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ABSTRACT. We study n X n random symmetric matrices whose entries above
the diagonal are iid random variables each of which takes 1 with probability
p and 0 with probability 1 — p, for a given density parameter p = «/n for
sufficiently large a.. For a given such matrix A, we consider a matrix A’ that
is obtained by removing some rows and corresponding columns with too many
value 1 entries. Then for this A, we show that the largest eigenvalue is asymp-
totically close to o+ 1 and its eigenvector is almost parallel to all one vector

1,...,1).

1. INTRODUCTION

We study the largest eigenvalues and their eigenvectors of random symmetric
and sparse 0, 1-matrices. Spectral analysis (of matrices) is in general to ana-
lyze eigenvalues and eigenvectors (of given matrices). Random matrices and
their spectral analysis play key roles in many problems in information sciences.
In particular, analyzing random symmetric 0, 1-matrices has been shown quite
important for the design and analysis of combinatorial algorithms such as graphs,
etc; see, for example, a survey [1] of Alon for relation to graph algorithms, and a
paper [3] for relation to SAT algorithms. Because of its importance, several de-
tail spectral investigations have been made for random symmetric 0, 1-matrices.
Yet our understanding is still limited; many important questions have been left
open, and there seem to exist some interesting but unknown spectral properties.
In fact, using powerful approximation methods developed in statistical physics,
many interesting and useful spectral properties have been shown approzrimately
under certain heuristic assumptions. We have been trying to give rigorous justi-
fications to such approximate analysis, and this paper reports one set of results
on the largest eigenvalue and its eigenvector of a random symmetric and sparse
0, I-matrix.

For explaining previous related work, we first introduce some notions and nota-
tions for discussing the results precisely. Let N denote the set of positive integers.
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Mechanical Informatics” (22300003) and the JSPS Global COE program, “Computationism as
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Throughout this paper, we will use n € N as a size parameter, a parameter de-
termining the size of matrices and vectors. Let [n] denote the set {1,...,n}. Our
analysis is stated asymptotically; that is, we consider the situation where n is
sufficiently large. In particular, by “w.h.p.” we mean that a given event holds
with probability approaching to 1 when n — oo.

Our target object is an n x n random symmetric matrix A = (a;;) whose
diagonal entries are zeros and whose entries above the diagonal are iid random
variables, each taking value 1 with probability p and value 0 with probability
1 — p. A parameter p is called a density parameter. In this paper, we consider
“sparse” matrices, where p is small and A has on average not so many entries with
value 1. Precisely, we consider the case where the density parameter is defined
by p = a/n for some sufficiently large o > 0.

The largest eigenvalue and its eigenvector are the most important subjects of
the spectral analysis. In this paper, we use A\; and x; to denote the largest eigen-
value of A and the normalized eigenvector of this eigenvalue. Roughly speaking,
we may expect that A; is close to pn and that x; is almost parallel to vector
1=(1,...,1)/y/n, or more quantitatively |(x;, 1)| is close to 1. (Throughout this
paper, we will use a to denote the quantity |(x;,1)|.) To see these fundamental
spectral properties, let us consider a matrix A Whose each entry takes the expec-
tation of the corresponding entry of A; that is, A’s each diagonal entry is 0, and
its each nondiagonal entry is p. For this A it is easy to see that A1 = p(n—1)1.
That is, p(n— 1) = pn is one of the eigenvalues of A and its eigenvector is parallel
to 1; furthermore, it is not so hard to show that p(n—1) is the largest eigenvalue.
Thus, it seems that A\ &~ pn and a =~ 1 on average. In fact, results supporting
this intuition have been shown in the literature, and they have been used as key
facts for the spectral analysis of algorithms. The detail analysis, however, has not
been done completely, in particular for the sparse case that we will study in this
paper. Note that these properties may not hold in the sparse case. One reason
is, as pointed out in the literature (e.g., [2]), the fact that the possibility to have
some rows (and columns by symmetry) with unusually many value 1 entries is
not so small; such rows and columns cause certain irregularity, which affects \;
and x;. But even in this case, we can still expect similar properties if we remove
such rows and columns.

