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Abstract: In this paper, we present a strong Chernoff bounds by using the existence of small
sized equitable colorings of graphs. The case we considered here is for sums of random variables
with dependence. Our result improves the known results as far as we known.
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1 Introduction

In 1952, Chernoff in [3] introduced a technique that gave sharp upper bounds on the
tail of the distribution of binary independent random variables. Since then, Chernoff bounds
are coming to be the fundamental tools used in bounding the tail probabilities of the sums
of bounded and the distribution of binary independent random variables. And the bounds
have many different expressions under distinct settings. As the bound is so important, we
list it as a theorem.

Theorem A Let X = {X;,Xo,---,X,} be a set of n mutually independent binary

random variables. Let S = >  X; and p = E[S]. For 0 < ¢,
i=1

pne?

Pr(S<pu(l—e)) <e 2 (1.1)

and
Pr(S > pu(l +¢)) < (e5(1 + )~ F)m, (1.2)

By the Chernoft’s technique, one can obtain a better and more efficient evaluation of the
bounds on the tail probabilities. The following theorem can be found in Alon and Spencer’s
book [1].
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Theorem B Let S be a random variable with Poisson distribution and E(S) = u. For
any € > 0, we have the following inequalities:

2

_nue
2

Pr(S<u(l—e)) <e (1.3)

and
Pr(S > p(l +¢)) < (e5(1 + &)~ UH)m, (1.4)

By Theorem B, one can find good applications if a good bound on the tail probability of
S is obtained. For instance, Schmidt, Siegel and Srinivasan [9] obtained a bound on the tail
probability of S, when the X;’s are k-wise independent for k smaller than a certain function
of n, ¢ and u. k-wise independence means that any k-subset of X contains mutually inde-
pendent random variables. An important idea for deriving the bounds on the tail probability
of S when the X;’s are not mutually independent involved the theory of martingales by the
so-called Azuma-Hoeffding inequality.

A dependence graph G(V, E) for a set of random variables X = {X;, X5,--- , X,,} is a
graph with vertex set V' = {X1, Xa,---,X,,} and the edge set F such that for each edge
X;X;, X; and X; are not mutually independent. For any non-negative integer d, we say
that the exhibit d-bounded dependence, if {X;, X5, -+, X,,} have a dependence graph with
maximum vertex degree d. The notion of dependence graph is used widely in random graphs
and random algorithms, for more detailed information, refer to [1, 5, 6, 10]. Recall that the
notion of a dependence graph of random variables is also used from the hypothesis of the
Lovasz’s local lemma.

Let gt (i, e) = et - (14 ¢)~#1+) and g~ (p,e) = e 1< /2,

Pemmaraju showed the following results in [7, 8].

Theorem C Let X = {X;, X5, ---,X,,} be a set of n identically distributed binary

random variables with a d-bounded dependence graph. S = > X; and pu = E(S). For any
i=1
g, 0 < e <1, the following holds:

_1

~g " (p, ) T (1.5)

Pr(S<u(l+e¢)) < 4(de1)

and
4d+1) g (p,e) T (1.6)

An equitable t-coloring of a graph G is a proper t-coloring for which any two color class

Pr(S>pu(l—e¢)) <

differ in size by at most one. The notion of equitable colorings of graphs is used in the
proof of the above result. Lemma 1 was a conjecture of Erdds and showed by Hajnal and
Szemerédi in [4]. Lemma 2 was showed by B. Bollab6s and Guy in [2].

Lemma 1 A graph G with maximum degree A has a A 4 1-equitable coloring.

Lemma 2 A tree T with n vertices is equitably 3-colorable if n > 3A(T) — 8 or
n = 3A(T) — 10.

Here we also use Lemma 1 as in [7] to derive bounds on the tail probabilities of the

sums of binary independent random variables. The structure of the paper is as follows. In
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Section 2, we give two results on the bounds on the tail probabilities of the sums of binary
independent random variables. Section 3 contains the main result and its proof. With an

application of Lemma 2, a good bound will be followed.

