morrison Formula (Lemma 7) to
express the potential of the updated matrix w.r.t. the new barrier in terms of the potential of the old matrix
w.r.t. the old and new barrier values.

S(A = Lpew]) TV T(A =Ly )7}
1+svT(A—LCpewl) v
St[(A = Cnew) V0T (A= lre D) ]
1+svT(A—Cpewl) v
O, (A)- V(A ~Lpew]) 2
new (1/5) + vT(A = lpew]) v

=Dy, (A) + (P, (A) — P, (A)) -

Dy

new

(A+svv)=tr [(A +svvT — €newl)_l] =tr [(A — Ll ) -

=tr [(A - gnewl)_l] -

V(A = lpew]) v
(1/5) + vT(A = e ) v

Thus, to prove @y (A+svvT) <Dy (A), it suffices to show

V(A= Llpen]) 20

(®€new (A) - q)gc’ld (A)) - (1/5) + 'UT(A - gnewl)ilv B

Rearranging, we have L4(v) > 1/s, which is what we assumed. O

Now, we are almost ready for movement of both barriers. Before we dive in, we need one final technical
lemma.

Lemma 12 (Claim 3.6 from [27]). Suppose Ayin(A) > Co1a, 0 < @y (A) < €¢ and a’ig —€p=0. Then

" -2
i:l(/\i _gnew) 1
-®p (A)2 —-Dg
O¢ Yim (A = lnew) 1A = Co1a) ™! new o oM

A)
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. 1 . 1 n 1 _
Proof. Observe that since 5 €z 0, 6¢ < 1/€4. Furthermore, since T Tag < Li=1 T=lg = Oy 4 (A) <€,

we have A,in(A) —€oq > 1/€,. Putting these together, we see that Ain(A) —€o1d > 0r = Amin(A) > Chew-
Thus, every term of ) 7" ;(A; — Loew) ! is strictly positive.

Now, rearranging the desired result gives

n

Z(AZ _gnew)_z 2 (~i +CD€ (A) _q)f 1d(A))
/ bg new o

n

68 (/\i _gnew)_l(/\i _gold)_l]
i=1

- (5% #6r) (= bre) (1 —€old)1][5f 3 (A~ ) (A —eoldﬂ]

i=1

n n 2
=) (A=) (M= La) ' + [6«; Y (A= lnew) (A —&ﬂdrl]

Moving the first term of the right-hand side to the left-hand side, we equivalently have

n

2
65 Z(Az _gnew)71 (/\l _gold)l]

i=1

6(’ Z new /\ €01d) t>

Thus, it suffices to prove this identity. Now, let x,y € R" be the vectors with entries x; = (A; — Cy4)" % and
yi = (A —loew) (A — o) V2 respectively. Then, the right hand side becomes 6§|<x,y)|2. Applying the
Cauchy-Schwarz Inequality and the fact that 5% —€r>0 = 1> 0p€p, we have

n n
- 2 - _ _ —
o7l ) < o7 lxl3 Iy =ae(X<Ai—€om> 1][6{(»—%@ 2(A; = o1a) 1]
i=1 i=1

= 5,0,

old

(4)

n
8¢ ) (Ai=lnew) (A —eoldw]

i=1

< (0¢€r) [5€ Z(/\i —lnew) 2 (Ai = Co1a) " ]

i=1

< 55 Z new A gold)

This is the desired bound and the lemma is proved. O
Lemma 13 (Shifting Both Barriers; Lemma 3.5 from [27]). Let A € R™" be symmetric. Let uqq,€o1q > 0 satisfy
Amax(A) < uolg and Apin(A) > Co1a- Let €,,€¢,0,,0¢ > 0 satisfy Dld(A) < e, Dy ,(A) < €, and

0< L +€, < l —€y
Oy O
Set Unew = Uold + Oy and Cpew = Co1g + O¢. Then, there exists an 1 <i < m and a s > 0 such that
1. Ua(v;) £ 1/s < Ly(v;)
Amax(A+5v;0) < thpeyy

/\min (A + SviVjT) > gnew

Qnew (A +sv;v]) <€,

SO

D (A+sviv])<e
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where U (v), La(v) are defined as in Lemma 10 and Lemma 11.

Proof. We will first show that } /" | Ls(v;) > Y2, Ua(v;). First, we write out the right-hand side and apply
Corollary 2 with the fact that Y/, v;v;" = 1.

m m
Y v (Upew] —A)”
Z UA(vi) - &)’ioldl (A)neVZI) “new + Zvl—r tnewl 1vi

_ tr [(”newl _A)72]
~ Dtold (A) — Dlinew (A)
= s Z?:1<u11elw — i) ——+ Dlnew (A)
Zi:1 ((”old - /\i) - (”new - /\i) )
— Z?:](unew _/\i)2
6u Z?:l (uold - /\i)_1 (“new - /\i)_1
Since Upey > Uglg, we have the denominator of the first term is larger than the numerator of the first term.
Hence, we can upper bound the above as

+Dlnew(A)

1 1 1
— + D (A) < — + DI (A) < — +
5 PI(A) S R (A) < 5t

Now, we write out ) " | L(v;). Using almost exactly the same manipulations, we have

. v (A=lhew )P0 _
E La(v;) = =17 —E T(A=Loew]) v,
4 A(Vt) ch (A)—q)g A) v; ( gnew ) Vi

new old ( i=1

tr[(A=lhe D)2
- cI)‘enew (A) _cpgold (A)
(3. — -2
— - 1:1(/\1 1€new) - _(Dgn (A)
Zi:l ((/\1 _gnew)_ - (/\i _gold)_ ) v
n o -2
— - 1:1(/\1 gnlew) - —®€n W(A)
0¢ Y i1 (Ai = Cnew) ™ (A = Co1a)™ ¢

Note, we cannot use a similar argument as when we proved an upper bound on ) *, Us(v;) to prove a
lower bound for ) ", L4(v;), since now, both the lower barrier as well as the elgenvalues of A have shifted
upwards. The denominator of the first term above, after removing 0, is still larger than the numerator, so
we cannot lower bound the above expression by bLg — Dy, (A). Fortunately, by Lemma 12, we can still lower

bound it by

—tr [(A - gnewl)il]

1

1
— -, A)>——
5 o )_Oz €¢

Thus, we have the following desired chain of inequalities:

iUA(”'Kai _——€€<ZLA

i=1

This shows that there exists 1 < i < m such that Uy(v;) < Ls(v;), since otherwise, we’d have Y ", Ux(v;) >
Y "1 La(vi), a contradiction. Since La(v;) > Ux(v;) > 0, we also have that there exists s > 0 such that
Ua(v;) £ 1/s < La(v;) (for example, one can use continuity of 1/x with the Intermediate Value Theorem).
Furthermore, for this choice of 1 <i < m and s> 0, we have:

L. Amax(A +57;0) < Upeyy and DMnew(A + sv;0,7) < OHld(A) < €, by Lemma 10, since Ux(v;) < 1/s and
/\max(A) < Upld
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2. Amin(A+ sviviT) > lhew and @ (A + sv,-viT) < @y, ,(A) < e, by Lemma 11, since La(v;) > 1/s and
/\min(A) > éold

This completes the proof. O

With the ability to shift both barriers and reason about the resulting potential function values, eigen-
values, and barrier values, we are ready to prove the main theorem.

Proof of Theorem 16. We will inductively build a sequence of matrices A") given by Yics, s;v;v;, where S; is
the state of S after round t; we will also keep track of upper and lower barrier values u;,{;. Specifically, we
will prove that for each of 0 <t < dn steps:

/\max(A(t)) < Uy

We still need to choose our step size constants 9,,0, > 0, our potential upper bounds €,,e, > 0 and our
initial barrier values u, {; so that the requirements of Lemma 13 are satisfied. For this, we will take

Vd +1 1 Vd -1 -n

n
o¢=1 = € =— €,=—— ly=— Uy = —
C VA1 Vi " deNd e ey
It is easy to check that
1+e—1—e
P

Initially, we have A (A?Y) = 0 < 1y, Amin(A?) = 0> ¢, and

O (A0 = tr[ upl) 1] = tr[I] =€,

tr[I

P, (A) = tr[ (=Ll [ = =
—t0

=€

If we assume (1), (2), (3), and (4) all hold up to some ¢ > 0, then by Lemma 13, there exists some 1 <i <m
and s; > 0 such that A*D = AU 4 5,0;97 satisfy (1), (2), (3), and (4). This completes the induction.

Since we run at most dn iterations of this process, we obtain a set S C [m] of size at most dn. It remains to
reason about the eigenvalues of Aldn) — Y ics siviv; . For this, using (1) and (2), we have

d+1-2Vd =y +dnd, =y, < Amin(A(d”)) < A (AT < uyy = ug +dnd, =d +1+2Vd

and so
(d+1_zx/3)-lszsivivj <(d+1+2Vd)-I
i€S
Dividing by d + 1 — 2Vd and replacing each nonzero s; with s;/(d + 1 — 2Vd) proves the theorem. O

5.5 An Algorithm

Just as in restricted invertibility, the barrier argument naturally lends itself to an algorithm for construct-
ing spectral sparsifiers. The algorithm has the advantage of being fully deterministic, and also improves
upon the sparsity of the subgraph produced. The only down-side is that it is slow, taking O(dn3m)-time to
compute a (d + 1+ 2Vd)/(d + 1 — 2Vd)-spectral sparsifier. To produce a (1 + €)-spectral sparsifier, one needs
to set d ~ 1/€2. Hence, this algorithm requires O(n®m/e?) time to compute a (1 + €)-spectral sparsifier.
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Algorithm 2

Input: weighted graph G=(V,E,w);d >1
Output: a (d +1+2Vd)/(d + 1 -2Vd)-spectral sparsifier H = (V, E,w) with E C E
1 setdp=1,08,=(Vd+1)/(Nd-1), e, =1/Vd, e, = (Nd = 1)/(d + Vd), {y = —n/e; and ug = n/e,

2: initialize A =0
3: initialize sparsifier H with vertex set V, E=0, w(e)=0foralleeE
4: compute Be R"™", W ¢ R"™" and Lg = BTWB from G
5. compute eigendecomposition of L; and then compute (LE)I/2
6: compute V = (LE)I/ZBTWI/z; let vy,...,v,, be the columns of V
7: forround t =0,...,dn—1 do
8: set 1 =up+0,, {1 =€+ O
9. compute (u,] = A), (A=GI)7, (I = A) (A= Cn )7 (g I = A)72, (A= € 1) 72
10: take traces to obtain ®@"+1(A), D" (A), Dy, (A), Py, (A)
11: fori=1,...,mdo
12: compute Uy (v;), La(v;)
13: if Uy(v;) < La(v;) then
14: choose s; > 0 such that Uy (v;) < 1/s; < La(v;) (for example, one can take s; = 1/L4(v;))
15: update A — A +s;v;v]
16: E—EuUli)
17: set w(i) = w(i)s;
18: break out of inner for-loop
19: end if
20: end for
21: end for

22: downweight all weights @ by a multiplicative factor of 1/(d + 1 — 2Vd)
23: return H = (V,E, )
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6 Interlacing Families

Now, let’s return to interlacing polynomials. In the previous two sections, we mainly just needed the
Cauchy Interlacing Theorem so that we could reason about the eigenvalues of matrices after applying rank-
one perturbations. In the following applications, we’ll need these earlier results and more.

Suppose we have a “large” set of polynomials. It may be too restrictive to demand that this set has a
common interlacing. However, we still want to obtain the same guarantees as in Theorem 6, i.e. ensure
there is a polynomial in the set that has its maximum root upper bounded by the maximum root of the
average.

If we know that certain sets of sums of these polynomials have common interlacings, it turns out we can
still make this guarantee; the trick is to inductively apply Theorem 6 on the “layers” of sums of these
polynomials. The intuition is that each “layer” progressively reveals more and more information about the
largest root of the total sum. We formalize this as follows.

Definition 6 (Interlacing Families). Let Sy,...,S,, be finite sets. For each (sy,...,s,) € [1/Z; S;, associate a
real-rooted degree-n polynomial p,,  with positive leading coefficient. For every 1 < k < m and partial
assignment in the first k coordinates (sy,...,sx) € [ l;¢[x) Si, define

Psiynsi = E Psi,..sim
(Skt 155 )ESkr1 XX Spy

For k =0, define

Po = Z Psirers

(51,...,5,,, )GSl X XSy

The polynomials {p;,, s, } form an interlacing family if for all k = 0,...,m -1 and all (sy,..., s¢) € [ 1;e[) Si
the polynomials {p;, _  t}tes,,, have a common interlacing.

Here, “layer k” is {ps,, s }. By increasing k incrementally and fixing more and more elements in the
partial assignment (sq,...,5;), we get closer and closer to a/the desired polynomial in the original family
{Ps,....s,,}- With this in mind, we see the definition lends itself naturally to using induction.

Theorem 17. Let Sy,...,S,, be finite sets and let {pslv--lsm}(Sl’mrsm)e]_[ie[m] s; be an interlacing family of polynomials.

Then, for every k € [m], there exists (s1,...,5¢) € [Ticix) Si such that the largest root of ps, s, is upper bounded by
the largest root of py.

Proof. For the induction basis, observe that

Po= Z Psipsy = Z Z Psirsyy = Zpt

(81,0051 )EST XX Sy S1€S1 (52,0sSi)ESo XX S teS;

Since {p;};es, have a common interlacing, there exists s; such that the largest root of p;, is at most the largest
root of pg by Theorem 6.

Now, assume that there exists (sy,...,sx) € Sy X --+ x S such that the largest root of p;  is at most the
largest root of py, for some k > 1. The following is a similar observation to the one made in the base case.

Psipse = E Dsiysyy = E § Psipessy = § Psq,esiot

(Ska17wesSm)ESk41 XX Sy Sk+1€Sk+1 (Sk427e0sSm)ES k42X XSy €541

Since {ps, . s, t}tes,,, has a common interlacing, there exists si,; such that the largest root of p,, ,  is
at most the largest root of p; by Lemma 4, which is at most the largest root of py by the inductive
hypothesis. O

26



As a special case, we have the following corollary, which extends the applicability of interlacing.

Corollary 6. For an interlacing family P = {ps, s (s
of p is at most the largest root of pp = }_ep 4.

ersi) el Ticpm Si7 there exists p € P such that the largest root

The real power of interlacing comes when we incorporate a probabilistic perspective.

Corollary 7. Let Dy, ..., D,, be independent probability distributions with D; supported on S;, for all 1 <i < m.
Let P ={ps,, s, } be an interlacing family. Then, there exists (sy,...,S,,) € Sy X+ X Sy, such that

..... m

where Dy x --- x Dy, is the product distribution on Sy X ---x S,,.

Proof. Let p; ;. =Py p.[s = s;] be the probability of seeing s; under D;. Since the Dy,...,D,, are independent,

m
]P5~D1><---><Dm [s=(51--r8m)] = I_[pi,si
i=1

Now, since for any nonzero scalar ¢ € R and univariate polynomial p € R[x], the roots of c¢- p are precisely
the roots of p. In particular,

m m
maxroot(py, ., ) = maxroot [(]_[Pi,si ]psl,...,sm] < maxroot Z [ Pis; ]Ps],...,s;,]
S1€51,-SmESm 1

-1 ) ) \ges i

The interlacing families proof technique generally follows the following structure:
1. show that the collection of polynomials of interest forms an interlacing family
2. prove a bound on the maximum root of their average (over some probability distribution of interest)

In view of Corollary 7, one can see that this proof technique has the flavor of a probabilistic method. Recall
that if f is a function (random variable) from a probability space () = (X, p) to, say, R, then P,_,[f(x) < b]
shows that there exists x € X with f(x) < b. One can view that the given distributions Dy,...,D,, form a
probability space over X = {p, ¢ }, and f is the maxroot function.