Recently, by using powerful approximation methods developed in statistical
physics, various spectral properties of random sparse matrices have been demon-
strated [7]. Although their analysis uses certain approximations and heuristic
hypotheses, the results that match very well to computer experiments seem quite
informative and useful. For the above explained fundamental properties, they
showed that if o > 1, then we have

1
M~ a+1l, and a = 4/1——
o
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for random symmetric 0, 1-matrices created with density parameter p = «/n (and
then modified by removing rows and columns with too many 1 entries). In this
paper, we prove that these relations asymptotically hold w.h.p. for sufficiently
large a.

Note that a = pn. Thus, A\ & a + 1 = pn + 1 is different from our intuition
A1 = pn by +1. One can derive a similar estimate with the +1 term from the
earlier result of [6] for the dense case where p > (1). More recently, Krivelevich
and Sudakov [8] analyzed the largest eigenvalue for the sparse case. While their
result include some other case, the relation that we can show from their result
is Ay = (14 o(1))pn, which is still not sharp enough to show this +1 term. Our
result is the first one that gives a sharper estimate deriving the +1 term.

2. PRELIMINARIES AND KEY LEMMA

As mentioned in Introduction, we consider an n X n random symmetric matrix
A whose diagonal entries are zeros and whose entries above the diagonal are
iid random variables, each taking value 1 with probability p and value 0 with
probability 1 — p. We will use symbols &, n, ... to denote unit vectors. On the
other hand, for general vectors, e.g., U, by U, we denote a unit vector v/||v|| that
is obtained from v by normalization. Let 1 and 1 denote all one vector (1,1, ...,1)
and its normalization respectively. For each ¢, 1 <7 < n, let x; denote the ¢Th
largest eigenvector of A.

We rely on the analysis of random 0, 1-matrices given by Alon and Kahale
2], which is based on the approach given in [5]. More specifically, we base the
following lemma given by Coja-Oghlan et al. in [3, Lemma 45]. (Below, we use,
e.g., #S to denote the number of elements in the set S.)

Lemma 1. Let A be a random matrix as explained above with density parameter
p = a/n. For some sufficiently large constant dy, if o > dy, then for any constant
c1 > 1, there exists some co > 0 such that the following three statements hold
w.h.p. for the random matriz A.

(1) Let V' = {i € {1,...,n}|> 7 aij > cipn}, and V' = {1,...,n} = V". Let
n = #V' and A" = (aij)ijev: be the induced n' x n' matriz. Then we have
n' > (1 —exp(—pn/ca))n.

(2) For any unit vector € such that €11, we have ||A’E|| < can/pr.

(3) |AT — pn'1|| < con/pr.

The lemma states first that the number of rows (resp., columns) with unusually
many 1 entries is not so large w.h.p. (for sufficiently large «). It then states that
after removing such rows and columns the remaining matrix, i.e., the matrix A’
of the lemma, behaves w.h.p. more or less similar to the “average” matrix. This
A" will be the target of our analysis of this paper. (In the next section, we will
use A to denote this A’.)
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We prepare some more technical lemmas. Here we introduce our order nota-
tions that will be used throughout this paper. For any positive function f(n), we
use O(f(n)) and o(f(n)) to denote some positive functions fi(n) and fo(n) that
are defined in each context to satisfy 3c; > 0, Iny € N, Vn > ny [ fi(n) < c1f(n)]
and Ve > 0, Ing € N, Vn > ny [ fa(n) < cf(n)] respectively. Note that we
consider only positive functions, which is different from the standard order nota-
tions. This is for simplifying expressions and derivations. For example, for our
notations, it does make sense to write expressions such as f(n) < o(1) or use
derivations such as (y/pr + 0(1))* < pn + o(1) (because pn < O(1)).

Our first technical lemma is a main lemma of this paper. This is a stronger
version of the statement (3) of Lemma 1.

Lemma 2. W.h.p. we have
A1 = pnl|® = (p — p*)n®| < pn'**.

Hence, by choosing 6 < 0.5, we immediately have
[ IAT = pn1|| — /pr| < o(1).

As shown below, for proving these bounds, we do not need to modify a given
random matrix by removing rows and columns with too many 1’s as explained
above. In other words, the modification was essential for proving (2) of Lemma 1.
On the other hand, our real target matrix is A’ that is obtained by remov-
ing rows of V’ (and corresponding columns). Then we need bounds similar to
the above for such A’, and for this, the following corollary is given. Below let
1/ = (1,...,1)/v/n’. (Its proof, which idea is essentially given in [3, Proof of
Lemma 39], is stated in Appendix.)