2 Preliminaries

Theorems 1 and 2 are two results on the bounds on the tail probabilities of the sums of
binary independent random variables. Theorem 1 is stronger than the Chernoff bounds in
some sense and independent of n. Theorem 2 is stronger than the Chernoff bounds for some
k and A and easy for computation. Both will be used in next section.

Lemma 3 Let A be a non-negative real number and k be a non-negative integer such
that (k —\)? > k. If x > k and z > X\ > 0, then we have

(@—k)
z+1-—A T \? r+1—A
F(z) — ( ) 1. 2.1
() r+1—k \z+1 (m—A) = (2.1)

Proof Let A(z) = (z+1—X)/(x+1—k), B(x) = (3%)" and C(z) = (Z252)"H),
And then

oo E-x\  A—k
A(m>_<1+x+1—k> ECES R 22)
B’(a:):B(x)~{lnlj_x 171%-} (2.3)
and
C”(x):(](x)~{lnx—x’_i;)\—xizf)\-xi)\} (2.4)
So, we have the following:
F'(z) = B(z)C(z)
(@) A 0 ) = e
= B(x)C(x)
[A@)+ A+ — )+ T h
(x+D(x-N)" z4+1 (z4+1-=X)(z—-N)
(2.5)
by In 7% +In(1 + 25) = n(1 + 5=
Let
_ 2 F'(z) _ 2
Glz) = (r+1—k) ~W—(x+l—k)
, A 1 xz—k
W@ A o= Y e T e w2
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By > 0 and In(1 4+ z) < z, we have

Gx) < (z+1-k)?

A—k z+1— )\ A 1 z—k
'{(x+1—k)2+x+1—k'{(x+1)(x—A)+x+1_(x+1—A)(;c—A)}}
9 A—k r+1—-A T x—k
SR AR ¥ provey s s moray g sl § ey ey v el raveg g vy ey v 8

N=B) @+ 1)(z—)) z@+l-k@+1-X) (@—k)@+1-Fk)@+1)

(x4 1)(z =N (x+1)(z—N) B (x—XN)(z+1)
(k—(k=X2)z4+ A+ 1)k — k> — )2
(x+1)(z—A) ’ 2.7)

By k < (A — k)?, we have the following:
A+ Dk — k2 =22 < A+ 1)k — (k + 2k)) = —kA < 0. (2.8)

For 0 < A < x, we have

(k—(k=XN*z+A+1Dk—k - N <0. (2.9)
So F'(x) < 0.
Note that liIJrrl A(z) =1, lir+n B(x) =e ! and liIJJra C(x) = €', and then lir+n F(x) =

1, so we have F(x) > 1.
Lemma 4 Let BIN(n,A/n) be the sum of n independent Bernoulli variables, each of

which is equal to 1 with probability A/n and 0 otherwise. Let k be a non-negative integer

such that (k — A)? > k. Then we have

Aee=2

BIN(k;n, A\/n) < T (2.10)
where BIN(k;n, A/n) = Pr(BIN(n, \/n) = k).
Proof By Lemma 3, we have
BIN(k;n+1,0/(n+1)) () (Mh+1D)\" (1= (n4 1)tk
BIN(k; n, \/n) m < A/ ) (L= X/ F
n+l=XA 7 n \" (n+1-A\""

B n—l—l—k:.(n—i—l) ( n—A )
= F(n)> 1 (2.11)

Note that lir+n BIN(k;n, A\/n) = ’\kz!ﬂ. And then we have the conclusion.

Lemma 5 Let BIN(n, A\/n) be the sum of n independent Bernoulli variables, each of
which is equal to 1 with probability A/n and 0 otherwise. Let (kK — \)? > k, where k is a
non-negative integer and 0 < A < n. Then we have the following:

1. If k < ), then

k Ne=A
Pr(BIN(n, A/n) < k) <> T (2.12)

=0
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2. If k> A, then
+oo )\ie_’\
Pr(BIN(n,\/n) > k) <
i=k

(2.13)

il
Proof It follows immediately from Lemma 4.
Lemma 6 Let BIN(n,A/n) be the sum of n independent Bernoulli variables, each of
which is equal to 1 with probability A/n and 0 otherwise. Let (k — X\)? > k, where k is a

non-negative integer and 0 < A < n. Then we have the following:
1. If k < A, then

