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A COMPARISON OF SCORES OF TWO PROTEIN
STRUCTURES WITH FOLDINGS
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Let {X;;i> 1}, {Y;; i > 1}, {U,U;; i =1} and {V, V;; i > 1} be four
ii.d. sequences of random variables. Suppose U and V are uniformly
distributed on [0, 1]3. For each realization of {U;; 1 < j < n}, {X,"p;
1 < p <n} is constructed as a certain permutation of {Xp; 1 < p < n} for
any 1 <i <n. Also, {Yj’p; 1 < p <n},1<j <n, are constructed the same
way, based on {Y;} and {V;}. For a score function F, we show that

m
W, := max ZF(Xl-’p,Yj’p)
p=1

1<i,jm<n “—

has an asymptotic extreme distribution with the same parameters as in the
one-dimensional case. This model is constructed for a comparison of scores
of protein structures with foldings.

1. Introduction. During the last fifteen years, a number of authors studied
biomolecular problems; for example, Arratia, Gordon and Waterman [3, 4],
Arratia, Morris and Waterman [5], Karlin and Ost [16], Arratia, and Waterman [6],
Karlin and Altschul [15], Karlin [14] and Dembo, Karlin and Zeitouni [8, 9].
Based on these works, the BLAST program (see Altschul, Gish, Miller, Myers
and Lipman [1] and States, Gish and Altschul [19]) was established and is
being used widely in the area of bioinformatics. The papers are also used for
algorithms founded on information (likelihood ratio) scoring matrices as just cited
in Stormo and Hartzell [20] and Henikoff and Henikoff [12]. We next review some
bimolecular background relevant to this paper.

A protein is a polymer with a linear single chain called backbone, composed
of peptide bonds. Amino acids are the building blocks of protein. An amino acid
has three functional ends: an amino end, a carboxyl end and a side chain. There
are 20 different amino acids and they differ only in their side chain composition
in either charge, hydrophobic or chemical properties. The amino backbone of one
amino acid links to the carboxyl backbone end of another amino acid to form the
peptide bond that is the backbone of a protein chain. This single chain protein folds
into a stable complex three-dimensional structure in solution. Although certain
secondary structures (alpha helices and beta sheets) can be predicted from the
primary linear sequence, the overall three-dimensional structure is still beyond the
ability of even the best structural prediction algorithms available today.
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Suppose the letters of amino acids in a primary linear sequence are X1, X», ...,
X,. The positions of these amino acids in the three-dimensional space are
Ui,Us,...,U,. We usually call {U;; i =1,2,...,n} the folding of the protein
structure. The letter-position pairs of another protein chain are {(¥;, V;); i =
1,2,...,n}. Biologists are interested in local similarities between the two chains;
namely, there exist two neighborhoods By and By such that the alphabets of those
amino acids with positions U; in By and V; in By are similar. For example, they
may be completely the same or partially matched.

Previous works mentioned so far essentially use the following paradigm. For
a given real score function F'(x,y), which primarily has negative mean and an
essential positive part, they constructed statistics based only on the values of
X’s and Y’s without considering their foldings U’s and V’s. For example, in [8]
and [9], the statistic is the maximum of all ZzA:1 F(Xi11,Yj4) over all possible
i, j and A running in {1,2,...,n}. Since U and V are ignored, statistics used
there are not accurate. People have not taken this into account because the folding
is very complicated.

Building on [13], we construct a model to compare the scores of two protein
structures with foldings {U} and {V}, and then give its asymptotic distribution.
Now let us state our main result.

Let {X, X;,i=1,2,...} be a sequence of i.i.d. random variables with values
in a metric space X (not necessarily R9) and let the same be true of {Y,Y;, i =
1,2,...}. Let {U,U;,i=1,2,...} and {V, V;, i =1,2,...} be two sequences of
i.i.d. random variables with both the law of U and that of V being the uniform
distribution on [0, 1]3. Throughout this paper, we assume that the above four
sequences are independent. For any i € {1,2,...,n}, let {u; ,, p=1,2,...,n}
be a permutation of {1, 2, ..., n} such that

0= U0y, =Uill < Uy, = Uill < 0u;5 = Uill <--- < Uu;,, = Uill,

where ||x|| = max{|x{], |x2], |x3]} for any x = (x1, X2, x3) € R3. In other words,
we list U;’s in a row such that their distances to U; are in an increasing order.
Then the corresponding indices are {u; ,, 1 < p < n}. They are well defined with
probability one. By the same way, we obtain {v; ,} from {Vy, k=1,2,...,n}. For
simplicity, write U; , =U,, ,, Vip = Vy, .. Xip =Xy, , and ¥; , = Yo, for all

ip? i.p> Ui,p
1<i,p<n:
X1, X12,..-, X1, Y11, Y12,..., Y1,
X1, X22,..., Xon, 21, Yo0,..., Yo,
Xn,h X}’l,Za”” Xn,na Yn,la Yn,Za---7 Yn,n-
Define
m

Wnlz max F(X,"p,Yj’p),
=1

1<i,jm<n
J P
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where F(-,): 2?2 > R is a given real-valued function. The function F(-,-)
is usually called a score function in terms of protein matching problems. The
following is the only theorem in this paper.