Corollary 3. W.h.p. we have
AT = T = /pr | < O((p')?) + o(1).

Now consider the proof of Lemma 2. Analysis of this type becomes much easier
if we may assume that a given matrix is “completely random”, i.e., all nondiagonal
entries are iid random variables. On the other hand, our target random matrix
A is symmetric, and there are correlations between a;; and aj for all pairs of
iand j, 1 < i < j < n. In fact, in the previous work [3, 4] some interesting
techniques have been introduced to avoid such correlations. Here we take more
direct approach and prove the lemma by considering these correlations. But in
order to show the outline, we prove the lemma here ignoring the correlations; a
tedious but rather straightforward argument for taking care the correlations is
stated in Appendix.

Proof of Lemma 2 (Outline). For each i € [n], let X; = . a;;. Note
that these are not iid random variables. But let us assume here that they were
independent. (There is only one point in the whole proof where this independence
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is used, which will be reminded explicitly below.) Next we let ¥; = (X; — u)?,
where ¢ = E[X;] = p(n — 1), and let Y = ). Y;. Then we have
ElY] = E[X7] -

= pn—1)+p*(n—1)(n—2) —p*(n—1)*

= pn—1)—-p'(n—-1) = (p—p*)(n—1).
Hence, we have E[Y] = (p — p*)n(n — 1).

On the other hand, following the argument of [3, Proof of Lemma 39|, we have

VY] < E[Y?] < O((pn)?), which is bounded by O(1) because pn is a constant
for our choice of p. Now if all Y7, ..., Y, were independent, then we would have

(1) X)/ | < nE[Y?] < O(n).

Then by using Chebyshev bound, we can show that Y is close to E[Y]. More
precisely, we have

PqW—EWH>m””]<-@§gm
O(n)
< W < 0(1)'

Note, on the other hand, that what we want to estimate is Y _,(X; — pn)? =
> (Xi — p—p)? Let Y/ = (X; — u — p)*. Then noting
Y/ = (Xi—p—p)?* = (Xi— )" = 2p(X; — p) +p”
= Vi —2p(X; — p) +p°,

we have
EY/] = EYi]+p* = (p—p*)n+ (2p° — p).

[(Y; ]

[((Y; - 2p —p) +p%) — (B[Yi] +p?))?]
= [ - 2P(Xi - ,U) )2]

= V[V + 4p2V[X]

< O(1)+0(p*) < o).

Hence, for Y/ = > .Y/ we can again show that Y is close to E[Y’] w.h.p., and

i)

from this we have
o(1) > Pr[|Y'—E({’)| > 2pn'"*]
= Pr[[Y' = ((p—p*)n* + (29" = p)n)| > 2pn""*]
Pr [|Y’ ~(p—p)n?| > pn1.5+5] 7
where the last bound holds for any sufficiently large n.

Also we have

E [(
E
E
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Finally consider the real situation where Y7, ..., Y,, are not independent. Even
in this case, as shown in Appendix, we still have V[Y] < O(n) and similarly
VIY’] < O(n). Therefore, essentially the same analysis as above is sufficient for
the lemma. O

Let us state some more small technical lemmas. In the following, let A" and
n' be the random matrix and its size given in Lemma 1, and let 1’ denote the
vector (1,...,1) with n’ components. We assume that the part (1) of Lemma 1
holds.

Lemma 4. For any unit vector & that is perpendicular to 1’, and for any unit

vector n, w.h.p. we have
|<AI£7 77>‘ < Coy pn,'

Proof. Let A’ = ) . a;X/;, by using eigenvectors x’;, X'y, ..., X' of A’, Then
from Lemma 1 (2), w.h.p. we have

doai = [|AEP < copn.

On the other hand, letting § = >, b;x’;, we have >, b7 = 1. Then the lemma
is shown by

(A/Ea"7>2 = <Zaixlivzbjxlj> = (Zaibi)

7

< (Z a?) (Z bf) < (ep)?pn. O
i J
By using this lemma, we can bound eigenvalues as follows.

Corollary 5. For some constant cg (e.g., letting c3 = 3), w.h.p. we have

INi| < cscan/pr/
foranyi, 2 <i<n’.

Remark. The coefficient c3 = 3 is a bit loose. In fact, we have |\,| < co/pn/
foralli, 2 <i<n'—1.