)\k‘+1€—/\
Pr(BIN(n,A\/n) < k) < ——— 2.14
2. If k > A, then
k+1 AFe=A
Pr(BIN(n,A\/n) > k . . 2.1
Proof 1. If n > A > k > m, then
BIN(m — 1; -
BIN(m;n,\/n) (m—m+1DX = X = A
By Lemma 4, for 0 < i < k,
k k—1
BIN(#;m, A/n) < <)\> -BIN(k; n, \/n)
and .
k k 1— (k/X\)k+L A
14 2., ~) = . 2.17
3 +(/\) T—k/A  “ Ak (217)
And so
A BIN(k;n, A/n) N
Pr(BIN <k)< —— : —_—
r( (n,A/n) < )_/\—k (k;n, n<(/\—k)-k:!
2. If 0 < A <k <m, then
BIN(m + 1;n,\/n) _ (n—m)A < A < A . (2.18)
BIN(m;n, \/n) m—=XN(m+1) " m+1~ k+1
By Lemma 4, for £ <i < n,
A i—k
BIN(i;n,\/n) < (k—i—l) - BIN(k;m, A\/n)
and .
A AN 1= (k)R k41
TEr +<k+1> -0 (E+1) " kt+l-2A (2.19)
And then,
k+1 (k+ 1)A\ke=2

Pr(BIN(n, \/n) > k) < BIN(k; n, \/n) <

k41— (k+1-X) -k
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Clearly, the results of Theorems 1 and 2 are stronger than those of Theorems A and B

and easier to handle.

3 Main Results

Let X = {X;,X5,---,X,} be a set of n binary random variables and G(V, E) be the
dependence graph associated with X. Assume that G admits a t-equitable coloring and
C1,C5, -+, C; be the color classes of the coloring. Then we have two different ways to add
restrictions with the elements of X, which are Models 1 and 2.

Model 1 The sum of the expected value of X;’s is a constant. For any color class C;,
1 < i < n, elements of C; are identical distribution.

Model 2 The sum of the expected value of X;’s is a constant and E(X;) = E(X;) for
1<i<ji<n.

Lemma 7 Let X = {X;,X,,---,X,} be a set of n binary random variables with
dependence graph G(V, E). Suppose that G can be colored equitably with at most ¢ colors.
For (k —t—pu)? >kt —t* k —t > pu > 0, we have upper tail probability

+oo 'udiefp‘/t
i>k_1
For (k+t—p)? >kt +t k+t < u < [n/t], we have the lower tail probability
e Ht
Pr(S <k) < Z g (3.2)

Proof We distinguish two cases.

Model 1 Let C1,C5,--- ,C; be the t colors classes in a t-equitable-coloring of G. For
each j € {1,2,--- ,t} and i € C}, let E(Ziecj X;) = p/t, and E(X;) = p/(t|C;]). We now
rewrite the event S > k as follows.

S > k is equivalent to S > % -n, which is equivalent to

Zlc =) > X, Ee. (3.3)

i€[t] j€C: ze[]

For k i
ZZijZE-m:aie )X > ~| (3.4)
i€lt] j€Ci i€lt] JECy

Hence k

> e _
ZZX Z |Ci) < Pr(Fi e [t Z —-lai (3.5)
t] jeC: i€lt] cc;
for

r(Zij% D <Pr() X, >f—1 (3.6)

Jj€C; JEC;
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So
k

r@ielt]: ) X; == |C) <tPr() X;> 2 1) (3.7)

Jj€C; jeC;

3\@

for (k—t—pu)? >kt —t2, k —t > u > 0, by Theorem 1, we have

e n/t
X; > - -1 .
P2 il
JEC; 1>L/—1

plteH/t

SOPI‘(S>I{? <Z>k 1 f*lz' .
Model 2 Let C'y,Cs, - -, Cy be the t colors classes in a t-equitable-coloring of G. Let

S=Y "X, E(X:)=p/n
i=1
for1 <i<n.