THEOREM 1. There are positive constants 0 and K given in (1.3) and (1.4)
below, respectively, such that as n — o0, for any x € R,

—6x

P(W, >2logn/0+x)—1— e Ke

provided (1.2), (1.5) and (1.6) hold.

In practical problems, letters X and Y and distances ||U; — Ul and || V; — V||
between amino acids described as above can be obtained by X-ray. The score
function F(-, -) is given according to needs. Then W,,, 6 and K can be calculated.
Consequently, a statistical hypothesis test can be carried out. For a given score
function F, a conclusion on certain local similarities can be made.

Now, we state conditions used in Theorem 1. Denote the logarithm of moment
generating function of F (X, Y) and its rate function, respectively, by

Afp(t)=logEexp(tF(X,Y)) and

(1.D) A (x) =sup{tx — Ap (1)}, t,x eR.
teR

If there is no confusion, we also write A () = A(¢). The following condition is
standard in this context:

F(X,Y)isnonlattice, upurp:=EF(X,Y)<0 and

(1.2)
Afp(t) <o for all r € R.

It is obvious that the above condition implies that there exists an unique 6 > 0 so
that
(1.3) Ar(0)=0.

Also, under (1.2), Spitzer (E4 on page 217 from [18]; see also (5.13) in [11]
or Lemma A.2 in [13]) has shown that there is a constant K > 0 depending on
F(X,Y) such that

n
: 0x v
(1.4) im e P(Tg(i_ZIF(X,,Y,)m) — K.
Define a measure o* on X2 by
da* OF

’

d(pux X py)
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where ux and py are the distributions of X and Y, respectively. For any two
probability measures /., v on X2 recall the definition of relative entropy H (v|u) :

dv )
H(vm):{/y(k)g@)dv, if v,
+00, otherwise.

The following Dembo—Karlin—Zeitouni condition will be used in our theorem:

(1.5) H(a"|pux x py) > 2max (H(ax|ux), H(ay|pny)).

A detailed discussion about (1.5) is given in [8] and [9].

The following is the last condition we need in our theorem. Suppose {X, X1, X}
are three i.i.d. random variables with values in X and {Y, Y, Y;} are another three
i.i.d. random variables with values in X, which are independent of the previous
three. Assume

(16)  E(F(X|.1)TXN) 20 and  E{F(X, 1)’ FX12)} <.

The example below is motivated by the analysis of protein sequences. See
Remark 1 in [9].

EXAMPLE. On some space X with 1 < |X| < oo, define F(x,x) =1 and
F(x,y) = —m+/2 for x #y,x,y € X with m € N. Then, F(.,-) is nonlattice.
It is easy to check that conditions (1.2) and (1.6) hold for sufficiently large m.
Furthermore, condition (1.5) holds for sufficiently large m provided the following
condition ((1.7) in [9]) is true:

max § > ux(@py D loguy (i), ) ux(Dpy (i) IOgMX(i)} <—30e7".
iex iex

REMARK 1. In areal protein structure, the physical positions of amino acids,
that is, U and V, are not uniformly distributed in a cube. However, the proof of
Theorem 1 indicates that it does not depend on the specific geometry of a cube but
will apply in the case of any regular geometric shape on which {U;; i =1, 2, ...}
are uniformly or close to being uniformly distributed. For the of convenience
of mathematical proofs, the condition that letters X and their positions U are
independent is assumed in the above theorem. The proof indicates that this can
be relaxed too. However, it is unclear to what extent independence can be relaxed.

REMARK 2. In the theorem, we use the maximum norm |(x1, x2, x3)| =
max{|x{[, |x2], |x3]} to order a sequence of points {U;,Ua,...,U,} in R>.
According to the proof, the theorem still holds if the maximum distance is replaced
by other distances equivalent to the Euclidean distance.
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REMARK 3. As shown in Remark 3 from [9], condition (1.5) is almost
necessary in the one-dimensional setting. By contrast, (1.6) is not required in the
one-dimensional counterpart of Theorem 1. We need this condition here because
we have a more complicated structure than in the one-dimensional case as in [9].
Also, we do not consider the case of indels in this paper. So it is open whether
condition (1.6) can be dropped and how W,, can be adjusted in the indel case.

Finally, we make some remarks about the proof of the theorem. The main tool
of the proof is the Chen—Stein Poisson approximation method. Certain sharp large
deviation results are used to estimate rare events. Unlike the one-dimensional
case, the renewal phenomenon no longer occurs in our three-dimensional model.
Thus the usual declumping appearing in sequence-by-sequence matching (see,
e.g., [9]) disappears from our proof. This is because the model is constructed
in three-dimensional spaces in which some phenomena are much different from
the one-dimensional counterpart. For example, a simple random walk on one-
or two-dimensional lattice points is recurrent; but it is transient in the three-
dimensional case. One can see the fact of nondeclumping clearly from the proof
of Theorem 9 in [13], which is the motivating paper for the current one. Also,
a detailed explanation of declumping can be found in Section 2, page 543 of [3].

This paper is organized as follows: In Section 2, the proof of Theorem 1 is
given; in Section 3, some technical lemmas used in Section 2 are proved.