,,,,,

6.1 An Algorithmic Perspective

One can visualize this process with a tree, with “layer k” i.e. {p;,

1
jreee

s} is represented in the kth level of the

.....

tree. If S; has values {s ,sfi} for all i € [m], then
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Po

psl Ve P o

1 51

Psl sl Pa b ¢ o ¢
51,52 51,5, psll,sé p511,522

1 1 e 1 Cm
psl ;;;;; Sm psl ,,,, Sm P o 1 e P o O
1 m S1 seesSm

The Theorem simply allows us to find a path p® = py, p1),...,p(" = Ds,,...s,, from the root pp to some leaf

,,,,,

polynomial p;,  in our interlacing family such that the largest root of p(i) is at most the largest root of

rrrrrr

This visualization also suggests an algorithm, namely, “walk down the tree” starting at the root, moving to
a child with smaller maximum root, and terminating when a leaf node is hit.

Algorithm 3 Interlacing-Families-Algorithm-Outline

.....

1: compute (maximum root of) py
2. fori=1,...,mdo

g.
3: fors:sil,...,si'do

4: compute (maximum root of) ps, . |

5: if maxroot(ps,, s ,s) < maxroot(py, ,)then
6: Set P ,.si € Psysiiy,s

7: end if

8: end for

9: end for

10: return pg,

..... S

The challenge here is efficiency. In general, one needs:
1. polynomial depth of the interlacing family tree
2. polynomially many children for each node in the interlacing family tree
3. to be able to compute (the maximum root of) py efficiently

,,,,,

For many interlacing families of interest (including all considered in this survey, with a single exception),
we do not expect to be able to run this “natural” algorithm in polynomial time. Just computing py can be
#P-Hard, as we will see.
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7 Stability

To prove that a family of polynomials {p, , } is an interlacing family, one needs to prove the existence of
a common interlacing for {ps g i}ies,,, for all k and all (sy,...,s¢) € Sy x -+ x Sg. This is where Theorem 7
will be particularly useful. To prove that existence of a common interlacing for {p;, s, t}ies,,,, it suffices to
show that all convex combinations

Z /\tpsl ,,,,, Skt

tE€5k11

are real-rooted. For this, we can then employ the power of real stability, a generalization of real-rootedness;
real stable polynomials are very well-studied.

Let H = {z e C:Im(z) > 0}.

Definition 7. A nonzero polynomial p € Cl[zy,...,z,] is stable if z€ H" = p(z) = 0. A stable polynomial
is real stable if it has real coefficients.

Observe that real stability is indeed a generalization of real-rootedness. Indeed, if p is a real univariate
polynomial, then, since complex roots come in conjugate pairs, p is real-rooted if and only if p is real stable.
Now, let’s see an equivalent characterization of (real) stability that, while we will not use directly, can be
useful for intuition.

Lemma 14. A polynomial p(z) is stable if and only if the univariate restriction p(te +x) is stable for all e €
RZ,,x € R".

Proof. Suppose p is stable. Suppose for contradiction that there exists e € R ,x € R" such that p(te +x) is

not stable; choose t; € H such that p(tpe + x) = 0. Then, since e € Rj,x € R" and Imt, > 0, all entries of
tpe + x have positive imaginary part, i.e. te + x € H", contradicting p being stable.

Now suppose p is not stable. Choose zy € H" such that p(zg) # 0. Decompose z, into tyey + xg, where
xg = Rezg = (Re(zg)1,...,Re(zp),) € R?, e = Imzy = (Im(zp)y,...,Im(zg),) and ty = i. Since z; is a root of p,

to =i is a root of p(te +x). Since t; € Hj, there exists e € R ,x € R” such that p(te +x) is not stable. O
Corollary 8. A polynomial p(z) is real stable if and only if the univariate restriction p(te +x) is real-rooted for
alle e RZ,x e R".

Proof. Observe that p has real coefficients if and only if p(te +x) has real coefficients for all e € RZ,x € R"

(one direction is obvious; the other direction follows from if c[J;cg z;ii is some monomial in p with c ¢ R
and S C [n], then c[[;cq(te; + z;)% is a monomial in p(te + x) so that for e = 15 + elp)s,x = 0, we get
p(te +x) = c[liescpn(tei + z;)% + es(t), which has a nonreal coefficient of ~ ¢ for sufficiently small € > 0).
Hence, p is real stable if and only if p(te +x) is real stable for all e € RZ,,x € R" if and only if p(te +x) is
real-rooted for all e e RY ), x € R". O

The main reason stability is such a nice property for polynomials to have is that there is a large class of
useful operators under which this property is preserved.

Theorem 18 (Stability-Preserving Operators). Let p € C|zy,...,z,] be a stable polynomial. Then the following
are also all stable.

1. p-q, where meNand q € C[zy,...,z,] is also stable (Closure Under Products)
2. p(2z5(1)s--+r20(n)) for any permutation o : [n] — [n] (Coordinate Permutation)
3. p(...,az;,...) for any a > 0 and i € [n] (Positive Coordinate Scaling)

4. p(....zjp..2;,...) €Cl..., 2., 2;,... | (Diagonalization: restricting some z; to be equal to some other
z; forany i,j € [n])
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5. zfp(...,—l/z,-,...) where d = deg;(p) is the degree of z; in p viewing other variables as constants, for any

€ [n] (Coordinate Inversion)
6. p(...,a,...) forany ac H=HUR and i € [n] (Specialization: fixing a coordinate)
7. d,.p, for any 1 < i < n (Differentiation)
8 (1-0d,)p, forany 1 <i<n

7.1 Examples

The closure properties of stable polynomials given in Theorem 18 already give us many tools. Let’s start
with an example of how to prove a univariate polynomial is real-rooted (recall, this was the original mo-
tivation for bringing in this theory). The idea is to start with a (usually multivariate) polynomial that we
already know to be real stable, and apply a sequence of stability-preserving operators that also reduce this
polynomial to the original polynomial of interest.

Example 2. Claim: For any k € [n] and any Ay,..., A, € R, the polynomial p(t) = ZSE([Z])niES(l +tA;) is

real-rooted.

Proof. Consider the following bivariate polynomial.

n

P =] |w+-2 Zzﬂ” Y ] Je-
(

i=1 0 [n]) i€S
j= Se ].)

p(v,t) clearly has real coefficients and is stable, for if (y,t) € H?, then Im(y + t — A;) > 0 (since J; is real and
Im(p),Im(t) > 0) for all i € [n], which shows p(y,t) # 0. Differentiating n — k times with respect to y, we
obtain

an k k
0= | 2 [e-w

]:0 Se([”]) ieS
Specializing to y = 0, the j = k term in the sum is left behind
on-k
[pr)] ==k )] Je-m
y=0 se(ll) ies
By Theorem 18, we’ve only applied operators that preserve real stability, so g(t) = ZSe([”]) [Ties(t—A;) is real
k

stable; since it is a polynomial in a single variable, it is real-rooted. Finally, p(t) = (~t)*q(~1/t) proves p is
real-rooted. 0

The following is an important example. It is a large class of polynomials that are real stable.

Theorem 19 (Proposition 2.4 from [24]). Let Ay,...,A,, be Hermitian positive semidefinite matrices. Then the
polynomial

m
t ZziAl
i=1

is real stable.

Finally, in the special case of two variables, it turns out we can completely characterize all real stable
polynomials.

Theorem 20 (Corollary 6.7 from [29]). Let p(z1,2;) be a real stable polynomial of degree d. Then, there exist
positive semidefinite matrices A,B € R4, with A + B positive definite, and a symmetric matrix C € R¥*? such
that either p(z1,2z;) = det(zyA+2z,B + C) or p(z1,2,) = —det(z;A + 2B+ C).
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8 The Kadison-Singer Problem

Problem 3. Does every pure state on the (abelian) von Neumann algebra D of bounded diagonal operators on €,
have a unique extension to a pure state on B({,), the von Neumann algebra of all bounded operators on €,?

Setting up the technical machinery required to understand what exactly the problem statement is is far
beyond the scope of this survey. Fortunately, through a series of many works between 1959, the time the
problem was first posed by Kadison-Singer [1], and the early 2000s, it was shown that a positive answer
to the problem is equivalent to several other conjectures. We focus on a particular equivalent conjecture,
stated by Weaver in 2004 [17], and resolve it.

Conjecture 1 (KS,; [17]). There exist universal constants a > 2 and p > 0 such that if both
1. wy,...,w,, € C? satisfy ||w;|| < 1 for all i
2.y [(u, w;)|?> = & for every unit vector u € cH

then there exists a partition Sy, S, of [m] such that

Y Kuwpl? <a-p

iGS]'
for every unit vector u € C%, for every j € {1,2}.

The main technical theorem is a purely probabilistic result that we will use the method of interlacing
polynomials to prove.

Theorem 21 (Theorem 1.4 from [35]). Let € > 0 and D;,..., D,, be independent distributions each supported on
finitely many vectors in C4. Let vy ~Dy,..., vy ~ D,, be random vectors drawn independently such that

Y Efvivj]=1
i=1
and E[||vi||*] < € for all 1 <i < m. Then

P

m
§ *
i=1

This theorem implies a kind of generalization of KS,, where instead of considering a partition of size 2,
we consider a partition of size r > 1.

s(1+\/E)zl>0

Corollary 9. Let r € N and uy,...,u, € ct satisfy Y L uju; = I and l|ujl|> < o forall 1 <i < m. Then, there
exists a partition Sy,...,S, of m such that

Zuiu;* < (% + \/3)2

IES]'

orall1<j<r.
f j

Proof. For every i € [m]and k € [r], define w; ; = 0&---®u;®---®0 € C™, where u; appears in the kth position
in the direct sum; w; will have r(k — 1) zero entries, followed by the entries of u;, and then followed by
zeros. For intuition,

” 0 0 0

0 Uj ; ;

wi,l = . wi,2 = . e wl‘yr_l = . wi,? = 0
. . u;

0 0 0 U;

1

31



Let D; be a uniform distribution supported on {‘/;wi,k}zrczp forall1 <i<m;letv; ~D;forall 1 <i<mbe
independent. Then,

wiu; 0 ... 0
. 0 wur ... 0
EDi [’ViV Z (\/_wl k \/_wz k sz kw . ' (C(rd)x(rd)
k=1 :
0 0 u;u;

. . . 2
so that by the assumption that Y/, u;u; = I, we have ) I | Ep [v;v]] = I,4. Furthermore, lvill* = ||\/7qu =
rlluil|* < ro.

Setting € = r9, Theorem 21 shows there exists an assignment to the vy,...,v,, such that

m

) i

i=1

1+\/_)

Define Sy = {i € [m]: v; = w; x}. Then, for all k € [r],

* — *
uiui = wi,kwi’k

iESk iESk

ZZ \/_wzk \/_wzk) =%

k=11i€Sk

m

. %
Viv;

i=1

ZZw: i

=11ieSk

Weaver’s KS, conjecture now immediately follows as a special case.
Proof of KS; (Conjecture 1). Setr=2,6=1/18, « =18, p = 2 and u; = w;/+/a for all 1 <i < m. Then, since
Y Ku,w;)? = a for all unit vectors u € C4, Y1, (u, u;))? = u*(zl'-il uiu;)u =1 for all unit vectors u € C*

so Y i*, u;ju; = I. Furthermore, ||uz-||2 < ||w,-||2/oc = (‘3||wi||2 <o forall 1 <i<m. Corollary 9 then shows there
exists a partition Sy, S, of m such that

2
1 1
A2 — % I ox
Zl(u,ul)l =u Zului u< Z”l”i S(_\/E+_18)

IGS]' IGS]' IES]'

for every unit vector u € C% and every j € {1,2}. In particular,

Y K wP = a- Zl(uu)|2<18 (5 \/—)2=16=a—ﬂ

zeS

for every unit vector u € C? and every j € {1,2}, as desired. Thus KS, holds with constants a = 18 and
B=2. O

8.1 A Bound with High Probability

Before diving into the proof, let’s contrast Theorem 21 with a “with high probability” bound, which is a
direct application of matrix concentration bounds. Essentially, in Theorem 21, we are trading probability
guarantees for good upper bounds on the maximum norm: instead of getting a weaker upper bound, that
is dependent on the dimension, with high probability, we are getting a very strong dimension-independent
bound but with just nonzero probability.
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Theorem 22 (Matrix Chernoff; Theorem 1.1 from [31]). Consider a finite collection of independent Hermitian
positive semidefinite d x d matrix-valued random variables Xy,...,X,,. Suppose Ayax(Xg) < R with probability 1,

forall 1 < k < m. Define pmin = Amin (Z,’(":l E[Xk]) and pmax = Amax (Z;(”:l ]E[Xk]) Then for 6 €10,1],

m e_(g Hmin/R
P{/\mm ;Xk S(l_é)ﬂmin}Sd'[m}
and for 6 > 0,
m ) e(S Hmax/R
]P’{/\max ;Xk > (1+ O)ymax} <d- [m]

Proposition 1. Let vy,...,v,, € C? be random vectors independently drawn from distributions Dy,..., D, where
¢ = |supp(D;)| < co. Assume that EY {'viv} = I and E|lvi||*> < € for all i € [m]. Furthermore, assume that

llvill* < ce for all v; € D; and all 1 <i < m, for some constant ¢ > 0. Then

m

z *
‘l/,"l)l-

i=1

<O(elogd)

with high probability, that is, there exists a constant C > 0 such that

m
E v;v;
i=1

Proof. We wish to apply Matrix Chernoff. Let X; = v;v; be a random Hermitian positive semidefinite d x d

P

<Celogdl—>1 as d— oo

matrix. By assumption, A, (X;) < tr(X;) = |lvill* < ce with probability 1, for all 1 <i < m. Furthermore,

m
ZEviv;] = Amin(lg) = 1
1

m
ZEviv;‘] = Amin(la) = 1
1

Then, by the Matrix Chernoff bound (Theorem 22), for every 6 > 0,

m
E v;v;
i=1

Since ce is fixed, to prove the claim, it suffices to choose 9 such that

Hmin = Amin

Pmax = /\max

m

5

i=1

P >1+6|=P > (1+ ) fhmax

/\max

65 1/ce
<d |\———=
(5]

el d-ce
Troy =)

For this, 0 < O(elogd) suffices. O

It turns out, in order to obtain any kind of “with high probability” guarantees on the operator norm of
Y.it,v;ivi, one cannot avoid a logd dependence in the upper bound. Furthermore, one needs a bound on
the maximum norm of any vector in each distribution.

8.2 Interlacing Families and the Mixed Characteristic Polynomial

Let Dy,..., Dy, be the given independent distributions, and let v; y,...,v; ¢, be the vectors D; is supported on,
for all 1 < i < m. For convenience, we also view D; as a probability distribution over the indices [¢;]. Let
pi,j; be the probability of v; ;. (or j; € [¢;]) under D;. Our strategy is to:
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1. show the set of polynomials

m
va,jfvr,jf]<x>
1

i=
form an interlacing family

2. prove an upper bound on the maximum root of

We begin with step 1. By Theorem 7, it suffices to show that averages of the polynomials p; . (x) are
real-rooted. This is where we’ll employ the real stability results of the previous section. The main theorem
is as follows; step 1 is an immediate consequence.

Theorem 23 (Theorem 4.1 from [35]). Let Dy,...,D,, be independent distributions each supported on finitely
many vectors in C*. Set A; = E[v;v}]. Then, for every matrix M € Ccaxd,

Edet [M - ivivi*] = [[]ﬂ[(l - azi)]det [M + iziA,-
i=1

i=1 i=1

zy==2,,=0
In particular, setting M = xI, we have the following for the mixed characteristic polynomial.

m

iviv; (x)= [[I_[(l - 8Zi)]det[x1 + iziAi
i=1 i=1

def
/’l[Alr-'-iAm](x) = Ex

i=1

21 ==2, =0
First, we need a technical lemma.
Lemma 15. Let A € C"™" be arbitrary. If v e C" is a random vector, then
E,[det(A—vv")] = (1 - d;)det(A + tE,[vv"]) |s=0
Proof. First, assume A is invertible. By the Matrix Determinant Lemma (Lemma 6), we may write
E,[det(A —vv*)] = E,[det(A)(1 —v* A" v)] = det(A) — det(A)E, [v*A 1 v]
= det(A) - det(A)E, [tr(A vv")] = det(A) - det(A) tr (A" E, [vv"])
= [det (A + 1B, [vv°]) - det(A) tr (A" E, [vv])]
=(1-0;)det(A+tE,[vv"]) l;=o

t=0

where in the last step, we use Corollary 4.