We now rewrite the event S > k as follows:

S > k is equivalent to S > % -n, which is equivalent to

k
>0 ,
> ICil. (3.8)
1€[t]

For ) L
ZZijzﬁwm;saie Z i = |Cil. (3.9)
i€[t] 7€C; 1€[t] eC;

Hence
k:
ZZX >Z |Ci) < Pr(3i e [t Z >~ |Ci). (3.10)
t] jeC; eC;
Let m = [n/t], we have
Pr( > X»>ﬁ—1)>Pr(Z X»>E|C»|). (3.11)
J = t = J = n 7

j€C;,|Ci|=m JjeC;

So

Y3 e ZC > S o< e X 2 o< Y Xzt

jell el JECH,|Cil=m
(3.12)
Since > X ~b(m,p/n), for k> p/t, we have
JE€C;,|Ci|=m
m H o\ K om—k
P X, =k)< —)"(1 - — 3.13
X x=ns (a2 (3.13)
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for (k —t—pu)? > kt —t2, k —t > u > 0, by Theorem 1, we have

e H/t
Pr X; > - —1) .
p> i
JEC;,|Ci|l=m 127_1

plemn/t
ti—1q

SoPr(S>k)< >
i>E_1
This completes the proof of upper tail probability bound. The proof of the lower tail

probability bound is similar and omitted.

Lemma 8 Let X = {X;,Xs,---,X,,} be a set of n binary random variables with
dependence graph G(V, E). Suppose that G can be colored equitably with at most ¢ colors.
If n/t is an integer, Then for (k — p)? > kt, k > p > 0, we have upper tail probability

i,—p/t
Pr(S>k) <Y ’“‘tf_li, : (3.14)
ik ’

for (k — u)? > kt, k < u < n/t, we have lower tail probability

i i,—p/t
WS <k <> Bl (3.15)

Theorem 1 Let X = {X;,X5,---,X,} be a set of n binary random variables with
dependence graph G(V, E). Let d be the maximum degree of G. If

(k—d—1—p)?>(d+1)(k—d—1)
and k —d —1 > pu > 0, then the upper tail probability is as follows:

oo Mlefﬂ‘/(d+1)

Pr(S>k)< Y. CESNGEE (3.16)

k
’L>d+1 1

If(k+d+1—p)?>(d+1)(k+d+1)and k+d+1<pu < [n/(d+1)], then the lower tail
probability is as follows:

T e/
i=0
Actually, if n/(d + 1) is an integer, for (k — u)? > k(d+ 1) and k > p > 0, then
i> g

for (k—p)?> > k(d+1)and k < u < n/(d+ 1), then

_k
T ie—nl/(d+D)

(S < k) < Z FEGTL (3.19)
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Proof Let G be the dependence graph of with maximum vertex degree d such that a
dependence graph exists by definition of d-bounded dependence. By Lemma 1, G has a d+1-
equitable coloring. Replacing ¢ by (d 4+ 1) in Lemmas 7 and 8 yields the desired bounds.

Note that Lemmas 5 and 6 are special cases of Theorem 1.

The strength of the equitable coloring technique in deriving tail probability bounds lies
in the fact that it allows us to focus closely on the structure of the dependence graph. In
particular, a small equitable chromatic number for a dependence graph leads to sharp tail
probability bounds. Not much seems to be known about the equitable chromatic number
of different graph classes. The connection between equitable colorings and tail probability
bounds presented.

The following result comes ready-made from Bollobas and Guy [2]. Lemma 2 essentially
implies that if A(T) < n/3, then T" can be equitably 3-colored. This immediately translates
to the following tail probability bounds on tree structured dependence graphs.

Theorem 2 Let X = {X;, X5,---, X, } be a set of n identical random variables that

have a tree structured dependence graph with maximum degree no greater than n/3. Then
n

we have the following bounds of the tail probabilities of the sum S = ) X; of the X;’s as
i=1
follows:

if (k—3—p)?2>3(k—3),k—3>p>0, then

i ,—p/3
Pr(S>k) < Y % (3.20)

i>ko1 '

if (k+3—p)?>3(k+3),k+3<u<[n/3], then

s+ L3

Pr(S < k) < “36_711, (3.21)
i=0 ’
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