2. The proof of the theorem. The following Poisson approximation theorem
is a straightforward application of Theorem 1 in [2] (see also Lemma 2.2 in [13]),
which is a special case of the Chen—Stein method. The lemma is used quite often
in analyzing maxima of random variables. It is the starting point of the proof of
Theorem 1.

LEMMA 2.1. Let Q be a finite set and A is a collection of some subsets
of Q. Let { X, a € Q} be a collection of random variables. Write Sy =, ca Xa
and A =Y sc 4 P(Sa > t) for some t € R. Then

‘P(maxSA < t) —e M <A AAMDDB + b2+ b3),
AeA

where

bi=Y Y PSa>nP(Sp>1),

A€ B:BNA#D

by=Y Y P(Sa>t Sg>1),

A€ B:BNA#D

by= Y E|P(Sa>tlo{Sp;BNA=0}) — P(Sa>1)
A€A

’
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where o {Sp; BN A = &} is the o -algebra generated by the collection of random
variables {Sp; BN A = @}. In particular, if {X,, o € Q} is a set of independent
random variables, then by = 0.

Now, let us sketch the proof. The first step is to get rid of many subcubes
appearing in the definition of W,. Then W, is reduced to a simple form W, ;.
This is shown in Lemma 2.2. The second step is analyzing W, 1 by applying the
Poisson-approximation method Lemma 2.1 through the following two substeps:
(1) show that A in Lemma 2.1 has a limit, which is given in Lemma 2.4; (ii) prove
that b1 and b, in Lemma 2.1 go to zero as n — 00.

For any x = (x1,x2, x3) € R3, |Ix|| = max{|x{], |x2|, [x3]} is the maximum
norm. A ball centered at x and with radius r under this norm is denoted by B(x, r).
Thus, the volume of such a box is 873. Recall 6 is given in (1.3). For two numbers a
and b, by a A b we mean min{a, b}. For any positive numbers p and A, define

. 1( 2logn )1/3 mn log, n
e Vyvrw P ,
2\O0A' (O)n logn

n n
+
TS =2 LpwunH Up) A D Ly, i Vi),
p=1 p=l1

2.1) Qu={m>1; |m—2logn/0A (0)| < rv/(logn)log,n},

W j={m; T, <m<T5}NQ,

m
Wn,l - me‘l’i,l;'r,l?)f(i,jfn pX::l F(Xi’p’ Yj’p)’
where log, n = log(logn). By lni we mean ;7 or [, depending on the “+” sign
or the “—” sign occurring in the first assertion of (2.1). This interpretation applies
+

to TZJ too.

Suppose &1, &2, ..., &, are random variables. Let f(x,x3,...,x,) be a real-
valued function on R”. Define
2.2) EYfG1 6. 50 = E(fE1, 6, ... 6)IB),

the conditional expectation of f (&1, &, ..., &,) given B, where B is the o -algebra
generated by {&§x, k¢ A}if AC{1,2,...,n}orby {&,...,&,}\ Aif Aisasubset
of {&, 1 <k < n}. The same interpretation applies to P too.
For convenience, throughout all this section, we set z,, = 2logn/6 + x.
Accept, for now, the following two lemmas. Together with other lemmas in this
section, they will be proved in Section 3.

LEMMA 2.2. Suppose condition (1.2) holds. Then, for any x € R,
(2.3) PW,>z,) —PWy1>2,)—0
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for sufficiently large A and p.

Set
o dx(x) =log [EY LTI hy = E{/T X Vgy (X)),
oy (y) =log {EXPFENY hy = E[fT X6y (1))
and

<s} H Z(/)Y(Y ) —hy| <

p=1

G jm (&) = H Z¢>x<x, p) = hx }
p=1
Since Eexp(@F(X,Y)) =1, hx and hy are actually mean values of ¢x(x) and
¢y (v), respectively, under the measure induced by exp(6 F (X, Y)). We need the
following lemma.

LEMMA 2.3. Suppose condition (1.2) holds. Then, for any a € (0,1), e >0
and sequence {y,; n > 1} so that y, — y € R, there exists 6 > 0 such that

1 & 1k -
max P(;;F(Xi,Yi)ZVn, %;¢Y(Yi)—hY Ze):o(e @y+om),

an<k<n

By Cramér’s large deviation result, the probability of the first event in the
above lemma is roughly e~??". So the interpretation of Lemma 2.3 is as follows:
given that the rare event (1/n) > 7_, F(X;,Y;) > y, occurs, the second event in
Lemma 2.3 is also rare. As a consequence, as k is large, (1/k) Z 19y (Y)) is
around its mean /1y under the measure induced by exp(6 F (X, Y)) rather than the
product measure induced by X and Y. This is a key observation in the proof.

LEMMA 2.4. Suppose condition (1.2) holds. Then for any ¢ > 0 small
enough, there exist . > 0 and p > 0 such that

m
bini= P”( U {ZF(Xi,p,Yj,p>zzn, G(,-,,-,m><e)}>+1<e—9x

1<i,j<n mE‘l/l',j p=1

in probability (on U and V) for any x € R, where K is as in (1.4).