Now, assume A isn’t invertible. Consider a sequence of invertible matrices {A;};?, such that Ay — A entry-
wise. Since E,[det(A — vv*)] and (1 — d;)det(A + tE,[vv*]) ;=g are continuous functions in A and

E,[det(Ay —vv*)] = (1 - d;)det (Ag + tE, [vv™]) ;=g
for every k > 1, we have

E,[det(A—vv™)] = klim E,[det(Ay —vv™)] = klim (1-0;)det(Ag + tE,[vv"]) li=9= (1 — d;) det (A + tE, [vv*]) |;=0

O
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Proof of Theorem 23. We will prove the claim by induction on 0 < k < m. When k = 0, there is nothing to
prove. Assume that for every matrix M,

Edet [M - iviv;] = [(ﬁ(l - azi)]det [M + iziAi
i=1

i=1 i=1

zy=--=2=0

for some 0 < k < m. We will prove equality for k + 1. Applying independence of the v;, we may break the
expectation on the left-hand side into

k
* *
By o1 ~Dss Bvy Dy .. v~Dy det [M - 2 Viv; — Vk+1vk+1]
i=1

By the induction hypothesis, the inner expectation is

k k
Eyp, ~Dps [[I_I(l - azi)]det [M + ) ZAg = V1 Vi ]l

i=1 =1 21:"':Zk:0

which, after we use linearity of expectation to move out the differential operators, gives
k k
[[H(l - azi )]Evk+1~pk+l det [M + szAk - vk+1v;+l ]l
i=1 i=1 z) ==z, =0
Finally, applying Lemma 15, this inner expectation reduces to

k
[[l_[u - 9@)](1 - 92k+1)det[M+

i=1

k
2k Ak + Zg1 Akt

i=1 z1=-=23,1=0

which proves the inductive step. O

Corollary 10. Let Dy,...,D,, be independent distributions each supported on finitely many vectors in C%. Set
A; =E, plvjv;]. Then the mixed characteristic polynomial

HAL ..., Ayl(x) =Ex

i=1

ivivfl (x)

is real-rooted.

Proof. Since Ay,..., A, I are all positive semidefinite, Theorem 19 shows

m
det [xl + ZziA,-
i=1

is real stable in x,zy,...,2,,. Theorem 23 shows that

F[AlvulAm](x) =

[ (1 _az,')
i=1

1

m
det (xl + Zz,-A,- l
i=1 zy=-=2,=0

ie. p[Ay,...,A,](x) is obtained from det (xI+Z?;1 ziAi) by applying a sequence of stability-preserving

operators (Theorem 18). Hence, p[Ay,...,A,,](x) is real stable; since it is univariate, it is real-rooted. O

Remark 3. Note that Corollary holds even when D; is supported on a single vector, for any 1 <i < m. In the
extreme case when D; is supported on a single vector v; for every 1 <i < m, we have that u[A,..., A, ](x) is
just the characteristic polynomial of ¥ ;" v;v, which we know is real-rooted since it } ;" | v;v is Hermitian
positive semidefinite.
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Corollary 11 (Theorem 4.5 from [35]). The set of polynomials pj i = form an interlacing family.

.....

Proof. Let ji,..., jx be a partial assignment. We must show that {p; ]-k,t(x)}ik:*l1 has a common interlacing.
By Theorem 7, it suffices to prove that the convex combination

43!

ZAtle ..... jk,t(x)
t=1

is real-rooted for every choice of A; > 0 satisfying Ztk” A; = 1. For this, let wy,; be a random vector that is
equal to vi, ; with probability A;. Then

k m

* * *
Zvi,jfvi,ji+wk+lwk+1+ Z viv; [ (%)

=1 i=k+2

(43!

t=1

Observe that the right-hand side is a multiple of a mixed characteristic polynomial. Hence, Corollary 10
shows it is real-rooted and we’re done. O

8.3 Multivariate Barriers

In this subsection, we prove a general upper bound on the largest root of the mixed characteristic polyno-
mial of positive semidefinite matrices Ay,...,A,, in the case when Z;’;l A; =1

Theorem 24 (Theorem 5.1 from [35]). Suppose Ay,...,A,, are Hermitian positive semidefinite matrices satisfy-
ing Y " A; =1 and tr(A;) < € for all 1 <i < m. Then maxroot(u[Ay,...,A,](x)) < (1 ++e)?

This will be useful for the main theorem we want to prove for Kadison-Singer, since A; = E[v;v]] so that
tr(A;) = tr(E[v;v}]) = E[tr(v;v})] = E[|[v;||*]. In particular, our assumption that E[||v;||*] < e directly trans-
lates to tr(A;) <e.

The idea here is similar the argument we used for building well-invertible submatrices and Ramanujan
sparsifiers. Theorem 23 shows us the mixed characteristic polynomial u[A,...,A,,](x) is the result of ap-

plying a sequence of differential and specialization operators to det (Z:’;l ziAi). In particular, we can think
of u[Ay,..., A, ](x) as being the result of a process that slowly moves the roots of det( i ziA,-) to the roots

of (]_[;’;1( 1- azi))det(zl 12i ,) We will devise multivariate barrier functions that will “guide” this pro-
cess. Specifically, we will use the barriers given by

i _ az,'p(z) _
%@—lm)—%bwm

For convenience, we say a vector y € R is above the roots of p € R[zy,...,z4] if p(y +t) > 0 for all t € R‘io;
the set of points that are above the roots of p is denoted by ABOVE(p). When p is a real-rooted univariate
polynomial, ABOVE(p) is precisely the set of real numbers larger than the largest root of p. To prove the
desired bound, it then suffices to prove that

m

ool

i=1

(1++e)?-1€ ABOVE

since then, (1 ++/€)? € ABOVE(u[A4,...,A,](x)) = (1 ++e€)? > maxroot(u[Ay,...,A,,](x))

We begin by showing a nice identity for the barrier in a special case that we will need later.
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Lemma 16. Suppose p(zy,...,2,) = det(zg’il ziA,-), where Ay,..., A, are Hermitian positive semidefinite matri-
ces. Then

m
ZZ,A,

@) (zl, = tr[
i=1

for every z = (z1,...,2,) € ABOVE(p).

Proof. For every z = (zy,...,2,) € ABOVE(p), by definition, p(zy,...,z,) > 0. In particular, ) 1", z;A; is in-
vertible for every z€ ABOVE(p). Thus, ) 1, z;A; is invertible for every z€ ABOVE(p). By Corollary 4,

-1

Aj

m

)

i=1

m

|| L=

=1

m

ZziAi

i=1

asz(zl,...,zm):det =p(z1,-er2m) - tr

Hence, substituting this into the definition of (DI]W we have the claim.

m
ZzlAl

i=1

Q)I],(zl,...,zm) =

p(zq,...,2m)

8ij(zl,..., [

O

Now, let’s turn to some nice properties of the barriers we’ve defined and their relation to the set
ABOVE(p). Specifically, they are nonincreasing and convex in every coordinate, holding other variables
fixed.

Lemma 17 (Lemma 5.7 from [35]). Suppose p is real stable and z € ABOVE(p). Then for all 1 <i,j < m and
02>0:

1. ®i(z+dej) < D} (2) (monotonicity)
2. (D;;(Z +0€j) < CD;;(z) +5- azjq),’;(z +0e;) (convexity)

Proof. We consider the two cases i = j and i # j separately. To avoid confusion between the variable argu-
ments of CD;,, p, etc. and z € ABOVE(p), we will use x = (x1,...,x,,) for the variable arguments.

Let’s start with the easier one: i = j. Let q,;(x;) = ]_Ile(xi — Ax), where Ay,..., A; are the roots of g, ;(x;),

the restriction of p to coordinate i while keeping all other coordinates fixed as constants; note 14,..., A, are
real by Theorem 18 since p is real stable. Then

q d
(Di( zz
P qzz z Z’

Differentiating, we have

49 1 4
Za— k;(xi—/\k)z =0

proving monotonicity. Convexity follows by differentiating once more (recall that a twice differentiable
univariate function is convex if and only if its second derivative is nonnegative).

2
|xz [Zax X, — /lk :Zm>0

k=1
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where in the last inequality, we use the fact that z€ ABOVE(p) = z; > Ag.

Now, let’s turn to the case when i # j. Similarly, define g, ;(x;,x;) to be the bivariate restriction of p to

the coordinates x;,x;, fixing all other coordinates as constants. Again, note that q,;; is real stable and

(zi,zj) € ABOVE(qy,; j). By Theorem 20, there are Hermitian positive semidefinite matrices B;, B; and a Her-

m1t1an matrix C such that either g, ;(x;, x;) = det(x; B; + x;Bj + C) or q,; j(x;, x;) = —det(x;B; +x;B; + C); since
9z,i,j 2] i iPj

q2,i,j(zi +t;,zj + ;) > 0 for every (t;, ;) € Rzo' Ga,i,j(xi, %) = det(sz +x;Bj+C).

For convenience, set M = z;B; + z;B; + C; note M is positive definite (in particular, invertible) since z €
ABOVE(p) and B; + B; is positive definite by Theorem 20. By Lemma 4 and the definition of M, we may

write q);;(z) =tr (M_lBi) = tr(IBl-M_l) and

CDi

o(z+6ej) =tr((M+6B;)™' B;) = tr(((I + 6B;M " )M) ™" B;)

=tr(M~'(I+5B;M™)"'B;) = tr((I+6B;M~")'B;M™")
For 6 > 0 sufficiently small, we can write out (I +6B;M~ 1)=1 as the following power series.
1-6B;M™" + 82 (BM )2 + ) (~8B;M")*
k=3
Hence,

q>;(z+5e]-):tr[[1 5B;M ™" +6%(B;M™! +Z ~5B;M™! ]BiMl]
k=3

=tr(IB;M~ ') + tr[[—cSBjM_l +0*(B;M ) + Z(—éBjM‘l)k ]BiM‘l]
k=3

=D, (2) + tr([—éBle +6%(B;M™)? + Z(—aBjM*l )k ]BiMl]

Writing out the definition of the partial derivative, we have

, D, (z+0ej) — Dy (2) o
i _ 1 P ] . k-1 as-1
aszDp(z) —%1_1)1(1) 5 = (151_r>r(1)tr -B; M1+ 5( B; M)+ E 6 (BiM~ ) B;M

To prove monotonicity, observe that 921,(1);7(2) = —tr(BjM’lB,-M’l) < 0 since Bj and M~'B;M™! are positive
semidefinite.

It remains to prove convexity in the direction ¢;. Following a similar computation, if we differentiate
again, we obtain

92 Dj(2) = tr((B;M~'B))(M ™' B;M™"))
which is nonnegative since BjM_lBj and M~'B;M~! are positive semidefinite (since they are conjugate to
M~! and B; respectively, which are both positive semidefinite). This proves convexity. O

Now, we derive update rules for our barriers that will allow us to reason about the evolution of the
maximum root.

Lemma 18 (Lemmas 5.9 and 5.10 from [35]). Suppose p is real stable and z € ABOVE(p).
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1. If ®)(z) <1, then z € ABOVE((1 - d,,)p).

2. If 6 > 0 satisfies @é(z) <1-671, then (I)(il_(9 )

oz +0e) < D (2) for all i.
Zj

Proof. 1. Let t € RYj. By Lemma 17 part 1, @, is nonincreasing in each coordinate. Since CD;;(z) <1, we
have (ID[’;(z+t) < @;(z) < 1. Writing out the definition of @/, we see this is equivalent to d,.p(z+t) <p(z+
t), which implies (1-d,)p(x+t) > 0, for all 1 <i < m. Since t € R{; was arbitrary, z € ABOVE((1-d;,)p).

2. For convenience, we will take d; to mean d,. Let’s first write CI)(il_8 » in terms of (131];, CD;; and 8]-CD;;.
%
Observe that
dip
p-djp —( —%)p =(1-Dp)p
Hence,
(1 -l ; . .
o _2tp=ap) 7 ((1-2)pp) _1-0))@p) P2 o)
(l_az~) - — . - i - - T = p— -
P PTgP a-dhp  (1-@p (1-D)p -]
_ q)i a]q)ll7
=0, - —F
1-®

where in the last step we use the fact that we can change the order of partial differentiation:

o 2P _ i di0jlogp(a) _ . 9dilogp(a) _ . 9P
’ ;! o =Y j
1-Dp 1-Dp 1-) 1 -]
Thus, q)(il-az]_ o2+ 0¢j) < P(2) is equivalent to

: < Pl (2) - D! (z+ Se;)
1—(Dl],(z+5ej) . . !

By Lemma 17 part 2 (convexity of (IJ;; in coordinate j, for all i, j), it suffices to show that the left-hand
side obeys the following tighter upper bound.

9;P! (z+ be;) .
—L I <500 (2 + be))
1-®)(z+ Se))
Again, since q),]; (z) is nonincreasing for every coordinate by Lemma 17 part 1, we have J; (D;; (z+0ej) < 0.
Thus, dividing by —ajd)l’;(z + 0¢j) from both sides, we have the equivalent inequality

1

— <9
1 —(D,],(z+6e]-)

This is immediately implied by the fact that CD;];(Z +0ej) < (DI],'(Z) <1-5t<1.
Proof of Theorem 21. Consider the polynomial

k m
(1 —azi)]det[ Z;A;
-1 i

i=1

pk(zlf--"zm) :[

1
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defined for all 0 < k < m; note py is real stable by Theorem 19 and Theorem 18 for all 0 < k < m, and

Pi+1 = (1 =3z, )pk for all 0 < k < m. For convenience, define the variables ¢ = Ve+e, ¢p=1- 1+1\/E <1,

and 6 = 1/(1 —¢) = 1 ++/e > 0; note 1 =5~ = ¢. Finally, for 0 < k < m, define xk =11+ Zle oe; to be the
vector with t + ¢ in the first k coordinates and ¢ in the remaining coordinates. We will prove by induction
on 0 < k < m that

1. x* € ABOVE(py)

2. q);;k(xk)S(j) forall1<i<m

It will then follow that with k = m, we have x" = (t + 6)1 = (1 + v€)?> -1 € ABOVE(p,,). Recalling that
by Theorem 23, p,, satisfies p,,(x,...,x) = p[Ay,...,A,,](x), this then proves the (1 + y/€)> upper bound on
maxroot(pu[Ay,..., A, ](x)).

Since Ay, ..., A,, are positive semidefinite and Y ', A; =1 = Y, x°(i)A; =ty A =t = p(x¥) =
det(tI) >0, x0e ABOVE(p). Furthermore, by Corollary 4,

T 1. c TN B )z, _1A'
PO (2 Zm) i=1 . 1
so that
Do N N . - =
Ppo (¥ )—tr((tl) ‘Az)_t tr(A;) < t e+\/5_¢

This verifies that the base case holds.

Suppose the claim holds for some k > 0. Since py is real stable, x* € ABOVE(py) and q);’,‘;l(xk) <P <1, we
have x* € ABOVE((1-d,,, )pk) = ABOVE(pj,1) by Lemma 18 part 1; since the coordinates of = xk e

are at least those of x¥, x**1 € ABOVE(py,). Furthermore, since & > 0 satisfies q)ll,f:l(xk) <p=1-6"1 we
have by Lemma 18 part 2 that

Q);;k“ (XkH) - CI)(il_92k+l )Pk (xk + 6ek+1) = q)ll;k (xk) < (lb

for all 1 <i <m. Thus, we also have CD;;k+1 (xk*1) < ¢. This completes the induction and proves the theorem.
O

With the results of this subsection and the previous subsection, we can now prove the main probabilistic
result that implies a positive answer to the Kadison-Singer problem.