Proof. We make use of the following Courant-Fischer characterization (recall

that £ denote a unit vector):

N = max min{A'E &) = min max (A€, €).
! S:dim(S)=i €€S< &8 S:dim(S)=n’—i+1 €€5< £:¢)

First for bounding X, and X/, we use Sy = {v|vL1’}. Then w.h.p. we have

Ay < max(AE,€) < cpy/pr/, and
€Sy

A1 > éni;1<f4£,€> > —con/pn.
€950
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Finally for bounding A}/, we let £, to denote the one that defines A, =
(AE,,&,). Let &, = al’ +bn, where a = (£,,1’) (and thus |al,[b| < 1 and nL1’).
Then by using (i) (A’1’,1’) > 1, (ii) the symmetry of A’, and (iii) Lemma 4, we
have

Nyo= (A€, €) = (Aal’ +bm),al’ +bn)
= a*(A'1,1") + ab((A'm, 1) + (A1 1)) + b*(A'n, n)
= a®(A'17,1) + 2ab((A'n,1") + b*(A'n, )
> —(2ab + b?)\/pn/,

which is our desired bound. O
On the other hand, since (A'1’,1’) is >, a;;, we have the following from the
Chernoff bound. This shows that \| > pn’ — o(1).

Lemma 6. For any 0, 0 < § < 1/2, w.h.p. we have

pn/_pn/ka S (Al?,?> S pn'—l—pn’lf‘;.

3. MAIN ANALYSIS

As explained above, we will analyze matrix A’ that is defined in Lemma 1 by
removing rows of V" (and the corresponding columns) from matrix A generated
randomly with the density parameter p. We may assume that Lemma 1 (1) holds.
For simplifying our notation, throughout this section we will use A and n (instead
of A" and n’) to denote a random matrix of this type and its size respectively.
Also throughout this section, we assume that « is sufficiently large, or, more
specifically, a > (¢3)?, where ¢, is the constant of Lemma 1.

For stating our result succinctly we introduce some more order notations. By
0a(1) and o,+(1) we denote some positive functions e;(a) and e9() that are
defined in each context to satisfy e;(a) < di/ab and g9(a) < dy/al® respectively
with some constants by, dy, ds > 0 independent from n and . That is, while o,(1)
goes to 0 when a goes 00, 0,+(1) is a function that goes to 0 faster than 1/a.
For any positive function f(«), if it satisfies that ¢ > 0, ag > 0, Vao > ayp, then
we have

! < L 4o.(1), and

YA —— —— +04.(1), an

fla) =oa(1) = fla)

1 S 1 (1)

Y —— — 0,(1).

fla)+oa(l) = fla)
These derivations are useful in the following analysis. With this notation, the
bound of Corollary 3 can be restated as

(2) AT = pnl]| = vpn| < o4+ (1) + o(1).
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What is essential for our analysis is the relation between x,; and 1. In the
following we fix aq, ..., a,, b, and x to those satisfying

I = axy+- +anx, = axq +0x.
Here recall that the overlap a is defined by a = (x;,1). Hence, we have a; = a
and
x; = al+bn
for some 7 such that n11. Note that a* +b* = 1 and b = .., af. Thus,
for bounding a (which is one of our goals), we will estimate )., a; (= b*) and

VI (= a).

Here the key tool is the bound (2) applied to the following relation:

IAT —pn1]* = |A (Z az-x,-) —pn (Z am)

7 %

2

2

= Z(ai)\i — 'Pn)Xi

%

(3) = ) ai(h—pn)

)

Theorem 1. W.h.p. we have

1

(4) a > \/1———0a+(1)—o(1).
a

Proof. By using (2) and (3), we have

pn+ 0q+(1) + o(1)

> Z (\; —pn)* > Zaf(Ai—pn)Q
S e - — 3 - eon

i>2 i>2
Hence
G) =Y a < ool 1 a0y o),
= (VPN — ) (Va—c)?
and then our desired bound (4) follows. O

Next we give the following upper bound for \;.
Theorem 2. W.h.p. we have
(6) A1 < a+1+04(1)+o(1).
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Proof. We first show that
7 A<
( ) 1 o+ 0

holds w.h.p. Let w = A1 —pnl. We estimate (A1, x,) in the following two ways:

(AL x1) = (Alax; +bx),x1)
= (a\x; +bAx,Xx;) = a\;, and
(A1,x,) = (A1,al +bn)
= a(AL,1) + b{pnl + w,n)
= a{A1,1) + b{w,n) < a{Al,1) + b||w||
< a{A1,1) + by/pn+ 04+ (1) 4+ o(1) (by (2) and [b] < 1)
< a(A1,1) + b + 04+ (1) + o(1). (by (5))

VPN — G2

The bound (7) follows from these two bounds.
Next we derive (6). First note that from (4) we have

1. <1+§+0a+(1) +0(1)>2.

a2
Using this bound, the desired bound is shown by

1
)\1 < o+ —- \/a

a o — Cy

+ Oa+(1) + 0(1)
< a+ é (1 + 0a(1)) + 0+ (1) + o(1)

< a+ (1 + é + 04+ (1) +0(1)) (1+04(1))
< a+1404(1) +o(1). O

Theorem 3. W.h.p. we have

(8) o < \/1 4o (1) 4 o(1).

Thus, within our approximation, this upper bound matches to the lower bound

(4)-



10 ANDO, KABASHIMA, TAKAHASHI, WATANABE, YAMAMOTO

Proof. Here again using (2) and (3), we have

pn — 0q+(1) — o(1)

<

<

> ai(\ —pn)?

%

a*(\ —pn)* + Z aZ(\; —pn)?

1>2

n
b + 0a+ (1 )+ Z (pn + cscay/pn)’.

(VP — c2)?

1>2

Here for deriving the last inequality, we used bounds for A\;: a lower bound

pn —o(1) is from Lemma 6, and an upper bound is (7).

Hence we have

v =

Hence,

Za > — (VP = ca) — 0a+(1) — 0(1)

1>2

1-(Va—c)

(coc3 + \/p1)?

— 04+ (1) — o(1).

(c2c3 +V/)?

a < \/1—1_(\/5_02)_2+oa+<1)+o(1).

(cocs + Va)?

Then the bound (8) of the lemma follows.
Finally we show the following lower bound for A;.

Theorem 4. W.h.p. we have

(9)

Proof. We start by estimating ||A1|?>. Let w’ = A1 —

w’ L1, we have

IATI* = (AL T)* + w'[* > (pn—pn'™

Al > a+1—o04(1) —o(1).

(10) > (pn)® + [Jw'[|* = o(1).
On the other hand, we let w = A1 — pnl, and then we have

w' + ((AT,T) —pn)T = w.

Hence, by the triangular inequality, we have

[’

>

i (0 m|

|AT — pn| — H( AT I>1—pn)IH
(vpr = 0a+(1) = o(1)) — || (pn

(A1,1)1. Then since

)* + [lw'|?

O,
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where (2) and Lemma 6 are used to get this bound for some 6 > 0. Thus, we
have

|w']| > /pr — 0q+(1) — o(1).
Then by (10), we have
(11) IAT]* > (pn)* + pn — 04+ (1) — o(1).
On the other hand, we have
JAT|? = a®XT+) afX! < a’AT + b (cse2)’pn.
i>2
Hence, by using (11), we have
1
R > (n)? 4 pn = Bleses)pn — 0w (1) — o(1)
o’ 2 2
— +a—b(cze) a0 — 04+ (1) — 0o(1).

Now we analyze below the first and the third terms of this bound. For the
third term, by using the upper bound (5), we can show some constant d; > 0
exists such that

b (cses)?ar > (% +0ar (1) + 0(1)) (ca62)2x

> dy 4+ 0,(1) + 0(1)

holds. On the other hand, by using (8), we have some dy with which the first
term is bounded by

2
a 1 9

> .
@ = 1-1jaton()+o(1)

_ <1+ 1 - a0, (1) )_QQ

a—14a-0,+(1)

s a?—a’ 0,1 (1)

>
=t a+ - 04+(1)
1
> 2 —d 70.5.
(1+a(1+%qm) 2

From these bounds, for any ¢ > 0, we have

1—c¢ 1—¢ 2
A2o> a2 +2
1—-a'%a(1+%qn)+(1+%wm>

20 1—¢€ 2 05
- —dy — dya™" — 0,4 (1) — 0(1
e~ (o)~ e ow V)=o)

where the sum of the last six terms is positive by taking € = dza ™ +o04+(1)+o0(1)
for some sufficiently large constant ds > 0.
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Therefore, with this ds, we have

1 —dsa ™ — 0,+(1) — o(1)
A 1— 1) —o(1). O
1 >a—|—( T o (1) > a+ 0o+ (1) — o(1)
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APPENDIX

. Analysis of V[Y]. Here we give a detail analysis of V[Y] that is omitted in

the proof of Lemma 2. We use the same notations, but let us recall important
ones.