With the explanation given before Lemma 2.4, the intersection of the two events
inside the {-} in Lemma 2.4 is roughly equal to the first one. Therefore, b; , is close
to

Z PXY< max ZF(lev j,p)Zzn>

\<i.j<n me\l/,J

~ nzP(max Y F(Xp.Yp) > z,,) — Ke™?

m>p1
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by (1.4). This is exactly what happens in Lemma 2.4.

One fact we constantly use in proofs is that the law of }°7 | F(Xi .Y} p)
cogditioned ornoton U and V, is equal to the law of Z’;}:l F(Xp,Yp) foranyi, j
and m.

PROOF OF THEOREM 1. By Lemma 2.2, it is enough to show that

—6x

(2.5) P(Wpy>2z,) — 1—eKe
Define

m
26) A;j= U { Z F(Xip, Y p) >z, G(i,j,m)(é‘)}, 1<i, j<n.
meY; ; U p=1

Note that the difference between {W, 1 > z,} and U, ;, i<n A; j is a subset of

Ulfi,jfn Ume\yi,j {Z’Z;:l F(Xip,Yjp) = 20, G, jm(e)°}. By Lemma 2.3, we
have

P(Wy 1 >2zn) — P( U Ai,j)

I<i,j<n

m
< n2|Qn|nI;Ié%2X P( Z F(X1,p,Y1,p) = 2n, G(l,l,m)(é‘)c) = 0(n~%)
n p:1

for some constant 8o > 0. Thus, to prove (2.5), it suffices to prove that

@7 P( U A,-,j>—>1—e—’<e’9’“.

1<i,j<n

Recalling b1 , defined in Lemma 2.4, we have

P( U A,’J) — e_Ke_ex

1<i,j<n
(2.8)
-0
<EYY P”( U Ai,j) —e7bin| UV |embin _ p=KeTH
I<i,j<n
u.v,,—b —Ke 0% :
By Lemma 2.4, E¥>V |e™"ln —¢ | — 0. It is enough to show the first term

in (2.8) goes to 0. Actually, by Lemma 2.1,
EU’V‘PX’Y(Wn’I = Zn) - e_blin‘ = EU’VbZ,n + EU’Vb3,nv
where

n n
byn= Y > PAHDPAL). bin= Y. Y. P(AijNAg)

i,j=1(k,Del; i,j=1(k D€l
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and
Tij={k,De{l,2,...,n\(, j); BWk, L) N BU;, 1) # @ or
BV, IDHYNBWV;, I} # o).

In words, (k, ) belongs to I'; ; if one of the following is true: (i) two balls with
the same radius l,'f and centered at Uy and U;, respectively, intersect; (ii) two balls
with the same radius and centered at V; and V;, respectively, intersect.

It is easy to see by Doob’s submartingale inequality that PX’Y(AM) <
e %n~=2 as. for each n > 1. It follows that EV-Vb, , < e 2*n2EVV #I'1 ) <
20720~ 1EVU.V(#E), where E = {2 < k < n; B(Uy,L}) N B(U,, 10 # o).
But note that E = >}, 1{d(Uy, U;) < 21;[}, so EE = O(logn), and thus
EU’Vbz,n = 0(6_29"11_1 logn). So the remaining task is to show that
EU’Vb3’n — 0.

By using symmetry, we see that

EYVbs,=n*EYY Y P(AriNALD
(k,l)el—‘[’l

<n’EVVP(A 1N AL

+nEYY P(A12N Ay

+2n* EV V[P (A2 0 AL DL{d(U1, Up) < 2011].
Lemmas 2.5 and 2.6 next show that the first and last terms on the right-hand side
of the inequality above go to zero. By symmetry and Lemma 2.6 again, the middle
term goes to zero too. The proof is complete. [

LEMMA 2.5. Under conditions of Theorem 1,
EVV[P(A22N AL DL (UL, U2) <2U)] = 0™

for sufficiently small ¢ > 0, where ¢ is as in (2.6).

LEMMA 2.6. Under the conditions of Theorem 1,
EVVP(A1NAL) =0
for sufficiently small ¢ > 0, where ¢ is as in (2.6).

3. Technical lemmas. In this section, we will prove the lemmas stated in
Section 2. The following four results are needed for doing that.

LEMMA 3.1. Suppose condition (1.2) holds. Then, for any ¢ > 0 andn > 1,
1 n
P( - Y ox(Xi) —hx

i=1

< e) <2¢7hx=e),
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PROOF. By Lemma A.2, the above probability is at most 2¢~"infrea /()
where J (x) = sup, g {tx —log E(EYe/F XV} and A = {x € R; |x — hx| <e}.
By taking r = 1 in the definition of J(x) we have that J(x) > x. The lemma is
proved. [

LEMMA 3.2. Suppose the second inequality of (1.6) holds. Let M(t) =
Eexp(tF(X,Y))+0F(X,Y>)) and ty =sup{t > 0; M(¢t) < 1}. Then:

(i) 1 €(0,0),

(1) there exists 6 € (uF,0) such that y; := sup0<t<,0{8t — Arp@®)} > 0 and
Y2 1= supg, 4, {8t — log M (#)} > O, where up = EF(X,Y) and Afp(1) is as
in (1.1).