Proof of Theorem 21. Let Dy, ..., D,, be the given independent distributions such that } ", Ep [v;v]] = I and
Ep, [Ilvil*] < €. Define A; = Ep,[vivi]. Then, by linearity of trace and expectation, for all 1 <i <m,

tr[A;] = trEp, [v;0]]] = Ep, [tr[v;9]]] = B, [vj;] = B [IuilP] < €

By Theorem 24, maxroot(u[Ay,...,A,,](x)) < (1 + v€)?. Now, Corollary 11 shows the set of polynomials
Pji....j., form an interlacing family so by Corollary 7, there exists an assignment jy, ..., j,, i.e. vectors vy ; €
Dy,...,Vm,j, € Dy, such that

m
maxroot[)( Zvi'jiv;]'ijl (x)] < maxroot (u[Ay,...,A,l(x) < (1+ Ve)?
i=1
that is,
m
Zvi,jiv;ji < (1 + \/E)z
i=1
as desired. 0
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8.4 Applications
8.4.1 Revisiting Restricted Invertibility

Recall that Restricted Invertibility (Theorem 10) guarantees the existence of a well-invertible column sub-
matrix Ag of A. One can ask if we can make stronger guarantees. For example, can we “split up” A into
several well-invertible submatrices? Under what conditions can this occur?

Problem 4 (Strong Bourgain-Tzafriri). There exists a universal constant ¢ > 0 such that for every B > 0, there
exists m € N such that for every linear operator T : R" — R" with ||Te;|| =1 for all 1 <i < n and ||T|| < B, then
there is a partition {S;}|" of [n] such that
ITwIl3 = elvllz
for every v € spanie; : i € S}, for every 1 < j <m.
Casazza-Vershynin proved that this is in fact equivalent to the Kadison-Singer problem.

Theorem 25 (Theorem 2.4 from [26]). The Kadison-Singer Problem has a positive solution if and only if the
Strong Bourgain-Tzafriri Problem has a positive solution.

Thus, the positive resolution to the Kadison-Singer Problem immediately implies a much stronger claim
over Theorem 10.

8.4.2 The Asymmetric Traveling Salesman Problem

Theorem 21 made the assumption that the Dy,...,D,, are independent. One can ask under what looser
assumptions on the relationship between the Dy,...,D,, gives similar results. One can indeed relax the
independence assumptions and for this, we need a couple definitions.

Definition 8. Let y be a probability distribution on the collection of subsets of [m]. Define the generating
polynomial of y in the variables xy,...,x,, by

ulxr o x) = ) p(8)-x°
Sc[m]

where x% = [];cs x° for every S c [m] (with x? = 1). yt is a homogeneous distribution if gy is a homogeneous
polynomial. y is a strongly Rayleigh distribution if g, is real stable.

Theorem 26 (Theorem 1.2 from [37]). Let p be a homogeneous strongly Rayleigh probability distribution on
[m] such that Ps_,[i € S] < ey forall 1 <i<m. Let vy,..., vy € R? be vectors satisfying

m
viv; =1

=1

1

and |[vi]|* < e, forall 1 <i <m. Then,

Zvivf <d(e;+€)+2(e1+€)*|>0

ieS

Ps.,

This result is actually incomparable to Theorem 21 but, just as Theorem 21, does imply a positive an-
swer to the Kadison-Singer Problem. The main benefit here is that it allows one to make similar existence
claims but when the objects (vectors) being analyzed are negatively dependent.

[37] proved this result and used it to show the existence of a thin basis in a set of vectors, and the exis-
tence of a spectrally thin tree in a graph. These results together with the results of [39] imply that the
Held-Karp linear program relaxation for the Asymmetric Traveling Salesman Problem is bounded asymp-
totically by a polynomial in loglog#n, where n is the number of vertices in the graph. We refer interested
readers to [37] and [39] for details.
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9 Building Bipartite Ramanujan Graphs I: Ramanujan Covers

The goal of this section is to present a construction of infinite families of simple d-regular bipartite Ra-
manujan graphs, for arbitrary d > 1. The idea is based on taking a simple d-regular bipartite Ramanujan
graph and “lifting” it to obtain a larger simple d-regular Ramanujan graph. This construction is primarily
existential; we do not know of a way to make the natural interlacing families algorithm efficient on the
interlacing family we will analyze here. Later, we’ll see a completely different construction that actually
has a polynomial time algorithm for construction.

9.1 Expansion
We begin with a definition.

Definition 9 (Edge Expansion). Let G = (V,E) be a d-regular graph. We define the edge expansionof S Cc V
by

where S = V' \'S and E(S,S) = {(u,v) € E: u € S,v € S} is the set of edges crossing the cut (S,S). The edge
expansion of G is defined to be ¢(G) = mingcy.si<vi2 ¢(S)

Note that in a d-regular graph, d -S| is the total number of edges incident to some vertex in S, while
|E(S,S)| is the total number of edges incident to some vertex in S and leaving S. Hence, ¢(S) in some sense
measures the connectivity of S to the rest of the graph, reweighted by its “importance”, namely its size.

The intuition here is as follows: we want to measure the connectivity of a graph. Of course, if this is
all we cared about, we could just use the complete graph, which has maximum connectivity (each vertex is
connected to as many other vertices as possible). However, we also want to be cost efficient (the complete
graph has Q(n?) edges). Hence, we need to trade some connectivity for sparsity.

How should this tradeoff be made? Well, if only a single vertex has very low connectivity with the rest
of the graph, then maybe we don’t care that much. Low connectivity only really becomes a problem when
removal of only a few edges disconnects are large portion (say, a constant fraction of the vertices) of the
graph from another large portion.

Example 3. Here is an example. Although the following graph is not d-regular, it illustrates why we
not only care about connectivity but also a quantity like expansion, where connectivity is weighted by
“importance” (quantified by the size of the vertex sets on each side of the cut).

Figure 1: This is a dumbbell graph consisting of two 5-cliques connected by a single edge.

The main problem with this graph is that removal of just a single edge, namely, the middle edge, dis-
connects the two halves, both with n/2 > Q(n) vertices, from each other. This would make a poor network
indeed!

Here is a simple result making the preceding intuition more rigorous.
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Lemma 19 (Lemma 1.2 from [32]). Let G = (V,E) be a d-regular graph. If any e-fraction of the edges of G are
removed, for some 0 < € < ¢(G), then G will still have a connected component that contains at least a (1 - %)—
fraction of the vertices.

With this intuition, it becomes clear that large edge expansion is desirable. Expanders are graphs “with

Q(1) expansion”, i.e. those for which every cut S has |E(S, S)| within a constant (times d) factor of |S| (so
that large sets subsets of vertices have many edges leaving it). More formally:

Definition 10 (Expanders). A sequence {G,, = (V,, E,,)},en of d,,-regular graphs with |V, | = n are a family of
expanders if there exists an absolute constant ¢ > 0 independent of n such that ¢(G,) > c forall ne N.

Now, let’s look at a key tool to approximating the edge expansion of a graph.

Theorem 27 (Cheeger’s Inequalities). Let py <--- < p,, be the eigenvalues of Lg, where G = (V,E) is a d-regular

graph. Then
H2 | 212

Translated into the eigenvalues Ay < --- < A, of the adjacency matrix Ag of G, we have

1 A [ 21,
—__“Z <« < _ <
2 2d~ (G)=4/2 d

Thus, to prove that G has large expansion, it suffices to show that A, is small w.r.t. d.

Note: When analyzing spectral properties of d-regular graphs, we generally do not care about the largest
eigenvalue, which is d (consider the vector 1; d-regularity of G shows that sum of each row is d so that
A1 =d1). This only tells us about d-regularity of G and nothing else. Similarly, if G is also bipartite, we
do not care about the smallest eigenvalue, since symmetry of the spectrum of Ag (Theorem 5) shows that
the smallest eigenvalue is —d; again, this only tells us d-regularity and bipartiteness, nothing else. We refer
to these eigenvalues as the “trivial” eigenvalues.

We conclude this section with the definition of Ramanujan graphs. We will see soon why these graphs
are considered “optimal” expanders.

Definition 11 (Ramanujan Graph). A d-regular graph G is Ramanujan if the largest nontrivial eigenvalue
in absolute value of its adjacency matrix (not +d) is upper bounded by 2vVd -1

Remark 4. One can actually define Ramanujan graphs much generally via the unverisal cover of G. We will
not discuss this notion in this survey.

9.2 Applications of Expanders
9.2.1 Rapid Random Walk Mixing

Definition 12 (Markov Chain). A Markov chain is a set of states QO with a transition (probability) func-
tion P: QO xQ — [0,1] with P(a,b) = Pla — b], i.e. the probability of “transitioning” from a to b. If Q is
finite, we often write P as a transition matrix. Furthermore, we often represent the chain as a weighted
directed graph G = (V =Q,E = Q xQ)), where each edge (a,b) € E has weight P(a, b).

Remark 5. Given a (possibly directed and/or nonnegatively weighted) graph G = (V,E), one can define
a Markov chain with () = V and transition probabilities given by P(a,b) = w,p/} oWy = Wy p/dy(a); if
(u,v) ¢ E), then P(u,v) = 0. More compactly, we can write the transition probabilities as P = D~ 1A, where
D = diag({dy (u)}uev)-

Definition 13 (Random Walk). Let (Q),P) be a Markov chain. A walk on () is a sequence of states {s;}}’
(we allow m = o0). A random walk on Q) with initial distribution Q is a random sequence {s;}}" (we allow
m = oo) such that s; ~ Q initially, and we generate s;, with probability P[s;, | s;] = P(s;,s;j11), for all i.
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Markov chains are very useful in approximation algorithms. For example, Markov Chain Monte Carlo
(MCMC) is used to sample from complex distributions that are intractable to learn exactly. An applica-
tion from statistical machine learning is approximate learning of probabilistic graphical models (Hidden
Markov Models, Bayesian networks, etc.). It has also found applications in web search and page rank, mod-
eling users’ website visits as a Markov chain. In physics, Markov chains are used to model thermodynamic
systems. Finally, in economics, Markov chains are used to model the evolution of stock prices.

A key property useful in modeling with Markov chains is that they converge to a “stationary distribu-
tion” on the vertices; this is usually the intractable distribution we are trying to sample from (by the design
of the chain). To generate samples, one then runs a random walk for some time on the Markov chain so that
it converges to an approximate stationary distribution. More specifically, at each time step t of the walk,
the probability that s, is at a certain vertex is given by (PT) 7.

Definition 14 (Stationary Distribution). A distribution 7 on the vertices of G = (V,E) is a stationary dis-
tribution if P77 = 1.

Theorem 28. For a Markov chain given as a weighted undirected graph G, if G is connected and not bipartite,
then G has a unique stationary distribution. Furthermore, lim,_,o(PT) 1ty = 7 for any initial distribution 1y on
V.

Remark 6. For general weighted graphs, the bipartiteness condition can be fixed by making the chain “lazy”;
we do this by adding “self-edges” (or “loops”) to each vertex to make G not bipartite. Furthermore, we make
the weight of the self-loop on vertex v equal to d,,(v). It turns out this preserves the stationary distribution
of the chain.

In order to efficiently generate these samples from an approximate stationary distribution, one needs to
show that the Markov chain “converges” quickly to the stationary distribution.

Definition 15 (Mixing Time). The mixing time of a Markov chain corresponding to a weighted graph
G, with stationary distribution 7, is the smallest time ¢ such that for any initial distribution 7y on V,
||(PT)t710 - 71”1 < 1/2e, where ||-||; is the total variation distance (i.e. £;-distance).

Thus, when one designs a Markov chain for a problem (such as learning a Bayesian network), one needs
that the chain not only converges to the correct stationary distribution, but also that it doesn’t take too long
to converge; only then will the chain be useful.

Now, here is the connection to expander graphs. For simplicity, we’ll work with d-regular unweighted
undirected graphs.

Theorem 29. Let G = (V,E) be a d-regular, unweightd, undirected graph. Then the mixing time of the lazy
Markov chain associated with G mixes in
(9( logn )

$(G)?

steps.

Recall that expanders are graphs for which ¢(G) is ((1). Hence, this result states that running a
lazy Markov chain on an expander will converge quickly (become 1/2e-close in total variation distance
in O(log n) steps) to the correct stationary distribution that we want.

9.2.2 Error-Correcting Codes

Suppose we would like to transmit a m-bit message over a (possibly insecure) channel. We want the bits
that the sender ends up sending to be “robust” to errors, where some bits may be flipped along the way,
in the sense that the receiver can still recover the original message being sent. Of course, if the sender just
sends his original m-bit message without modification, any error in the received message is unrecoverable.
Some redundancy/additional bits will be needed.

44



For example, one can send three copies of the same m-bit message concatenated to each other. The re-
ceiver can then take a majority vote over all three copies for each bit. If no pair of bits corresponding to
the same location in the message are corrupted, then the receiver will recover the message correctly. The
problem with this is that it is communication efficient (we need to transmit three times as many bits) with
weak guarantees.

First, let’s formalize a model. We will view {0, 1}" as the vector space F/', where addition and scalar multi-
plication are down element-wise modulo 2.

Definition 16 (Code). Fix m and consider the set of all possible m-bit messages {0,1}". Fix n > m. An
error-correcting code is an injective map C : {0, 1} — {0, 1}". Each n-bit string in the image of C is called a
codeword. A code is linear if every linear combination of codewords is a codeword, that is, there exists a
parity-check matrix M € {0, 1}"~"" such that y € im(C) if and only if My = 0. Note every linear code has
a matrix A € {0, 1}"""" such that C(x) = Ax.

The rate of a code C: {0,1}" — {0,1}" is equal to r(C) = m/n. The distance of a code C : {0,1}" — {0,1}" is
mincl,CQEim(C) ”Cl - C2||1’

Remark 7. Of course, we also want encoding and decoding to be done efficiently. This is why we will focus
on linear codes in this section.

Coding theory studies codes and the tradeoffs between the rate of the code, a measure of its bit effi-
ciency, and the distance of the code, a measure of its robustness to noise (the distance is the minimum
number of bit flips, i.e. errors, required to transform a codeword into another).

Somewhat surprisingly, expander graphs have found numerous applications here; they have been used
to design efficient and robust error-correcting codes. The idea was first introduced in [2] and is as follows.
We will construct a sparse bipartite graph G = (V = LUR, E) with n vertices on one side of the bipartition L,
and 1 — m vertices on the other side R. The parity-check matrix M € {0, 1}(*~"*" is then defined by M;;=1
if and only if vertex i € L and vertex j € R are connected by an edge (this is also known as the Tutte matrix
of G). It turns out that the rate and distance of the code associated with this parity-check matrix M is
intimately related to the expansion properties of the graph G. This construction also, for example, gives a
code with Q(1) rate and Q)(n) distance; note the stark contrast between the distance achieved here and the
naive “copy-the-message-several-times” approach, which achieved (1) rate but O(1) distance. For more
details, we refer the reader to [2], [13], and [20].

9.2.3 Additional Applications

Other applications of expander graphs include the theory of pseudorandomness and embeddings of finite-
point metric spaces into Euclidean space with small dimension. For more applications, see [20].

9.3 Prior Work on Ramanujan Graphs

The seminal work of Alon-Boppana showed that for any infinite sequence of simple undirected d-regular
graphs of size tending to infinity, the largest nontrivial eigenvalue in absolute value tends to at least 2vd — 1;

that is, asymptotically, the 2Vd — 1 bound is optimal. This is why Ramanujan graphs are particularly inter-
esting: they are in this sense, “optimal” expanders.

Theorem 30 (Alon-Boppana Bound; [4] and [8]). For a fixed d, if {X,} is a sequence of simple undirected

graphs with X,, having n vertices and maximum degree d, then liminf,_, |MX,)| > 2Vd -1, where A(G) =
max <j<p: ), (G)esd |Ai(G)| is the largest nontrivial eigenvalue in absolute value.

Simultaneously, we also believe that random d-regular graphs (in a model defined in the following
theorem) are Ramanujan with “reasonable” probability, for any d > 1. The first step towards this was the
work of Friedman, who showed that random d-regular (multi-)graphs are “almost” Ramanujan with high
probability.
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Theorem 31 (Theorem 1.1 from [16]). Fix € > 0 and an even positive integer d. Then there are a constants
¢, ¢’ > 0 such that for a random multigraph G, formed by choosing d/2 uniformly random permutations 1y,..., T4/
on [n] independently and taking the edge set to be {(i, 7t;(i)), (i,n]-_l(i))}ie[n]'je[d/z], we have

c

P[Vi>1,|1;(G)<£2Vd -1 >l -—
[ 1 | 1( )l +€] nr(\/ﬂ*l)/z]*l

and

CI

P[/\Z(G)>2Vd—1] > m

Empirical work calculations has also shown that Ramanujan graphs actually exist in great abundance.
Specifically, the work of Miller-Novikoff-Sabelli [25] empirically showed that the largest nontrivial positive
eigenvalue and the smallest nontrivial negative eigenvalue of a d-regular graph can be well-modeled by
a Tracy-Widom distribution. As a result, it is conjectured that if the mean and standard deviation of the
corresponding Tracy-Widom distribution grow asymptotically in a desirable way as the number of vertices
n grows, then:

1. approximately 52% of d-regular graphs from families of bipartite d-regular graphs should be be
Ramanujan

2. approximately 27% of d-regular graphs from families of nonbipartite d-regular graphs should be be
Ramanujan

Tracy-Widom distributions commonly seen in random matrix theory, specifically when one examines the
spectral distributions of random matrix ensembles such as the Gaussian Unitary Ensemble. Such distribu-
tions are beyond the scope of this survey and we will not discuss further their results here. We refer the
reader to [25].