Xio= Y ay, po=EX)] = p(n—1) < O),

Y, = (X;—p)? andY = ) Vi

For simplifying our notation, we introduce here the following notations:

(12) Exy = E[X7] = p(n—1)+p*(n—1)(n—2),

Eyi = E[Yi] = E[(X;—p)’] = Exy—p® and
Ey, = E[YY] < O((pn)®) < O(1).

By symmetry we have Fx, = E[X?], Ey; = E[Y;], and Ey, = E[Y}?] for all i € [n].
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Our goal is to estimate V[Y]. Let v = E[Y]; note that v = nFEy;. First by
definition we have

VY] = E[(Y —v)}] = E[Y?-2Yv + /7

= E <ZY> —2E[Y]yv+1v* = E (ZY) —v?
B>V Svivy

i’
= nEyy+n(n—1)E[Y; - Y] — n*(Ey,)?
(13) < nBy; +n? (E[Yl Ys] — (EY1)2) )

+ K — 2

where by symmetry the choice of Y; and Y5 is not essential.
If we could assume that Y] and Y5 are independent, then we would have

(13) == 7’LEY2 + TLQ (E[}/l] . E[Yé] - (EYl)Q) == TZEYQ

Thus, for our estimation, we consider the difference between E[Y;-Y5] and (Eyy)?2.
Again by definition, we have
E[Y; - Y3
= E[(Xi —p)’(Xo — p)?]
B [(X? = 20Xy + %) (X3 = 20X, + p1°)]
= E[X]X] - 2uX7Xo + X7
—2u X1 X5 + AP X1 Xo — 28 X0 + 12 X5 — 208 X + ]
(14) = E[X7X3] — 4uE[X] Xo] + 4p°B[X1 X + 2p* Fxo — 4u* + pt.
We estimate expectations E[X?X?2], E[X2X], and E[X; X))
First consider E[X X5]. Since X; = Zj arj and Xy = Zj asj, the correlation

between X; and X, is caused only by ajs = aop; all the other variables are
independent of each other. In the following, let us use the following notations:

Sal = Zalj, and SaQ = Zagj.
#2 A1
Also let @’ denote a1o = as;. Hence, we have X; = S, + @’ and Xy = S0 + @/,
and it holds that
EXiXo] = E[(Sa + ) (Sa2 + )]
= E [Salsag] + 2E [CL,Sal] + E [CL/Z}
(p(n —2))* +2p(p(n — 2)) +p

(15) = p’n(n—2)+p = i’ —p’ +p
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Next consider E[X7X5]. Again using our notations, we can evaluate it as
EIXIXs] = B|X2Sa+ (Su+d)’d|
Exs - E[Sa] + E [@/(Sa1)?] + E [2a”%Sa1] + E[a”]
= Exo-(p—p)+p(p*(n—2)(n—3)+3p(n—2)+1)
Here we compare the last term of (16) and
Exy = p(n—1)+p*(n—1)(n—2). (by (12))
Then we have
(16) = Exz-(n—p)+p(Exz+2pn+1—2p*(n—2) - 5p))
= Exo-p+2p°n+p—2p*(n —2) - 5p°.
The last one is E[X2X2]. This can be stated as
EX{X]] = E[X7(Sw+d)?]
= E[X7 ((Sa2)? + 20/ Ss2 + a”)]
= Ex2-BE[(S2)%] + E[((Sa1)® + 20/ Sa1 + a”?) (2d/Saz + )]
= Exo- E[(S2)]
+E [20/(Sa1)*Sa2] 4+ E [a”*(Sa1)?]
+E [4&'2(531)(&2)] +E [2@'35’&1}
+E [2a”S,2] + E[a"]
= Exa Exy + 2pp' By + pEly + 4pp”™ + 4pp’ + p,

where we let E’, and p’ denote E[(S.1)?] (= E[(Sa2)?]) and E[Sa] (= E[Sa2))
respectively.
Here note that