PROOF. (i) Note that M(0) = 1 and M'(0) = EF (X, Y)e? 1) <0, so
there exists some 7 > 0 such that M (r) < 1. Since Ee/F&XY) = 1, by Holder’s
inequality, M (t) > M(0)"/? = (EX(EY/FX:10)2)1/0 o (Ee0F(X.Y))2/0 — | for
all t > 0. Thus, 1y < 0.

(1) By (1), Ar(#9/2) < 0 and log M (ty/2) < 0. The conclusion follows by
taking t = 19/2 and

§ = Smax {ur, 25 Ar(to/2), 215 log M(to/2)}. 0
The following lemma is almost immediate. We state it without proof.

LEMMA 3.3. Denote £x = EYe?FXY) and &y = EXTXY) | Then, hy =
EX(&x logéx) and hy = EY (& logéy), and (1.5) is equivalent to

10A'(0) > max {EX (£x logéx), EY (Ey log&y)}.

In the following proofs, one should keep in mind that the law of Z’;’:l F(Xi p,
Y;j ), regardless of conditioning on U and V, is equal to that of }_7_; F(X, Y))
for any i, j and m.

LEMMA 3.4. Under the conditions of Theorem 1, for any sufficiently small
& > 0, there exists a constant y > 0 so that

2 my
max EX{ I PY< > F(Xkp. Y1.p) = 2n, G(k,l,mk><e>)} =0(n7),

my,my€y k=1 p=1

where Q,, is as in (2.1).
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PROOF. Recall from (2.4) that G (,1,m;)(¢) C Hy :={[(1/m) Z’Z;:l ¢ (Xk,p) —
hx| < €}. Then, by Chebyshev’s inequality,

mg
PY<Z F(Xips Y1.p) = Zns G(k,l,mk><e>)
p=1

mp
< e_ez"EY|:exp (9 > F (X p Yl,p)> : IH,(}

p=1
for k =1, 2. Since Hj does not depend on the Y’s, by independence, the expecta-
tion above is equal to ]_[';:il[EY exp(OF (Xi.p, Y))]- I, = exp(Z';,”‘:1 dx (Xx.p))-
Iy, < e™x+e) 1y Therefore,

2 my
EX{ Il PY< > F(Xips Y1.p) = 2, G(k,l,mk)(8)>}
k=1

p=1
< e—zez"eZ(M1Vm2)(hx+8)pX(Hl N H»).

By Lemma3.1, PX(HNHy) <2 exp(—(m1Vmy)(hx —¢)). Also, by Lemma 3.3,
there exists &g > 0 such that 0 A’ (0) /2 > max{hy, hy}+e&o. Then the desired result
follows by noting that m Vv my ~ (2logn) /0 A’(6) uniformly for m, m; € Q,.0

PROOF OF LEMMA 2.2. LetS,, = ZZ’ZI F(X,,Yp). Obviously, the left-hand
side of (2.3) is bounded by the expectation of

n? max P(Sy>zy)+n> max  P(Su>2,)

n>m¢2, T1+1 <me,

(3.1) 5 ’

+n max P(S, > z,).
Ty >meQy,

By Lemmas A.4 and A.5, the first term above < 2¢~%*(logn){1/ 2)=C for large n.
Here and throughout the rest of the paper, C always stands for a positive constant
depending on X, Y and F and may vary from line to line. By symmetry, we only
need to show that the second term of (3.1) goes to 0. Actually, it is no more than

(3.2) n* > P(Sw=z)PUV (T <m).

me,
By Lemma A.3,

In

exp(— C(mA'(0) — zn)z/ logn>

—le—Gx

n2/logn

P(Sm ZZn) ~
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uniformly for all m € 2,. By Bernstein’s inequality, there exist two constants
C and C’ such that

n
P(Tf’r1 <m) < 2P<ZHB(U1,I,T) < m)
i=1

< 2exp(— C'(mA'(©) — zy — Cp/(logn) log, n )2/logn>.

/
In

Since a? + (a — b)? > b2/2 for any a, b € R, we have that [,, + 1, > Cp2(10g2 n).
Therefore, by observing that [£2,| < 2A,/(logn)log, n, the term in (3.2) is less
than

20— 1 —Ox B
ol 3 ehmh < @C e 6x) Nlog, n/(logn)*".
me2,

The proof is complete by choosing A and p sufficiently large. [

PROOF OF LEMMA 2.3. For any sequence {k,, n > 1}, define

1 n 1 kn
Z, = (— > F(Xi Yo, — Zd)y(m) eR%.
iz n izl
To prove this lemma, it is enough to show that there exists § > 0 such that
(33)  pui=P(Zy €y, 00) x (hy — &, hy +¢)°) = o(e” O

for all subsequences k, <n such that k,/n — a’ € [a, 1]. Let F, =[y —n, 00) X
{v; |y —hy| =¢}. Then F is a closed set in R2. Tt is easy to see that pn<P(Z,€e
Fy) forany n > 0 and n large enough (depending on 7). For any (i, v) € R?,

mnZy Ky penr oy K W (XY e/ kg (1))
n

1
—logEe log { —log{Ee
n n

—(1—-a) 1OgE{euF(X,Y)}
+a'log {EeuF(X,Y)(EXeeF(X,Y))u/a/]