Finally, there are has also been work on explicitly constructing infinite families of Ramanujan graphs for a
fixed degree. Prior works [5], [7], [11] were group and number theoretical constructions, and hence, only
worked for d-regular graphs of specific (but infinitely many) degrees d. However, they had the benefit of
being “explicit”, in the sense that:

1. they were Cayley graphs and can be described by a set of group generators

2. the graphs were efficiently constructable: one can query the set of neighbors of any vertex in polyno-
mial time

3. they did not rely on bipartiteness

Theorem 32 ([5]). Let p,q be unequal prime numbers congruent to 1 modulo 4. Then there exists a (p+1)-regular
(not necessarily) Ramanujan graph with n = q(q*> — 1) or n = q(q* — 1)/2 vertices. In particular, for every prime p
congruent to 1 modulo 4, there exists an infinite family of (p + 1)-regular Ramanujan graphs.

Theorem 33 (Informal; [11]). For every prime p and positive integer m, there exists an infinite family of (p™ +1)-
regular Ramanujan graph.

Again, we will not discuss these constructions.

9.4 2-Covers

As stated earlier, the argument is based on a “lifting” idea proposed by Bilu-Linial [19], who used it to give
a deterministic polynomial time algorithm to construct arbitrarily large expanders. These expanders pro-

duced have nontrivial eigenvalues bounded in absolute value by O(,/d log®d ) Specifically, we will show

that every d-regular Ramanujan graph can be “lifted” to a d-regular Ramanujan graph that has twice as
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many vertices; applying a sequence of lifts then enables us to build arbitrarily large d-regular Ramanujan
graphs starting with a small Ramanujan graph.

Let’s first formalize what a “lift” means. These are also known as “covers”. While “lift” has a nice in-
tuitive meaning for the process being described, “cover” is, in a sense, a more appropriate name, stemming
from “covering spaces” in topology. From now on, we will stick with “cover”.

Definition 17. Let G = (V,E) be a graph, with m = |E|, and s : E — {1} (or s € {1} more commonly), be
a signing of the edges of G. Then the 2-cover G, of G associated with s is the graph G; = (V,, E;) whose
vertices and edges can be labeled as V; = {uy,ug : u € V} and E; = {(ug,vy), (ug,vg) : (4,v) € E,s(u,v) =
13U {(ur,vRr), (ug,vr): (u,v) € E, s(u,v) = -1}.

@ @

@ @

Figure 2: These are the possible 2-covers of a graph with two vertices u,v and an edge connecting them.
The 2-cover on the left corresponds to the sign +1, while the 2-cover on the right corresponds to the sign
—1. This idea extends more generally: every edge (with endpoints) of a 2-cover G; of G corresponding to
the signing s € {1} is replaced with either a copy of the left (corresponding to +1 on that edge) or a copy
of the right (corresponding to —1 on that edge).

Lemma 20. If G =(V,E) is a bipartite graph, then so is G, for every 2-cover G, of G.
It was shown that the eigenvalues of a 2-cover can be related to the eigenvalues of the base graph.

Lemma 21 (Lemma 3.1 from [19]). Let G be a graph and A be its adjacency matrix, and A be the signed
adjacency matrix of A w.r.t. a signing s € {£1}" of the edges. Let G be the 2-cover of G associated with the signing
s and B be its adjacency matrix. Then every eigenvalue of A and every eigenvalue of A is an eigenvalue of B.
Furthermore, the multiplicity of each eigenvalue of B is the sum of its multiplicities in A and As.

We will refer to the eigenvalues of A; (with multiplicity) as the “new eigenvalues”, and the eigenvalues
(with multiplicity) of A as the “old eigenvalues”. The following conjecture formalizes the idea behind the
construction.

Conjecture 2 (Conjecture 3.1 from [19]). For every d-regular graph G, there exists a 2-cover G such that all
new eigenvalues, i.e. the eigenvalues of A;, where s is the signing associated with the 2-lift, are in the range

[-2Vd —1,2Vd -1].

We will present an affirmative resolution for the bipartite case using the technique of interlacing fami-
lies.

Theorem 34. Let G = (V,E) be a d-regular bipartite graph. Then there exists a signing s € {1} such that
the corresponding 2-cover Gy = (Vy, E) has all new eigenvalues bounded in the interval [-2Vd —1,2Vd - 1]. In
particular, if G is a d-regular bipartite Ramanujan graph, then so is Gs, for some signing s € {+1}".

9.5 Interlacing Families and the Matching Polynomial

Let G = (V,E), with |V| = n and |E| = m, be a d-regular graph. Our goal is to show that in the set of edge
signings {+1}™, there exists a signing s such that the eigenvalues of A, are bounded in [-2Vd - 1,2Vd - 1].
To do this, we will:
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1. show that {det(x] — A,)}sefs1)n forms an interlacing family

2. bound the maximum root of }_s¢(,1n det(x] — A;) by 2Vd -1

Note that these combined do not imply the desired result. This is because step 2 only upper bounds the
maximum root; it does not lower bound the minimum root. Both are required since we are bounding the
largest root in absolute value. This is where we crucially use the bipartiteness of G, since all 2-covers of a
bipartite graph are bipartite (Lemma 20), and the spectrum of a bipartite graph is symmetric about zero
(Theorem 5); an upper bound on the maximum nontrivial eigenvalue immediately gives a lower bound on
the minimum nontrivial eigenvalue.

We will do step 2 first. It turns out much of the work for this step had already been done. We will re-
late }_se(.1ym det(x] — As) to the matching polynomial Mg(x) of G, which is defined by

[n/2]

Mg(x) Z Y (=1
k=0

where my is the number of matchings with k edges in G (with the convention that my = 1). From this, we
will apply a well-known bound due to Heilmann-Lieb [3] on the maximum root of Mg(x).

Theorem 35 (Theorem 3.6 from [34]).
Equnif((e1)m [det(x] — Ag)] = Mg(x)

Proof. For convenience, we drop the subscript for the expectation, as all expectations will be over unif({+1}").
Recall that we may expand the determinant out as:

n n

det(xI —A) = Z sign(a)l_[(xl —Ag)io(i) = Z sign(a)]_[(x—As(i,a(i)))
0eS, i=1 0eS, i=1
= Z sign(o) zx”_k I_lAs(i, a(i))}
€S, k=0 Sc[n]:|S|=k Li€S

Hence, applying linearity of expectation,

E[det(xI — A)] = Z sign(a)ix"‘k Z E,

0€ES, k=0 Scln]:|S|=k

ix”_k Z Zsign(a)Es

k=0 Sc[n]:|S|=koeS,

]_[Aso’,a(i))}
ie$

]_[Asu,o(i))}
i€eS
n-k I_[s(i,a(i))}

=

[~

X Z sign(o)E,
i€eS

k=0 Sc[n]:IS|=k oeS,:(i,a(i))eE, VieS

Note, we cannot take a step further and simplify this last expression into

n

an—k sign(o) I_[IES[S(i,O(i))]l

k=0 Sc[n]:|S|=k UES,lZ(i,U(i))EE,ViES[ i€eS

because, while we do know that s(i, 0(7)) is independent of o(j, o(j)) for (i,0(i)) = (j,0(j)), the product may
include (i,0(i)) and (o(i),i), which are perfectly correlated.

Now, let’s look at each expectation E;[[[;cgs(i,0(i))] for any fixed S C [n] and ¢ € S, with (i,0(i)) € E
for all i € S. Note the number of times the sign for any fixed (i, 0(i)) appears in the product is in {0, 1, 2}
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(since at most, the product accounts for both (i,0(i)) and (o(i),i), when both i,0(i) € S, where we have
s(i,o(i)) = s(o(i),i)). Furthermore, recall that the signs assigned to each edge are independent and uni-
formly random from {+1}. Hence, the expectation is zero if the sign for any edge (i,0(i)) appears exactly
once in the product.

In particular, the expectation is nonzero only when o € §,, satisfies (i,0(i )) € EforallieS§, as well as
both 7,0(i) € S, in which case the expectation is 1 (since s(i, 0(1))0 = s(i,0(i))?> = 1 for all i). These are pre-
cisely the perfect matchings on S, i.e. matchings on [n] such that every vertex of S is matched to another
vertex of S, and no vertex outside of S is matched. Note such permutations also have sign(o) = (=1)IV2.
Thus, we can write the entire sum as

n [n/2]
Yot Y Yoo S Yy
k=0 Sc[n]:|S|=k,k even perfect matching o€S,, on S k=0 Sc[n]:|S|=k perfect matching o€S, on S
/2]

= ) (Df " = M (x)
k=0

O

Theorem 36 (Theorems 4.2 and 4 3 from [3]) Let G = (V,E) be a graph with maximum degree d. Then Mg(x)
is real-rooted and maxroot(Mg(x)) < 2Vd

Now, it remains to prove that {det(xI — A)}sc(+1)» forms an interlacing family. The main technical work
lies in the following theorem.

Theorem 37 (Theorem 5.1 from [34]). Let py,...,pm €[0,1]. Then

) [I_[ Pi]( [ (1_pi)]det(XI—AS)

sef{x1}m \is;=1 itsj=—1
is real-rooted.
Corollary 12 (Theorem 5.2 from [34]). The polynomials {det(xI — A)}se(s1yn form an interlacingfamily.

Proof. For convenience, for a signing s = (sy,...,s,,) € {1}, set fi(x) = f;, s, (x) = det(x] — A,). By the

.....

definition of an interlacing family, we must show that for every partial a551gnment (s1,...,5;) € {1}k, and
every A € [0,1], the convex combination

qs,...,5% (x) = /\fsl ..... Sk, 1 (x) + (1 - /\)fsl ..... sk,fl(x) =A Z fsl,.‘.,sk,l,sl’pr2 ..... s;,,(x)

5;(+2€{+1} Smef£1}

A=Y fse @)

Spp €lx1}smel£1}

is real-rooted. It suffices to show that qsl'm’sk(x)/ﬂ’l’k’1 is real-rooted. For this, observe that we may write

s Y [I_[pi][ [Ta- p»]ﬁ(
sef{x1}m \is;=1

i:Si: 1
with

(1+s5;)/2 if1<i<k
pi=3<A ifi=k+1
1/2 otherwise
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Case 1 corresponds to the partial assignment that we’ve already fixed sq,...,5x. We have p; = 1ifs; =1

and 1 -p; = 1ifs; = -1. Case 2 corresponds to the current convex combination weights A on f; . | and
fs,.s1,-1- Case 3 corresponds to the remaining signs; this is where we distribute the 1/2"~ k=1,
Applying Theorem 37 gives the result. O

It remains to prove Theorem 37. For this, we will need the real-rootedness of more general class of
polynomials.

Theorem 38 (Theorem 6.6 from [34]). Let ay,...,a,,by,...,b,, € R”, p1,...,p, €[0,1] and D be a Hermitian
positive semidefinite matrix. Then

y [ﬂp,][ﬂ - pi>]det

Sc[m]\i€S ieS

xI+D+ Zaia; + Zbib;

ieS ieS

is real-rooted.

Proof. An easy way is to use the machinery we already developed in resolving the Kadison-Singer problem.
Specifically, we observe that the polynomial of interest is essentially a mixed characteristic polynomial.
Consider distributions D; over {a;, b;}, with P, .p.[v = a;] = p; and P,..p,[v = b;] = 1 —p;. Let A; = p;a;a; +
(1-p;)b;b;. We will draw v; from D; for all 1 <i < m independently. Corollary 10 shows

nm

x[-D=) v}

i=1
Z[ﬂpl][ﬂl et 1 - Zaia;_zbib;]
Sc[m]\ieS ieS

ieS ieS

I’l[Al’ et ’AM](x) = Evl ’“Dlr“vvm"'Dm det

det

is real-rooted. Finally, using the fact that det(—A) = (—1)"det(A) for A € C™", we see that the original
polynomial of interest may be written as

Z []_[pl][l_l (1- pi)]det[—xl -D- Zaiaj - Zbibf] =(-1)"ulAq,..., Apl(=x)
ieS ieS ieS ieS
we have the result. O
We are now ready to prove Theorem 37.

Proof of Theorem 37. Let d, be the degree of v in G, and d = max, d, be the maximum degree of G. To show
that

) [I_[pl][ [ 1—pi>]det<x1—As>
sef{x1}m \is;=1 its;=—1
is real-rooted, it suffices to show that
Z [ ]_[ pl][ ]_[ (1- pi)]det(x1+dI—A5)
se{£1)m \izs;= its;=—1

is real-rooted, as the roots of these two polynomials differ by 4.

Next, we note that dI — A; may be written as a signed Laplacian matrix of G plus a diagonal matrix with
nonnegative entries, so that it is positive semidefinite. More precisely, if for each edge (u,v) € E, we set

L;,v = (e, —ey)(e, —e)
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if (u,v) has sign +1 in s, and
L;,lv = (e, +ey)(e, +e)
if (4,v) has sign —1 in s, then
Al - A, = Z Ly +
(u,v)eE

where D = diag({d -d,},ev). Thus, if we take a,, , = e, —¢, and b,,,, = ¢, +¢,, then our polynomial of interest
becomes

Z [le][ l_[ (1- pi)]det xI+D + Z Ayl + Z by bj,

se{£1}m \i:s; its;=—1 (u,v)€E:s,,=1 (1,v)€E:s5,,,=—1
:Z[I_[pi][l_[(l_pi) det|xI+D + Z au,va;,v"' Z buvb;v
ScE\ieS i¢S (u,v)eS (u,v)€E\S

where we use S to denote the set of edges signed with +1. It follows immediately from Theorem 38 that
this polynomial is real-rooted. O

Proof of Theorem 34. Corollary 12 shows that {det(x] — A;)}sc(s1)» forms an interlacing family and so there
exists a signing § € {+1}™ such that maxroot(det(xI — A;)) < maxroot(Es_unif(j+1)=)[det(x] — Ay)]). Since the
expectation on the right-hand side is Mg(x) by Theorem 35, which has maximum root upper bounded by
2Vd — 1 by Theorem 36, the adjacency matrix of the 2-cover G; has all eigenvalues bounded in [-2Vd —1,2Vd — 1]
as desired. O

9.6 r-Covers

The proof above shows how to construct simple d-regular bipartite Ramanujan graphs for every degree
d > 1, but only of specific sizes, namely powers of 2 multiplied by the size of the base graph. Ideally, we’d
like to be able to strengthen the argument to show the existence of d-regular bipartite Ramanujan graphs
of arbitrary size. Now, 2-covers correspond to signings of edges of the base graph. By viewing the set of
signs {+1} as the set of permutations on 2 item S;, one can see how to generalize the notion of a 2-covers to
that of an r-covers, for r > 1.

Definition 18. Let G = (V,E) be a graph, with m = |E|, and 0 : E — S,. Then the r-cover G, of G associated
with o is the graph G, = (V,, E;) whose vertices and edges can be labeled as V; = {vy,...,v, : v € V} and
Ey ={(u1,v5(1))s---» (U, Vo (r)) : (1,v) € E}. The set of r-covers of G is denoted C, ¢.

Lemma 22. If G=(V,E) is a bipartite graph, then so is G, for every r-cover G, of G, for every r > 1.

Then, it is natural to ask if every simple d-regular graph has a good r-lift, for any r > 1. If this were
true, then we would indeed be able to show the existence of d-regular bipartite Ramanujan graphs of all
sizes. In this section, we’ll give a very high level sketch of how to resolve this question affirmatively. For
more detail, we refer to [41].