Ex, = E[X]] = E[(S3 +2d/Sa +d?] = E,+2py +p.
Hence Fxs - Exo is expressed as
Exo-Exs = FExa- (Exy+2py +p)
= Exa- Exy + (Exy + 2p4’ +p) 2pp’ +p)
= Exo By +2pi' By + pElyy +4p"n™ + 20° 1 + p*.
Comparing this with (16), we can easily see that
(16) E[X?XZ] = (Exo)’ +p(4p? +4p/ + 1) — p* (4 + 24 + 1)
Now by (15), (16), and (16), we can restate (14) as
E[Y1-Ya] (= (14))
< (Bxo)’ = 20 Bxo + p* + p(4p” + 4/ + 1) + 4u(2p* (n — 2) + 5p%) + 442°p.
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On the other hand, since we have
(EY1)2 = (EX2 - MQ)
and pn = a < O(1), it holds that
E[Y;-Y5] < EYi]-E[Yo] +p-O(1),

2
= (EX2)2 — 2,U2EX2 + /ﬁ4,

which implies
(17) VY] < nEys+n°p-0(1) < O(n).

This is our desired bound.

B. A proof of Corollary 3. Recall that A is an n-by-n symmetric matrix while
A" is n'-by-n’ (and symmetric). Also recall that we use 1 and 1’ to denote all
one vectors with 7 components and n’ components respectively, and that 1 and
1’ are the corresponding normalized verctors.

We note two facts used here: |||AT—pnI| — /pn| = o(l), and n' >
(1—exp(—pn/ce))n. As a first step to showing Corollary 3, we derive the following
bound:

H‘A'?—pn?

v
< H’A’?—pn? —||AT —pnTH‘ + |||AT = pn1|| = /pn|

— ||AT - pnTH‘ +o(1).

< ‘HA’? —pnl’

For the first term of the last formula above, we invoke a claim from [3], precisely
the formula (28) therein. That is,

VS c VS| < (pn)n [ZZ@W < (pn)_Sn] .

veV ues

Let ©, =Y cpr Goy a0d Yy = Y cym Quy. Then, > 1y, < (pn)~°n. Thus,

1A'V = prl|I* — |AL = pnd|[|* = (wy —pn)* = D (20 +yo —pn)?

veV’ veV

< Z ((xv - pn)2 - (xv + Yo — pn)Q)
veV’

< Z 2pny, < 2pn(pn)°n = 2n(pn)~*
veV’

Thus, noting that A and A" are n-by-n and n’-by-n’ respectively, we have

AT > ¥ T2 —4
H —pnl i HAl —pnl” < 2(pn)~".
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This implies

(1 = exp(—pn/cy))

—

Thus,

A1 —pnl’

<

A1 — pnl’

<

A1 — pnl’

<

A1 —pnl’

<

A1 — pnl’

H‘A'?—pn?

‘A'?—pn? L HAT—pnTH2 < 2(pn)~*

" AT = puT|f? /(1 — exp(—pn/c2))

2(pn) /(1 = exp(—pn/c2))

" |IAT — puT )P (1 + 2exp(—pn/ey)

2(pn) (1 + 2exp(—pn/cy))

= ]| AT - puT

2(pn) (1 + 2exp(—pn/ca)) + 2exp(—pn/es) | AT — pnI||”
" |AT - pn

2(pn) (1 + 2exp(—pn/cz)) + 2 exp(—pn/ca)(pn + o(1))

2 — —12
— ||AT = pnT||” < 3(pn) ™.

— V| < O((pn) ™) +o(1).

Next, using this, we derive

‘ HA’? —pn'1l’

- w/]zm’ = ‘H(A’?—pn?) + (pnl’ — pn'1")|| — \/pn‘
< H‘A’T—pn? - \/pn’ + Hpn?—pn’?

IN

O((pn)~?) + (pn — pn’) + o(1)
O((pn)~?) + o(1).

Finally, the target bound is derivied by

H‘A’?—pn’?

—pr/| < H‘A’?—pn’? —\/]%‘—l—‘\/p_n—\/p_n’
< O(pn) ) + |V — v/ | + o(1)
< O((pn)™2) +o(1),
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where the last iequality comes from

Vo — /o’ < a7 = a-— Va(l —exp(—a/e)) < o™
1= (1 - exp(—a/e)V? < a 212
1= 52 < (1 - exp(—afey))
(1—a™?)? <1—exp(—a/c)
1-207°2 +a7°<1—exp(—a/cy)
exp(—a/cy) <2a7%? —a7®

1reey

since we let a = pn.
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