=g(u,v).
Clearly, g(u, v) is finite and differentiable for any (u, v) € R2. For any 5 > 0, by
the Gatner—Ellis theorem (see, e.g., Theorem 2.3.6 of [10]),

limsup(log p,)/n <— inf I((x,y)),
(xy)’)EFﬂ

n—oo

where I((x, y)) = sup, ,)er2{ux + vy — g(u, v)}. Note that F;, | Fo as n | 0.
Therefore, by letting 1 | 0, we obtain

(3.4) limsup(log p,)/n <— inf I((x,y)).
(x,y)€Fy

n—oo
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It is easy to see that g(0,v) < alog{EeeF(X’Y)(EXeQF(X’Y))”/“}, since
E?FX.Y) — 1 and @’ € [a, 1]. Therefore, for any x > y and y < hy — ¢, by taking

u =6 and v = aw in the definition of 7 ((x, y)), we have that
§(w)
—_—
(3.5)  1((x,y) >0y +asup{why —we —log (Ee’F XV (EXLLFE w1
w=<0
¥ (w)

Obviously, ¥ (0) = 0, and observe that E (e?FXV)g'(w)) — hy as w 1 0. It then
follows that

W' (w) =hy — e — (E"FEDgw) T E(?FEVE () <0

for w < 0 and |w| sufficiently small. Therefore, by (3.5), there exists § > 0 such
that 7((x,y)) > 6y + 26 for all x > y and y < hy — ¢. By the same arguments,
the inequality 7 ((x,y)) > 0y + 2§ is also valid for x > y and y > hy + .
Thus, inf(y yyer, I ((x,y)) > 0y + 28 for some § > 0, which together with (3.4),
yields (3.3). O

PROOF OF LEMMA 2.4. By Lemma 2.3,

EVYV Y. PX’Y< U {ZF(XisP’Yj,p)ZZn, G(i,j,m)(E)CD

I<i,j<n meW; L p=1

< n?|Q| mag P(Z F(X1,p.Y1,p) = 20, G,1,m) (&) ) =0(n™)
p=1
for some § = 8 > 0. Therefore, to prove the lemma, it is enough to prove that

(3.6) /1,, = Z pX Y( max Z F(Xip. Yjp) > zn> — Ke 0%

m
1<i,j<n ev Lp

in probability, where PXY s defined in (2.2). Set Jn:t = 2logn/OAN'(0) +

Ay/(logn)log, n. Then

m
3.7 —n?pXY >
(3.7) n“pP max Y F (X1, Y1) =2
p=l1
<n2PXY<maX ZF(le,Y1 p)>Zn>— 1
meQ,,p: ’

(3.8) < > PXY<maXZF(X,p, ,p)>z,,)

meg2
1<i,j<n " p=

X ]l(T,',j > ‘In or T,',j < ‘In_)'
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By (1.4), we only need to show that both terms in (3.7) and (3.9) go to zero in
probability. First, by Lemmas A.4 and A.5, we have that

3.9 2pXY F(X1 Y1) > 0 .
o0 gy R reinaza)=0

for sufficiently large A, Wthh is as in (2.1). Second, since the probability given
in (3.9) is less than K e‘e" , the expectation of the expression in (3.9) is less
than

Ke ™ P(I > JFor T < ;).

For p given in the definition of /F in (2.1), by Bernstein’s inequality, for
sufficiently large A,

6 2
P(TlflzjiorTa5J[)§4€Xp{—C<6Af29) —X) logzn}—>0

as n — o0. Thus, (3.6) follows. [
PROOF OF LEMMA 2.5. Let ¢, = (logn)~°n~1/3 8 € (1/3,2/3). Obviously,
P(d(Uy, U) <2LF) < C(logn)/n, P(d(Uy, Us) < c,) < 8/n(logn)®.
Since P(A22NA11) < P(A11) < n~2, the above two inequalities yield
EVVP(Ayn N AL DU, Uy) <21}
(3.10) <EYVP(A32N AL (LEy nEy, + LEyonEy,)
+ O(n_4(log n)l_%),

where Ey 1 = {d(U1, Uz) € (cu, 2,1}, Evi = {d(Vi, V2) € (¢, 21D}, Eyp =
{d(Uy,Uy) <2LFYand Ey = {d(V1, Va) > 21F}. On Ey 2N Ey 2, B(Vy, 1) and
B(V>, l,'f) are disjoint. By the definition of Y7 ,’s, Y2 ,,’s, W11 and W3 5, we have
that

P(A22N A1) = EX(PY(A22) P (A1)
< (42*(logn) log, n)
i
x max_ EX H P Y F(Xep. Y1.p) = 20 Gitmp) | {

my,mye, k=1 p=1
where €2, is as in (2.1). Consequently, by Lemma 3.4,
(3.11) n*EYV{P(A22N AL 1D1E, ,nEy,} = o((logn)*n™7)
for some y > 0. Thus, it remains to show that

(3.12) EYY(P(A22NALDLE, nEy,) = 0.
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Define
n n
(3.13) T () =Y 1aw,n(Up) A Y g, (Vp).
p=1 p=1
Then, V; j ={7; j(r); I, <r <LF, 7 j(r) € Q,}. Now
PYY (A1 1N Ap)
< A*(logn)(log, n)