Before we continue, we need an analogue of the signed adjacency matrix we used for 2-covers in order
to talk about “new eigenvalues”. It doesn’t seem immediately obvious (at least if one doesn’t know repre-
sentation theory) how to generalize the notion of a signed adjacency matrix, since in this special case, all
we had to do was change the sign of the entries of A appropriately.

However, what we really are doing is encoding the information about the edge signs in a matrix. Now,
we just have to encode the information about the permutations described by o : E — S, in a matrix for
more general r > 1. As it turns out, the right tool here to use is that of group representations. While repre-
sentation theory well lies outside the scope, we’ll just give the definitions needed to state the main results
of [41].
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9.6.1 A Quick Detour Into Group Representations

Recall that a group G is a set with a binary operation - : Gx G — G (the group law of G) such that
1. a-beGforallabe G (closure).

2. There exists an element e € G such that a-e =e-a = a for all a € G (identity).

3. For every a € G, there exists an element a~! € G such that a-a~! =a~! -a = ¢ (inverses).
A group is abelian if a-b = b-a for all a,b € G. A map ¢ : G - H where G,H are group is a group
homomorphism if ¢(a-b) = @(a)- @(b) for all a,b € G. Finally, if G is a group and S is a set, then a left (resp.
right) group action is a function ¢ : Gx X — X (resp. ¢ : X x G — X)) satisfying

1. p(e,x)=x (resp. p(x,e)=x) forall xe X
2. @(ab,x)=@(a,@(b,x)) (resp. @(x,ab) = p(@(x,a),b)) foralla,be G, x e X

Definition 19. A d-dimensional representation of a finite group I' is a group homomorphism 7 : I' —
GL(V), where V is a d-dimensional vector space and GL(V) is the group of invertible linear transforma-
tions from V to itself (with function composition as the group operation). For d € N, a d-dimensional
complex representation of I is a representation where V = C% and GL(V) = GL4(C) is the set of invertible
d x d complex matrices. If I additionally has a topological structure (i.e. it is a topological group), then we
require 7 to also be continuous.

Two representations 7y, 7, : I' - GL;(C) are isomorphic if there exists B € GL4(C) such that m(g) =
B !7,(g)B for all g € T. For two representations 7t; : I' — GLy, (C) and 75 : T — GLg4, (C), we define their
direct sum 71 &1, : T — GLy 1 4,(C) by

_( ™ 0
(711697‘62)(3)—( 0 nz(g>)

A representation is irreducible if it is not isomorphic to a sum of representations. A representation is
unitary if it is isomorphic to a representation whose image is a subgroup of the group of unitary matrices.

Example 4. The trivial representation 7y, : I' - GL1(C) =Cis given by g+ 1 forall geT.

Example 5. Consider the action of T on itself by right multiplication, namely g(h) = hg. If we view CIll
as the set of complex-valued functions on I', then the action gives a representation 7t;e; : I' > GL)(C)
such that 71,¢4(g) is a (permutation) matrix satisfying 7t,¢4(g)v(h) = v(hg) for all complex-valued functions
veCll forall g,heT. Ttreg is known as the (right) regular representation of I'. One can similarly define a
(left) regular representation of I' by considering the group action of T on itself by left multiplication. For
I' = S,, these two representations coincide.

Example 6. Consider the regular representation 7 of S,, which maps o € S, to the permutation matrix
corresponding to it. Since the subspace span{l} of C’ is invariant under all permutation matrices, 7t;eq
is isomorphic to the trivial representation from I' to span{1}. Hence, the action of 7,y on span{1}* is an
(r —1)-dimensional representation called the standard representation of I' and is denoted 774.

For example, the standard representation of S, = {id,swap} is simply 75q4(id) = 1 and 7y q(swap) = —1.
The standard representation of S; is given by

) eZTli/.’: 0 6727‘11'/3 0
ide— 1, (123)'—>( 0 e-2mif3 ) (132)'—>( 0 p27i/3 )

0 1 0 6—27Ii/3 0 627Zi/3
(12)'—>( 1 0 ) (23)'—>( o2mi/3 0 (13) 23
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With this final example, we can now define the analogue of the signed adjacency matrix for an r-cover
o0 :E — S,. Specifically, let G be a graph, r > 1, and fix an ordering on the vertices V = [n] of G. For a
o0:E—S,, we define

Tgg(0(1,1)) ... mgq(o(n, 1))
Ay = : . : e Cnr=1)xn(r-1)

Tad(o(L,n)) ... mgq(o(n,n))

where we make the abuse of notation by still writing mgq(o (1, v)) even if (1, v) € E; in this case, 1tgq(0(u,v)) =
0. Observe that when r =2 and ¢ : E — S, corresponds to a signing, we recover the original notion of a
signed adjacency matrix.

9.6.2 Interlacing Families and the d-Matching Polynomial

The key consequence of [41] as we alluded to earlier is the following.

Theorem 39. Let G = (V,E) be a d-regular bipartite graph. Let r > 1 be arbitrary. Then there exists a
o0 : E — S, such that the corresponding r-cover G, = (V,,E;) has all new eigenvalues bounded in the inter-

val [-2Vd = 1,2Vd = 1]. In particular, if G is a d-regular bipartite Ramanujan graph, then so is G, for some
0:E—S,.

To prove this, the same strategy works as in the special case of r = 2. Specifically, we will:

1. show that {det(xI —Ag)}aesf forms an interlacing family

2. bound the maximum root of Zaesf det(xI —A,) by 2vd -1
For step 2, we will relate
Z det(xI - A,)
oeSE

to a special polynomial whose roots we know how to analyze. When r = 2, we use the matching polynomial
of a graph. For r > 2, we need a generalization (yet again). [41] proposed to use what they call the k-
matching polynomial, which for a general graph G is defined by

My 6(x) = Efunif(cy o) [Mu (%)]

for k =r—1. In the case when r = 2, we recover the regular matching polynomial of G: M g(x) = Mg(x).

Theorem 40 (Theorem 1.8 from [41]). Let G be a simple, connected d-regular graph. Let r € N. Then

E (SF)[det(xI —-Ay)] = Mr_l,(;(x)

o ~unif

Theorem 41 (Theorem 2.7 from [41]). If G is a simple, connected d-regular graph, and k € N, then My g(x) is
real-rooted. Furthermore, all root of My (x) lie in [-2Vd —1,2Vd - 1].

We refer the details of the proofs of these statements to [41]. One key thing to note is that we have
reduced and rephrased the results of [41] to the special case when:

1. Gis d-regular and simple; many results of [41] allow G to have multiedges and do not assume regu-
larity (they phrase their results in the language of the universal cover of G)

2. the lifts are given by labeling the edges of G with elements from the symmetric group S, and rep-
resenting them in A, by block matrices given by the standard representation of S,; the results of
[41] allow labelings from a finite group I' other than S, along with a complex representation 77: I’ —
GL,_1(C), subject to some nice conditions that we will not present
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9.7 Kadison-Singer and Ramanujan Coverings

Now, let’s look at an interesting connection between the Kadison-Singer Problem and Ramanujan graphs.
Let G = (V,E) be a d-regular graph. Recall the proof of Theorem 34. Recall we defined a,,, = ¢, —¢, and
b, . = e, +¢e,, and showed that

dl - A = Z au’ya;"y + Z bu,vb;,v

(u,v)€E:s, =1 (#,0)€E:s,,p=—1
Then
IEs«aunif({il}’”) au,va;,v + Z bu,vb;,v = IEs~unif({-+_—1}"‘) [dI _As] =dl _Es~unif({i1}"‘)[As] =dI
(u,v)€E:s, =1 (u,0)€E:s,,p=—1

More compactly, if r,, , = au,v/\/E with probability 1/2 and r,, , = bu,v/\/E with probability 1/2, then

* —
E Tuv ru,v] =1

(u,v)€E

E

Now, aurv/\/EHZ = Hbuﬂ,/\/E”z = 2/d. Hence, if we formulate this entire problem of demonstrating there
exists a signing s € {1} as an instance of Theorem 21 that implied Kadison-Singer, specifically with

€=2/dand D, , = unif({au,v/\/a, bu’v/\/g}) for all (u,v) € E, then we have

2 2
2 . 2
||dI—A5||§(1+\/;] Y uatio s[n,/g)

(u,v)€E
that is, there exists a signing such that Ay, (d]—A,) < d(1+V2/d)? =d+2+2V2d = A (As) < 2+2V2d.
Note that asymptotically, this is optimal (but suboptimal w.r.t. the 2Vd —1 bound we obtained using the
matching polynomial; see Theorem 35 and Theorem 36).

P, >0

Py

What is particularly interesting about this reduction is that this shows the dependence on € in the bound

m
E v}
i=1

is asymptotically optimal; if we could do better, then we’d be able to show the existence of the existence
of a signing s € {1} such that A, (A;) < o(Vd). This would immediately contradict the Alon-Boppana
bound (Theorem 30).

P

S(1+\/E)2}>0

9.8 Shortcomings of this Proof
9.8.1 The Natural Algorithm is Inefficient
Theorem 35 shows that
Equnif((e1)m [det(x] — A)] = Mg(x)

In particular, the root of the interlacing family is the matching polynomial. Now, it is known that com-
puting even the just the constant coefficient of M(x) (which is the number of perfect matchings in G) is
#P-Hard to compute. Hence, we cannot hope to exactly and efficiently compute the coefficients of Mg(x).
This makes computing the maximum root of Mg(x) much more difficult.

Now, one can say that by Theorem 36, maxroot(Mg(x)) < 2Vd — 1, so it doesn’t really matter what maxroot(Mg(x))
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is precisely (because we only really care about the 2vd — 1 upper bound). However, how do we proceed to
the next step? That is, how do we compute the maximum roots of p;,p_;, the children of the root Mg(x)?
Well, if could compute their coefficients efficiently, then we can also compute the coefficients of Mg(x) by
just writing it as p; + p_;. In particular, it is #P-Hard to compute the coefficients of p;,p_;. Now, we re-
ally are stuck, because here, we actually need to know which polynomial, p; or p_;, has its maximum root

smaller than 2Vd —1.

This is actually a problem for the natural interlacing family algorithm for the Kadison-Singer problem
as well. Specifically, the constant term of

plAL. Apl(x)

is given by

[Flo-aefo o

=1

3

e

i=1 i=1

which is (up to a sign) the mixed discriminant D(Ay,...,A,,) of Aj,...,A,,. Since A; = Ep,[v;v]] and we
make no assumptions on D; other than finite support, computing p[Ay,...,A,,](x) in all cases requires be-
ing able to compute the mixed discriminant D(Ay,...,A,,) efficiently in all cases. Again, we cannot hope
to do this as mixed discriminants can encode the permanent, which is #P-Hard to compute in general (for
a matrix B € R™"™, perB=D(Ay,...,A,,), where A; = diag(by;,...,b,,;) for all columns 1 <i < m). The best
known polynomial-time algorithms for approximating mixed discriminants in general achieve exponential
multiplicative approximation ratios; for example, [15] achieve, through a deterministic algorithm, an ap-
proximation ratio of m"/m! = e™.

z)=-=2,,=x=0 z1=-=2,,=0

z1=+=2,=0

With this in mind, we can only hope to approximate the maximum roots of the desired polynomials. This
question was addressed in [43], where they gave algorithms that, given access to the top k coefficients of a
degree-n polynomial, approximates the maximum root of p to within a multiplicative factor of n'/¥ when
k <logn, and 1+ O(k?log® n) when k > logn, respectively. These algorithms run in time polynomial in k;
in the context of running the natural interlacing families algorithm, they lead to 2001"°)_time algorithms
for finding the desired polynomials. Unfortunately, [43] also proves nearly matching lower bounds.

Another approach has been to restrict attention to special kinds of covers that are easy to work with and
for which there are only polynomially many such covers. [38] considered covers known as “shift covers”
(in their terminology, “shift lifts”), which are covers for which o is a power of the “shift” permutation
(1---r)€ S, (itsends 1 to 2, 2to 3, etc. and r to 1).

9.8.2 Bipartiteness

To prove that there is a lift satisfying the Ramanujan bound, we needed to use the fact that the eigenvalues
are symmetric about 0, since we are only able to directly bound the largest eigenvalue. However, we’d ide-
ally like to be able to show that infinite families of nonbipartite Ramanujan graphs exist as well. Here, we
present an attempt to remove this dependency that does not work, but is interesting nonetheless.

The idea here is to consider a kind of “symmetrized” characteristic polynomial E,, where the roots of
this polynomial are symmetric about 0 and each root of the original characteristic polynomial x4 is a root
of Z4. Then, one can attempt to use the method of interlacing polynomials in a similar fashion to prove
a bound on the largest root of E,4; then, by symmetry, we can conclude a bound on both the largest and
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smallest roots of x4. Let A be a symmetric matrix with eigenvalues 1y <--- < A,. Define

[1]

Alx) = I_[(x—/\i)(x+/\,~) = det(xI — A)det(xI + A) = det(x*I — A?) :det(xl—[ g ‘3 ])
i=1

This is the lowest degree polynomial with A4,..., A, as roots (with multiplicity), and whose roots are sym-
metric about 0. Now, if we consider the adjacency matrix A of a graph G, and a signing s € {+1}", then

EAs(x):det(xI—[ 125 %S ])

0 A,

A, 0 ] corresponds to the

This has a nice interpretation: A; corresponds to a 2-cover G; of G, and so [

double cover of Gq.

Ideally, the next step in this idea is to show that {E4_(x)}sc(+1)» forms an interlacing family. Unfortunately,
this is actually not true. It turns that

Equnif(z1)m)[Ea, (x)]

fails to be real-rooted, even for small graphs (a simple experiment with K,, shows this average is not
real-rooted).
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10 Building Bipartite Ramanujan Graphs II: Unions of Matchings

In this section, we’ll present a completely different construction of d-regular bipartite Ramanujan graphs.
The key differences in results are that

1. we will be able to give a deterministic polynomial time algorithm for building such graphs
2. the graphs produced may have multiedges

Here, instead of taking a base d-regular bipartite Ramanujan graph and lifting it to a larger d-regular bi-
partite Ramanujan graph, we will just build the desired multigraph in one shot. Specifically, if given a
degree d and an even size 2n, we will be able to return, in polynomial time a d-regular bipartite Ramanu-
jan multigraph.

The idea is similar to the model Friedman was working with to prove Theorem 31. Specifically, we’ll
carefully choose d permutations on [2n] and then take G to be the union of the matchings corresponding to
the permutations. This requires analyzing a completely different interlacing family.

For convenience, we will overload the notation of S, to mean both the set (group) of permutations on n
letters as well as the group of n x n permutation matrices.

The main result is as follows.

Theorem 42. Let Py,...,P; ~ unif(S,) be independent, where d > 3 and n > d/2. Then there exists a choice of
nx n permutations Qy,..., Qg such that all nontrivial eigenvalues of the adjacency matrix

d
~§4 9]

are upper bounded by 2Vd — 1 in absolute value. In particular, there exists a choice of d perfect matchings on 2n
vertices [2n] = V such that their union is a d-regular bipartite Ramanujan multigraph.

The proof strategy is exactly the same as in the previous applications we’ve seen. We’ll begin with the
first step of proving that the polynomials we are interested in form an interlacing family. This is the sim-
pler part. Following this step, we’ll spend a few subsections developing the machinery needed to bound
the largest nontrivial eigenvalue of the average of the adjacency matrices of unions of d perfect matchings.

Just as in the previous method of building Ramanujan graphs, this construction relies crucially on bipar-
titeness, since we need the eigenvalues of the adjacency matrix to be symmetric about 0 in order to bound
the smallest nontrivial eigenvalue.

Finally, unlike in previous sections, here, we will not go through all details of proofs. We will sketch
their main ideas and refer the reader to [36] for long calculations, etc.

10.1 Interlacing Families for Permutations

The main goal of this subsection is to prove the following theorem.

Theorem 43. The set of polynomials

X

L o BST
; (PzSzT)T 0 (x)

where the P;, S; range over S,, form an interlacing family.
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Remark 8. This theorem is stated in a way that is nicer to work with when we try to bound the roots
of the average of these polynomials later on. Of course, the product of uniformly random, independent
permutations is a uniformly random permutation so what one should keep in mind is that we are really
saying that the set of polynomials

X (x)

i 0 P
2| P70
=1

d

form an interlacing family. Note there are (n!)* many of these polynomials.

We will actually prove a more general fact. But first, we need a nice condition on the distributions
allowed on §,, which will allow us to decompose a random variable taking values in S,,.

Definition 20 (Realizability by Swaps). A random swap S is a matrix-valued random variable taking values
in {I, 0}, where o is some transposition of two indices i # j in [n]. A random variable P taking values in S,
is realizable by swaps if there exist random swaps Sy,..., Sy such that the distribution of P is the same as
the distribution of Sy - Sy_1:+-S5 - S;.

P 0
0 Q

Proof Sketch. For P,Q, see the Fisher-Yates algorithm for generating a uniformly random permutation via
n random swaps. This also proves that P& and I & Q are realizable by swaps. Finally, observe that
PaQ=(PaI) - (I Q)sothat P& Q is realizable by swaps. O

Lemma 23. Let P,Q ~ unif(S,,). Then, P,Q and P®Q = ( ) are realizable by swaps.

With these notions in hand, we first state a simpler “version” of our goal.

Theorem 44. Let k € N be arbitrary. Suppose Aq,...,A; are symmetric k x k matrices, and Dy,..., Dy be inde-
pendent distributions on the set of k x k permutation matrices such that P; ~ D; is realizable by swaps, for all
1 <i <d. Then, the set of polynomials

(%)

d
[]—[Pp,m]x
i=1

d
3 ey
i=1

form an interlacing family.

Again, the key is to decompose each P, into a product of random swap matrices. This theorem will follow
immediately using Theorem 7 and the following, which is the main technical work of this subsection.

Theorem 45 (Theorem 3.3 from [36]). Let Ay,..., Ay be symmetric matrices in R™" and let {S;;}ic(a) je[N) e
independent (not necessarily identical) random swaps. Then

d 1
{1
i=1 \j=N

E{Sfj}x Aj

157

j=1
is real-rooted.

Proof Sketch. The first key observation is that the polynomial p(Xy,...,X;) = det(X; +--- + X;) satisfies two
important properties:

1. The univariate restriction p(tI — Ay,...,tI — Ay) is real-rooted for symmetric matrices Ay,...,A; (re-
ferred to as hyperbolicity in [36]). This follows from the Spectral Theorem; for symmetric matrices
Ay, Ay, p(tI—Aq,..., t] — Ay) is the characteristic polynomial of a real symmetric matrix.

p(le-"rXi—liXi +S?/VT,Xi+1,...,Xd) Zp(Xl,...,Xd)+S'Di’va[p(Xl,...,Xd)]
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for every vector v e R"”, every 1 <i <d, and every s € R, where

def

D; o [p(X1,..., Xg)] S [Qtp(Xl,...,X,-_l,X,-+tva,X,-+1,...,Xd)]

t=0

is a linear operator (referred to as rank-1 linearity in [36]). This can be proved using the Matrix
Determinant Lemma (Lemma 6) and Corollary 4:

d d d
det ZXi+vaT]: 1+sv’ ZXi v [det ZXi
i=1 i=1 i=1
and
d d -1 d -1 d
(ep(X1s s Xiot, Xi + 0007, Xiy1, 0, X)) o= dlet in tr ZX,- v |=|oT ZXZ» v |det in

i=1 i=1 i=1 i=1

The other key observation is that random swaps preserve these nice properties in expectation:

Lemma 24 (Lemma 3.7 from [36]). For any random swap S and any 1 <i <d, Eg[p(Xy,..., Xi_1,SX;ST, Xiv1,--» Xa)]
is hyperbolic and rank-1 linear.

Once we have this, the theorem follows immediately, since applying this lemma inductively dN times,
we have

d 1
]E{Sij}det[Z[]_[ S,']' X;
T\j=N

i=

i

j=1
is rank-1 linear and hyperbolic, and then restricting this polynomial to (¢/m)l — Aq,...,(t/m)] — A, yields

real-rootedness of

E{Sij}X A;

i

j=1
by hyperbolicity. Hence, it remains to prove Lemma 24.

Proof Sketch of Lemma 24. Let S be any random swap equal to o with probability A > 0 and identity with
probability 1 — A. Let 1 <i < d be arbitrary. We must show that

g(X1,. 0, X)) = (1= )p(Xy,..., X)) + Ap(Xy,...,0X;07,..., X,)

is hyperbolic and rank-1 linear. For rank-1 linearity, observe that since D; ,, 7 is a linear operator, the sum
of rank-1 linear polynomials is rank-1 linear.

Hyperbolicity is a bit more involved. The steps of the proof proceeds as follows:

1. Show that if P(Xy,...,X,,) is rank-1 linear and hyperbolic, then the roots of P(tI — A4,...,tI — Ay)
interlace the roots of P(tI — Ay,...,tI —A;_1,tI = A; —vv T, t] — Aj,q,...,t] — Ay). In the special case of

P(Xy,...,X;) =det (Z?Zl X; ), this is just the Cauchy Interlacing Theorem (Theorem 8). For the general
case, see Lemma 3.8 from [36].

2. Prove that if o is a transposition and A is symmetric, then A—oAc ™ has rank 2 and trace 0 so that we
can write A—oAc T =aa” —bbT for some vectors a,b € R". This is a simple calculation for which we
refer the reader to Lemma 3.10 from [36]. Then, hyperbolicity reduces to proving that

QUI-Ay,... tI—Ag)=(1=NP(tH[ = Ay,... . tI ~Ag)+ aP(tI = Ay,...,tI —A; —aa’ +bb7,...,tI - Ay)
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is real-rooted. Using step 1, we know that
P(tI—Ay,...,tI —A; +bbT,... tI - Ay)
interlaces both P(¢tI — Ay,...,tI —Ay) and
P(tI—Ay,...,tI1 —A;—aa” +bbT,...,tI - Ay)

so that the two polynomials, whose (1 — A, 1) convex combination is Q(tI — Ay,...,tI — Ay), have a
common interlacing. Since A € [0, 1] was arbitrary, applying Theorem 7 completes the proof.

O
Proof of Theorem 43. Set k = 2n and
_ 0 I (2n)x(2n)
M= [ I 0 ] eR
and set A} =---=Ay; =M. Let P,...,P;,S;,...,S; be independent, uniformly random n x n permutation
matrices. Lemma 23 shows that the random matrices P, @ S; are realizable by swaps. Writing
T

Booly[r o] [ o @s)

0 S 0 S; (PSTHT 0
and applying Theorem 44, we have the result. O

Corollary 13. There exist nx n permutation matrices Qq,..., Qg such that

d
/\2[)( Z[ QOT %i ”(x)]s/\z
i=1 !

where A,(p) denotes the second largest root of the polynomial p (in this case, this is the largest nontrivial eigen-
value).

d

Z[ PST)T Pig: ](x)l]

1

Ele-,Pd,Sl

10.2 Finite Free Convolutions

As in previous applications of the interlacing families proof technique, one needs to analyze the maximum
root of the average of the polynomials in the interlacing family. The polynomials we discuss in this subsec-
tion are somewhat different from the ones in the interlacing family we ultimately want to analyze. We will
relate these soon. For now, we will be considering the average of characteristic polynomials of matrices of
the form A+ QBQT and (A+ QBRT)(A+ QBRT)T, where Q, R are orthonormal matrices.

The inspiration for studying these polynomials stems from free probability, which studies “noncommu-
tative random variables” and as an application, studies limiting distributions of the spectra of random
matrices. We refer interested readers to [28].

Definition 21 (Symmetric Additive Convolution). Let p(x) = x[A](x) and g(x) = x[B](x) be two real-rooted
polynomials, where A, B € R™" are symmetric. We define the symmetric addltlve convolutlon of pand q
by

(pHﬂn Q)( ) IEQ~un1f X[A+QBQT]( )
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Definition 22 (Asymmetric Additive Convolution). Let p(x) = x[AAT](x) and q(x) = x[BBT](x) be two real-
rooted polynomials with nonnegative roots, for some A,B € R™". We define the asymmetric additive
convolution of p and g by

(pBHE, 9)(x) = EQ r~unif(0(n) X [(A+ QBRT)(A+ QBRT)"](x)

Alternatively, we can define it as the polynomial satisfying the relation

S((PEBEEnGI)(x))ZEQ,R~unif(O(n))XH AOT Ig ]+[ (g 1(; H BOT Ig H g g ] }(x)

where S is the linear operator on C[x] defined by (Sp)(x) = p(x?). This follows from the fact that

S(x[MTM](x))=x[ Jy ](x)

for every M € R™".

From now on, whenever we write pH,, g for two polynomials p, g we will implicitly assume p, g are char-
acteristic polynomials of Hermitian #n x n matrices A, B respectively. Similarly, whenever we write pEBH, q
for two polynomials p, g, we will implicity assume p, q are characteristic polynomials of positive semidefi-
nite Hermitian # x n matrices.

The following are some nice properties of these convolutions.
Lemma 25 (Properties of H,, and HH,; Lemma 2.5 from [36]). 1. (p B, q)(x) is real-rooted.
2. (pHH,, q)(x) is real-rooted, with all roots being nonnegative.

3. B, and B8, are bilinear operators (in the coefficients of the polynomials on which they operate) and asso-
ciative.

As alluded to mentioned earlier, in this section, we will be able to give a polynomial time algorithm for
building the elusive Ramanujan graphs. That the natural interlacing families algorithm runs in polynomial
time crucially depends on the following explicit analytic formulas for the convolutions of two polynomi-
als; specifically, given polynomials p,q through their coefficients, we can compute p H,, g and pHH,, g in
polynomial time using the following formulas.

Theorem 46 (Theorem 1.1 from [40]). Suppose

n n

p(x)=) (~1fax"* g(x) = ) (~Dfbex"*
k=0 k=0

are real-rooted polynomials. Then,

(p B )x) = (—1>kx"’f.[ Y wb]]

k=

(=}

Theorem 47 (Theorem 1.3 from [40]). Suppose

n n

p(x)=) (~1fax"* g(x)= ) (~Dfbx"*
k=0 k=0

are polynomials with nonnegative real roots. Then,
n

2
(P, ) = ) (-1 [ y (Z,znl)_!—(?__j])?!“ibj]
i+j=k

k=0
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10.3 The Cauchy Transform

Definition 23. Let p(x) = ]_[flzl(x — ;) be a degree-d real-rooted polynomial. We define the Cauchy Trans-
form of p to be the function

Similarly, we define the Inverse Cauchy Transform of p to be
Ky(w) = max{x € R: G,(x) = w}

Remark 9. Observe that G, blows up at the roots of p and is decreasing for x > maxroot(p). Thus, K,(w) is
the unique value of x such that x > maxroot(p) and G,(x) = w. Note two key facts about K,(w):

1. Ky(w) is an upper bound on maxroot(p)
2. Kp(w) — maxroot(p) as w — oo

Note that the Cauchy Transform is essentially the barrier from Kadison-Singer but for a single vari-
able and the barrier from Ramanujan Sparsifiers, and is also very similar to the barrier from Restricted
Invertibility. [36] note that using the barrier argument from Ramanujan Sparsifiers [27] is suboptimal. The
following results (proven in [40] and but also stated in [36]) are what will allow us to achieve the optimal
Ramanujan bound.

Theorem 48 (Theorem 2.7 from [36]). Let p,q be real-rooted polynomials, and let w > 0. Then K,m ,(w) <
Kp(w) + Ky(w) - wl,

Theorem 49 (Theorem 2.8 from [36]). Let p,q be real-rooted polynomials. Assume that all roots of p(x) and
q(x) are nonnegative. Then Ks,mm, q)(w) < Kgp(w) + Kgg(w) — wl,

10.4 Quadrature

In this subsection, we will focus on relating finite free convolutions to averaging over S,. The name
“quadrature” (also known as “Gaussian quadrature”) comes from numerical integration. It is a method
of computing the integral of a function f approximately or, in some cases, exactly, by reducing the inte-
gral to a finite sum of f evaluated at a small number of special points known as “quadrature points”. The
approximation guarantees are usually made through Taylor series. This theory of integral approximation
is also a beautiful example of a practical application of the theory of orthogonal polynomials. We will not
discuss those applications here.

We refer to the following result as a “quadrature” result because we are relating an average over the or-
thogonal group, namely, an integral, to an average over §,, namely, a finite sum. However, our goal is
actually “to go in the opposite direction”, in the sense that we are trying to use an integral to compute a
sum that has superexponentially many terms. The reason we want to do this is precisely because this inte-
gral is (essentially) a finite free convolution, for which we have bounds on maximum roots via Theorem 48
and Theorem 49, as well as polynomial-time computable formulas via Theorem 46 and Theorem 47.

Theorem 50 (Quadrature Theorem; Theorem 4.2 from [36]). Let A, B € R™" be symmetric. Then
Ep-unif(s,) det(A + PBPT) = Eqg _unif(0(n) det(A + QBQT)

In order to prove this, we will show that M + det(A+MBMT) satisfies invariance under right multipli-
cation by orthonormal matrices. That this invariance implies the quadrature result, Theorem 50, is a result
of the following supporting lemma.
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Lemma 26 (Lemma 4.3 from [36]). Let f : O(n) — R be any function, and let H be a finite subgroup of O(n). If
f is “invariant” in the sense that

EP~unif(H)f(P) IEP~un1f f(pQO)
for all Qg € O(n), then

Epunif()f (P) = Eg-unit(om) f (Q)

Proof. Tt suffices to prove that Eq _unifo(n) f (Q) = Egunif(om)) f (PQ) for every P € H, since then,

IEQ~unif(O(11))f(Q) EP~un1f )EQ~un1f( O(n ))f(PQ) = IEQ~un1f( O(n) IEP~umf f(PQ)

= Eg-unif(0(n) Ep~unif(H) f (P) = Epunit(r) f (P)
where in the last step, we use invariance. To prove Eg._unif(o(n)) f(Q) = Eg~unif(o(n) f (PQ), it suffices to show
that the map Q +— PQ is bijective, for all P € H. For this, we’ll use the fact that H is a finite subgroup of
O(n). If M € O(n) is arbitrary, then P~'M € O(n) so that P"'M > M. This shows Q > PQ is surjective.
Similarly, if PA = PB, then A = P~'PA = P~1PB = B so that Q + PQ is injective. This proves bijectivity and
hence, the lemma. O

10.4.1 Proving Invariance

Here, we will outline how to show that M — det(A+MBM ") satisfies the invariance property of Lemma 26
with H = §,,. We restate the goal in the following lemma.

Lemma 27 (Invariance). Define fp:O(n) > R by fa p(M) = det(A+MBMT), where A, B are fixed matrices in
R™". Let H = S,. Then Ep_uni(#1) fa,8(P) = Epunif(r) fa,5( PQo for every Qg € O(n).

The plan is as follows: first, we view S, as the set of permutations on ey,...,e,, the vertices of the
probability simplex. Then, we will decompose S, into subgroups A; ;x, where A; ;; C S, is the set of
all permutations that fix e, for all £ ¢ {i, ], k}. Similarly, we will decompose O(n) into subgroups O; j,
where O; ;x C O(n) is the set of all orthogonal transformations that fix V+, where V is the 2-dimensional
subspace parallel to the 2-dimensional affine subspace containing e;, e;, ex. With the following lemma, this
will essentially allow us to just consider invariance with respect to A; ; x and O; .

Lemma 28. ; ; « A; j« generate S,. Similarly, J; ; x O j x generate O(n).