(3.14) 71,1 (r) 72.2(5)
xmaxPX’Y( Y FXipYip)=zn D F(Xz,p,Yz,p>zzn>,

p=1 p=1

Ay(r) Az(s)

where the maximum is taken over all r,s such that r,s € (/,,}) and 711(r),
72,2(s) € 2,,. For any such pair r, s, without loss of generality, assume r > s. Then
it is easy to check thaton Ey 1 N Ey 1,

(3.15) the volume of B(Vy, r)\B(Va, s) > 4s2d(Vy, V3) > k(logn)*/*>=% /n

for some constant ¥ > 0. Recalling the definition of 71 1(r), by symmetry, we
assume without loss of generality that

n n
(3.16) > 1swin (Vi) <D 1pw,.n(Ui).
i=1 i=1
By Bernstein’s inequality,

n K B 3
PVS""’“’(Z Lavy,m\B(V.5) (Vi) < E(logn)zﬁ 8) <exp(— C(logn)*37%).
i=1

Hy,
Define
Fi={l1<p<n;UypeBU,r\BWUs,s)and Vi , € B(Vi,r)\B(V2,5)},
My={l<p=<n;Ui,eBU,r)NB(Uy,s)and Vi , € B(Vi,r)\B(V2,s)}.

Recall (3.16). On H, there are only two possibilities; either |I'j| > (k/4) x
(logn)2/3_3 or || > (K/4)(logn)2/3_5. Now we deal with these two cases
separately.

Case 1. |I'(] = (/(/4)(logn)2/3_‘3 on Hf. In this case, the cardinality of the
symmetric difference between {(X1 ,, Y2 p); 1 < p <711(r)} and {(X2 , Y2 p);
1 < p <12(s)} is at least (k/4)(log n)2/3=8 1t follows by Lemma A.6 that on
EyiNEy1N H,f,

max PXY (A1(r) N Ax(s)) = O(n_ze_c(log”)m_s),
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where the maximum is taken over all » and s as in (3.14). On the other hand,
it is trivial to see that EV"V[P(A22 N A1 1)1E, nEy nH,] = O™ *(logn)? x
e~Cllogm**%y ‘Therefore, by (3.14),

(3.17) EVV[P(A220 A1DL(Eu,1 N Ev, N {1 = (e/4)(logn)* 7))
= 0(n—4(10gn)4e_c(1ogn)2/3—5)

for some C > 0.
Case?2. |I'z2] > (xk/4)(log n)23=% on HY . By (1.3) and Chebyshev’s inequality,

PXY (Y ,cp F(X1p, Y1,p) = zn — w|T2]) = O(n2e?*12)) for any subset D C
{1,2,...,n}. It follows thaton Ey 1 N Ey 1 N HY,

PXY(A1(r) N Ax(s))

72,2(5)
< P”( Y F(X1p, Y1) > w2, Y F(X2p.Y2p) zzn)
Peln p=1

X ]]-(TZ,Z(S) e Qn) + O(n—zeCw(logn)Z/%a)
for any fixed w € (ur,0), where ur = EF (X, Y). Define
Ay={l<i<n; Ui=U,,,=U,, forsome p e andsome 1 <g < 122(s)},
By={1<i<n; Uy=U p+# Uy, forsome p el andforall 1 <g <1 (s)}.

Consequently, Ay N By = @ and |Ay U By| = |[I'2|. Then, by Chebyshev’s
inequality,

72,2(5)
T, = P”( Y FX1p. Y1) = wllal, Y. F(X24,Y2) zzn)
pelrs g=1

X 1(12.2(s) € 2p)

Sn_ze_wtrzlEX’Y< 1_[ e FX1p:Y1p) 1_[ eGF(XZ,quZ.q)>

peAyUBy 1<g=<t(s)
T2’2(S)€Qn

_ n—ze—wt|F2|N(t)\BU|M(t)\Au\

for all 7 > 0, where N(¢) := Ee'FX-Y) and M (1) = Ee'F X YDHF(X.12) 49 ip
Lemma 3.2. If |By | > |T'2|/2, then by Lemma 3.2, T, <n~2(e""'/N (1) )!"2! for
allt € (0, tp). By Lemma 3.2 again and choosing w = §/2, T,, < n—? exp(—|T2ly1)
for some y; > 0. Note that N(¢) < 1 forall ¢ € (0, #9). If |[Ay| > |['2|/2, by repeat-
ing the same arguments as above, we then obtain the same bound for 7;, with an-
other constant y,. Consequently, 7, = o2 exp(—C (log n)2/3=%)). Therefore,
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as in (3.17), we obtain

3.18) EU’V[PX’Y(Az,z NADL(EyNEy 1 N{|T2| > (K/4)(10g”)2/3_6})]
— O(n_4(log n)4e_c(l°g")2/3_5),

which together with (3.17) implies that

EVYV(PXY Ay, N A DL(Ey, N Ey.))) = O(n~*(logn)*e~Cloem™™™),
Thus, (3.12) is justified. The proof is complete. []

PROOF OF LEMMA 2.6. Set ¢, = (logn)™"n=13, h e (0,1/6). Since
P(A11NA) <n ™2 and P(d(V1, V) < ¢n) < 8/n(logn)*,

EVYPALINA D)
< EVVIPA N AL)[I(d(V1, Vo) > 2L0) + I(cy <d(V1, Vo) <201)})]
+8n_3(log n)_3h.

As in the case of the estimate of EV-V P(A22NA11)IEy ,nEy, In(3.11), we obtain
EVVP(AL1NA1)I(d(V, V2) > 2LF) = o((logn)*n™7)

for some y > 0. So we only need to estimate EV:V[P(A1 1 N A12)I(c, <
d(\Vi, V) < 21;)]. Recall the definition of 7; ;j(r) in (3.13). If d(Vy,V>) €
(¢n, 2L1), then we have that

EYVVP(AI1NAL)
< Az(logn)(logZ n)EU’V

‘El,](r) TI,Z(S)
x[maxPX’Y( Y FXipYip)=2n, Y. F<X1,p,Yz,p>zzn)},

p=1 p=1

where the maximum is taken over all r,s such that r,s € (I, 17) and 71,1 (r),
71,2(s) € 2,,. Assume, without loss of generality, r > 5. Asin (3.15), the volume of
B(V1,r)\B(Va,s) > C(log n)2/3_h/n. It is easy to check by Bernstein’s inequality
that with probability at least 1 — 2 exp(—+/Togn),

#3<p<n; V,eB(Vi,r)\B(Va,s)} > Cllogn)*>"
and
#{3<p<n; U, e B(U1,r)\B(Uy,s)} < C,/(logn)log,n,

which implies that there exists a set I's C {1,2,...,n} such that |['3] >
C(logn)2/3_h, Ui,p € B(Uy,s) and Vi, € B(Vy,r)\B(Va,s) for all p € I'3.
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Then by using the same argument as was used for obtaining (3.17) and (3.18),
we have that

71,1(r) 71,2(5)
P( Z F(Xl,pa Yl,p)ZZn, Z F(Xl,p7 Y2,p)22n>
p=1 p=1

=o(n2exp | —C(logn)*37"}).
Combining all the above arguments, we have
EYVVP(A11NA 1) =0(n e CVioen),

The proof is complete. [
APPENDIX

The following inequality provides us with bounds for tails of sums of
independent and bounded random variables; see Exercise 14 in [7] or page 193
in [17].

LEMMA A.1 (Bernstein’s inequality). Let {&;; 1 <i < n} be a sequence
of independent random variables with Ee; = 0, Esi2 = 0,2 and |e;| < 1. Let
Sp=Y" &, s2=Y"_, 0% Then

P(S, > x) fexp{—xz/Z(s2+x)}, x> 0.
In the following lemmas, we assume that {£,&;,i > 1} is a sequence of i.i.d.

random variables. Let S, = }_7_, &. The next inequality is called Chernoff’s
bound (see, e.g., page 31 in [10]).

LEMMA A.2 (Chernoff’s bound). Let Ag‘(x) = sup,critx — log E exp(t§)}.
Then,
P(Sn/nzx)fexp(—nAg(x)), n>1, x> EE.
The lemma below is a refinement of a large deviation result from Corollary 2.1
in [13].
LEMMA A.3. Suppose £ is nonlattice and Ee's < oo for all t € R. Then

sup sup  |Ch(x, ) P(Sp=nA'(n)+x)—1|—0 asn — 0o,
a<n<b |x|<s./nlogn

for any positive constants a, b and §, where

Ca(x, 1) = ny/2n A" () exp {n A*(A' () + nx + (x* /28" (n)n) }.
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Next, we need a condition on & as follows:
& is nonlattice, E(§) <0, P(§ >0)>0 and

(A.1)
Eexp(t§) < oo VteR.

Under this condition, there is a unique constant & > 0 so that E exp(8§) = 1. Set
A(t) =log(E exp(t&)) for t € R. The following two facts are Lemmas 2.5 and 2.6,
respectively, from [13].

LEMMA A.4. Assume & satisfies condition (A.1), then there exist constants
r > 1 and ty > 0 such that

Z P(Sp>2)+ Z P(S; >2z) =o0(e %) as z — oo.

k>rz k<r—lz

LEMMA A.5. Suppose condition (A.1) holds. For any two positive functions
a(z) and b(z) such that (a(z) + b(z))/z — 0, and any two positive numbers s and
r satisfying s < A'(0) < r, we have that

/v Y P(Sk=2)= O(e_c(z)z/z) as z — 0o,
kel

where T, = {k € N; sz <k < AN (0)z —b(z) or N(0)z +a(z) <k <rz} and
c(z)=a(z) Ab(z), z>0.

LEMMA A.6. Suppose A, B and C are disjoint sets of indices and {X, Xo; o0 €
AU B U C} are i.id. random variables with X satisfying condition (A.1) and
w:= EX. For any subset D C AU B U C, we use the notation Sp := ) _,cp Xa-
Then,

P(Saup =2z, Spuc = z) < 2 0z—mig < 23—91—'"2{’

where ¢ =supM<x<0{A*(x) AB|x|} >0, m =]A|V|C|land my =AU C|/2.
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