Proof. UU; j x Ai jk contains the set of all transpositions on n elements. The fact that the set of transpositions
on n elements generate S, is a standard result from group theory. For the second fact, see [36] Lemma
4.7. O

Lemma 29 (Invariance w.r.t. A; ;x and O; ;). For every i, ],k not all equal, and every Qo € O; j «,
Epunif(4; ;) fa,8(P) = Epunif(4; ;) fa,8(PQo)

Proof Sketch. Since A; ;\ is isomorphic to A, = S3, and O; ; x is isomorphic to O(2), the claim is equivalent
to proving

IEPrvunif(Az) det(A + (P @I,,_Z)B(P @Irl—Z)T) = IEP~unif(¢42) det(A + (PQO 69In—Z)B(pQO e9111—2)1—)

for every Qg € O(2). For this, first decompose O(2) into SO(2), the subgroup of rotations

R — cos@ sin6
7| —sin® cosO

and the subgroup of reflections



Similarly, decompose A; into Z3 = {Rg, Ro;/3, Rez/3}, the three cyclic permutations of ey, e;,e3, and F. Then,
first prove that

EP~unif(Z3) det(A + (P @ In—Z)B(P @ In—Z)T) = EP~unif(Z3) det(A + (PRG @ In—Z)B(PRQ @ In—Z)T)
which involves proving

2
det(A+ (Rg ®1,_5)B(Rg®I, 5)T) = Z cre'k®
k=-2

for some constants ¢_,,c_1,cq,¢1,co. We refer the details to Lemma 4.5 from [36]. Once we have this,
combining with the fact that

Epunif(4,)det(A+ (P& 1, »)B(P®I,5)") = Ep_unif(r)Er~unif(z;) det(A + (RD &1, ) B(RD & 1,_,) ")
= Epunif(F)ER~unif(z;) det(A + (R [,_5) (D ®I,_2)B(D® I, ) " (R® I, _2)")
we have the claim, since every Q, € O(2) may be written as RyD for some Ry € SO(2) and D € F. O
With these, we can prove invariance with respect to S, and O(n).
Proof of Lemma 27. First, observe that
Epunif(4,) f4,8(P) = Epunif(4,) Ep ~unif(4; ;1) fa,8(PP1) = Epunif(4,) Ep ~unif(4; ;1) fr7ap,5(P1)
By Lemma 29, for every i, j, k not all equal and every Q; € O; j x,
Epunif(4,)Ep ~unif(4; ;) fpTaP,B(P1) = Epunif(4,)Ep ~unif(4; ; ) fpTap,B(P1 Q1)

= Epunif(4,)Ep ~unif(4; ;) fa,8(PP1 Q1)

= Epunif(A,)fa,5(PQ1)
With these, we conclude that for every Q; € O; j ,

Ep-unif(a,)f4,8(P) = Ep-unif(4,) f4,8(PQ1)

Now, let Qg € O(n) be arbitrary. By Lemma 28, we may write Q, = ]_[21:1 Qg, where for ever ¢, there ex-
ists 7,7,k not all equal such that Qy € A; ; x. Then inductively applying the above equality m times gives

Ep-unif(4,)fa,8(P) = Ep_unif(4,)fa,8(PQo) as desired. 0
10.4.2 Bipartite Quadrature

Finally, here, we apply our main Quadrature Theorem (Theorem 50) to adjacency matrices of bipartite
graphs. For convenience of notation, for A, B € R™" (not necessarily symmetric), we define

-
MA,B(PrQ):[ AOT ‘8 ]+[€ g H BOT Ig ng g] € R(2mx(2n)

Since Theorem 50 does not deal with matrices of the form P& and Q&I nor I & P and I & Q, where
P ~ unif(S,;) and Q ~ unif(O(n)), we cannot apply it directly. We need a “bipartite” analogue. However, it
turns out the proof is nearly identical; for A, B € R not necessarily symmetric, one first needs to replace
fap(M)=det(A+MBMT) with f4 (C) = det(Mu 5(C,I)) (resp. fap(C)=det(Myp(I,C))), all occurrences of
Pin fy p by P®I (resp. I ®P), and all occurrences of Q in f4 g by Q@I (resp. I & Q). This gives:

Theorem 51 (Corollary 4.12 from [36]). For A, B € R™" not necessarily symmetric,

IEP~un1f det (MA B(P I)) ]EQ~umf det (MA B(Q I))

and

EP~un1f det (MA B(I P)) ]EQ~umf det (MA B(I Q))
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Then, as an immediate consequence, through two applications of the preceding theorem, we have:

Corollary 14 (“Bipartite Analogue” of Theorem 50; Theorem 4.11 from [36]). For A, B € R"™" not necessarily
symmetric,

Ep,s—unif(s,) det (Ma,B(P,S)) = Eq runif(0(n)) det (M4 p(Q, R))
Now, we have the main result.

Theorem 52 (Theorem 4.10 from [36]). Suppose A,B € R™" are (not necessarily symmetric) matrices with
Al =AT1=al and B1 = BT1 = b1. Let p,q be degree-(n — 1) real-rooted polynomials such that x[AAT](x) =
(x—a?)p(x) and x[BBT](x) = (x — b?)q(x). Then

Ep,5unif(s,) [ X0y 5(p,0) ()] = (6 = (a+ D)?)S((p B, q)(x))
Proof Sketch. First, apply a change of basis V that simultaneously block diagonalizes A, B, P, S as
VAVT = A®a VBVT =Beob VPVT =Pe&1 VSVT =8o1

This isolates the eigenvector 1 common to all of those these matrices and allows us to restrict our attention
to A, B, P, S e Rlr=1)x(n-1),

Conjugating M, g(P,S) by V&V, we have
Ep,0~unif(s,) [XMA’B(P,S)(X)] = (x> = (a+b)*)Ep s unif(s,) [XMA’B(p,sA)(X)]
(For the full calculation, see [36].)

Applying Corollary 14, the definition of the asymmetric additive convolution, and recalling that p(x) =
x[AAT](x) and g(x) = x[AAT](x), we have

B0 | ot 56,0()| = Er.a-unitionm [ g y6.0)(3)| = S0 BBy 1 )
Combining these we have the result. O

Corollary 15 (Corollary 4.13 from [36]). Suppose Ay,...,A; € R™" are (not necessarily symmetric) matrices,
with Aj1 = A/ 1 =a; for all 1 <i <d. Suppose py,...,py are degree-(n — 1) real-rooted polynomials satisfying
x[AA]](x) = (x - aiz)pi(x)for every 1 <i <d. Then

d
Z(Pi@si)[AoT ‘L(‘) ](P@S)

i=1

2

d
[Zal] S[(py BB,y ... B, pa)(x)]

1

Ep,,...p;S;,.., S ~unif(S,) X

Proof Sketch. Apply Theorem 52 inductively. O

10.5 Combining All of these Techniques

d
0 P
i=t b !
where the P, range over S,;, form an interlacing family. It remains to bound the largest nontrivial root of
d
Y| e
P 0

i=1
This is where we will apply the finite free convolution results. The preceding four subsections were devoted
to setting up the machinery required to perform this analysis. We are now ready to prove Theorem 42.

We now know that the set of polynomials

Ep,...pj~unif(s,) | X
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Proof of Theorem 42. Again, let M = ( (I) é ) be a fixed perfect matching on n vertices. By Theorem 43, all
that is left to do is to upper bound

Ay [Ejpl,...,lﬂd,sl

(2l 75 o]

i=1

Since I1 =11, Corollary 15 shows that

E P4, S1,e-

d T
Z[ Psi ](x)}:(xz—dz)S (pBH,_;...BE,_1p)(x)

i=1

d times

where p(x) = (x—1)""!. Hence, it suffices to upper bound maxroot(S[(p B8,_; ...BH,_; p)(x)]).

Now, observe that

1 2(n-1x(x*-1)"2%  «x
2(n-1) (x2—1)n-1 Cx2-1

Gp(x) =

is decreasing for all x > 1, and, applying Theorem 49 with the inverse Cauchy transform 4 — 1 times induc-
tively, we also have

d-1 d-1

K@, ... 88, p)x)(W) < d - Kspy = — = =d- Kz (w) - ——

Thus, K(y2_1r-1(w) = x if and only if w = G, (x) = 7= . Plugging this in to the right-hand side of the above
bound, we have an upper bound of

d-1 :dx_(d-1)(x2-1) x4 (d-1) . d-1

d ‘K(xZ_l)n—l (W) - w X = X

for any x > 1. This quantity is clearly minimized at x = Vd — 1, for which the bound becomes 2Vd — 1. This

is exactly what we wanted to show. O

10.6 An Algorithm

Now, let’s discuss the natural interlacing families algorithm. Specifically, in this subsection, we’ll explain
the problem with the natural interlacing families algorithm, and sketch the main ideas in [42] behind ob-
taining a polynomial time algorithm for produce the desired Ramanujan multigraphs.

What is nice in this method of computing the Ramanujan multigraphs is that Theorem 47 provides us
with a polynomial-time method for computing

E P4, 81,

d T
Z[ o ](x)} = (¥~ d2)S| (B, .. B, p)(x)

i=1

d times

which is the root of the interlacing family tree. The tree also has depth d. The algorithm can then be written
as:
There is one major problem with this algorithm: Each internal node of the tree has n! many children!
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Algorithm 4

Input: a degreed > 3;asize n>d/2
Output: the adjacency matrix of a d-regular bipartite Ramanujan multigraph G = (V,E) with |V|=2n
0 I

1: set M = I 0 ] # adjacency matrix of a fixed perfect matching on 2n vertices

set p(x) = po(x) = (x - 1)
for1<k<ddo

# compute and cache k-wise convolution of p with itself:

pr(x)=(pB8,_1...BE,_1 p)(x) = (pr_1 BE,_1 p)(x) # use convolution formula in Theorem 47
end for
compute go(x) = S(p4(x)) # this is the root of the interlacing family tree (after dividing out x* —d?)
compute rq = maxroot(qg), the largest nontrivial root
keep track of the adjacency matrix of current multigraph A < 0eR
for1 <k<ddo

for permutation P € S, do

# compute current characteristic polynomial and divide out trivial roots +k (current multigraph

is k-regular)

(2n)x(2n)

—_ =
T2 0 XN kN

H
»

0 P
PT 0
14: # compute the expected characteristic polynomial over remaining perfect matchings having

fixed those in A and the new one specified by P
15: Gr(x) <« (tB8,_1 p4s_x)(x) # use convolution formula in Theorem 47
16: if maxroot(q) < r,_; = maxroot(qi_;(x)) then
17: Gr(x) < g (x)
18: 1y < maxroot(qy)

0 P
PT 0
20: break out of inner for-loop
21: end if
22: end for
23: end for
24: return A

13: tHx)— x|A+

”(x)/(xz—kz)

19: A—A+
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10.6.1 A Modified Interlacing Family

The key observation of [42] was that by Theorem 45, there is no need fix an entire matching at once. In
particular, [42] proposed the following variant of the interlacing family we considered earlier. For con-
venience, we index the 2n vertices by [2n], with [n] indexing the vertices on one side of the bipartition
specified by M.

Definition 24 (Partially Specified Matching). A partially specified matching is a bipartite matching such
that vertices 1,...,t are matched and no vertex t+1,...,n are matched. The Matching Interlacing Family is
the interlacing family obtained by taking the nodes to be partially specified or perfect matchings, with the
child of an internal node that has matched vertices 1,...,t either matching vertex t + 1 if t < n, or starting a
new partially specified matching (matching vertex 1) if t = n.

Note that the Matching Interlacing Family still has the same leaves as that of the original interlacing
family; thus, the roots of the Matching Interlacing Family and the original interlacing family are also equal.
Hence, the upper bound on the largest nontrivial root remains valid. The only thing one has to prove is
that the Matching Interlacing Family is in fact, an interlacing family.

Theorem 53 (Lemma 3.1 from [42]). The Matching Interlacing Family is an interlacing family.

Proof Sketch. Fix permutations P,...,P,_; € S, specifying perfect matchings, and a permutation P, ; speci-
fying a partially specified matching up to and including node 1 < t < n. The main detail here is to instead
consider the random adjacency matrix

Akt = Aki(Sk 41, Ske1r - Sas Prye o Pt P t)

k-1 T d
def 0 P 0 Sk,t+lpk,tsk t+1 0 S;

= + ) +

Yo 8 s S ] [

i=1
and its expected characteristic polynomial
Ejt(x) = Ext (% Py, ..., o1, Peyt)

def
= E o DX AR Skt kvt Sai Pryv s Py, Be)] ()]
)

Sk15-Sa~unif(Sy), S, 141 ~unif(Sy
for every 1 <k <d and every 1 <t <n, where S,1,...,S; are independent uniformly random permutations

for yet-to-be-determined perfect matchings, Sy ;.1 is a random permutation such that Sy ; P, ; gives a perfect

t+1

matching, and S,(fH) is the subgroup of S, of permutations fixing 1,...,¢ (with convention S,S )= S, when

t=0).

Even though we have not explicitly analyzed these random adjacency matrix, we’ve already set up all
of the machinery required to prove this result. For details, we refer to [42]. O

The main benefit of the Matching Interlacing Family is that the number of children of an internal node

drops to n; while the depth of the tree increases to d#, the total number of nodes in this interlacing family
tree is still superexponentially smaller. The new algorithm is now as follows:
As stated in the algorithm, the one thing preventing us from obtaining an efficient algorithm is the lack of
nice convolutional formulas for computing the expected characteristic polynomial Ej ;(x). The majority of
the work of [42] was to show how to compute the coefficients of Ej ;(x). [42] first proves a new quadrature
result:

Theorem 54 (Theorem 4.1 from [42]). Let A € R™" be arbitrary (not necessarily symmetric) and let P ~

. 1 . ) ) . ,
umf(S,(ltJr )), which we view as a random permutation matrix that randomly permutes e;,1,...,e, and fixes e, ..., e;.
Then, the expected characteristic polynomial of
+ 0o P
PT 0
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Algorithm 5

Input: a degreed > 3;asizen>d/2
Output: the adjacency matrix of a d-regular bipartite Ramanujan multigraph G = (V,E) with |V|=2n
0

1: set M = I é ] # adjacency matrix of a fixed perfect matching on 2 vertices

2 set p(x) = po(x) = (x— 1)
3: for1 <k<ddo
4: # compute and cache k-wise convolution of p with itself:
5; pr(x) = (pB8,_1...BE,_1 p)(x) = (px_1 BE,_1 p)(x) # use convolution formula in Theorem 47
6: end for
7: compute qg o(x) = S(p;(x)); this is the root of the interlacing family tree (after dividing out x2-d?)
8: compute ry o = maxroot(qg ), the largest nontrivial root
9: keep track of the adjacency matrix of current multigraph A < 0
10: for 1 <k<ddo
11: keep track of current matched vertices with permutation F; initialize Py « I
12: for vertex 1 <t <ndo
13 for unmatched vertex n+1 <v < 2n do # potential neighbor of ¢
14: set S;, to be the a fixed (deterministic) swap that matches ¢ to v
15: compute Ej ;(x) # NOTE: need new routine (that we don’t already know how to compute)
16: if maxroot(Ey ;) < ry; = maxroot(qy, ;) then
17: Gk, (x) < Eg ¢(x)
18: Tkt < Maxroot(qy,;)
19: PSP
20: break out of inner for-loop
21: end if
22: end for
23 end for
24: update A «— A+ 0 P ]
PT 0

25: end for
26: return A
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is equal to the expected characteristic polynomial of

0 A
AT 0

0
+[QT§]

where Q is a uniformly random orthogonal matrix that fixes the subspace spanned by ey,...,e;.

Then, [42] reduces computing Ej ;(x) to computing the coefficients of the expected characteristic poly-
nomial of (A + Q)T(A + Q), where again, the expectation is taken over orthogonal matrices that fix the
subspace spanned by ey,...,¢;. Finally, to compute these coefficients, [42] introduces a trivariate polyno-
mial, written as a determinant of a (2n) x (2n) matrix. It turns out the kth coefficient of the characteristic
polynomial we are interested in is a linear combination, with polynomially many terms, of the coefficients
of this trivariate polynomial. We refer the reader to [42] for details of the analysis. These ingredients com-
bined make Algorithm 5 a polynomial time algorithm for producing the adjacency matrix of a d-regular,
bipartite Ramanujan multigraph.
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Open Questions

Is there an efficient algorithm to find the vectors promised in Theorem 21?

Is there an efficient algorithm to find the good graph covers promised in Theorem 34 and Theorem 39?
How can we reduce the computational complexity of the algorithm from [42]?

How can we remove the bipartiteness condition in the Ramanujan graph constructions?

What are other interesting applications of the method of interlacing polynomials?
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