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Abstract

This paper is devoted to establishing sharp bounds for deviation probabilities of
partial sums I* ;f(X;), where X = (X;,)nen is a positive recurrent Markov chain and
f is a real valued function defined on its state space. Combining the regenerative
method to the Esscher transformation, these estimates are shown in particular to gen-
eralize probability inequalities proved in the i.i.d. case to the Markovian setting for
(not necessarily uniformly) geometrically ergodic chains.
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1 Introduction

Consider a positive recurrent Markov chain X = (X )nen with transition probability TT,
state space E with countably generated o-field £ and stationary distribution p. It is well
known that we may then restrict ourselves to the case when the chain X is regenerative,
namely when there exists a measurable set A such that u(A) > 0 and TI(x,.) =T(y,.) for
all (x,y) € A?, even if it entails considering a Nummelin extension of the initial chain (see
[17]). By virtue of the strong Markov property, the sequence (Ta(n))nen of successive
passage times to the regeneration set A forms a (possibly delayed) renewal process in this



case and the segments (Xj.i,(j),.--, Xt (j+1)), ] > 1, obtained by dividing the sample
path of the chain according to the regeneration times, are i.i.d. r.v.’s, valued in the torus
T = Un>1E™. Furthermore, the return time to the atom A has finite expectation and the
stationary distribution may be viewed as a Pitman occupation measure:

1 &
VBeé&, uB)= ——Eal Iix. e,
u(B) EATtAl A; (X €B}

where Tao = inf{n > 1,X;; € A}, Ea[.] denotes the expectation conditioned on Xy € A and
I 4} the indicator function of any event \A. One may refer to [18] for an account on renewal
theory applied to Markov chain analysis. Let f : (E,£€) — R be a measurable function.
Asymptotic expansions for the tail probabilities of the partial sums n—'/2 > 1, f(Xi) have
been obtained via the regenerative method (see [23]), which technique consists roughly
speaking in applying appropriate results for i.i.d. r.v.’s to the partial sums over regen-
eration cycles Zﬁiffg(j)f(xi), j > 1. Refer in particular to [4], [13] and [3] for such
refinements of the CLT theorem. This paper aims at establishing, with the same means,
non asymptotic bounds for the probability that the sum ) ', f(X;) exceeds a prescribed
number x, holding for all x and n, similar to tail bounds proved in the independent frame-
work such as those obtained by W. Hoeffding, G. Bennett or S.V. Nagaev for instance.
We point out that the regenerative method is by no means the sole technique for obtain-
ing probability inequalities in the markovian setting. Such non asymptotic results may
be established by martingale arguments (see [10]), coupling techniques based on decay
rate assumptions for mixing coefficients (see [6] or [21] for instance), from results of the
quasi-compact operator theory when the spectral gap property is assumed to hold for the
transition kernel (see [12] and [11]) or by methods based on information inequalities as
in [14] (see also [22]). However, the regenerative method imposes much less restrictions
on the ergodicity properties of the chain than most alternative techniques. In particular
it may be used without stipulating Doeblin’s condition (z.e. uniform ergodicity) to be
fulfilled.

The paper is organized as follows. Section 2 first gives an insight into how the regener-
ative approach may apply for deriving tail bounds in the positive recurrent case, appealing
additionally to an exponential change of probability measure as in [24] and then states
the main results of the paper. Technical proofs are postponed to section 3.

2 Probability Inequalities for Regenerative Markov Chains

We first introduce further notation. Let v be some probability distribution on (E,¢&).
Here and throughout, we denote by P, (respectively, Pa) the probability measure on the
underlying space such that Xo ~ v (resp., conditioned on Xo € A) and by E,[.] (resp.,
by Eal]) the Py-expectation (resp., the Pa-expectation). Furthermore, it is assumed



throughout the paper that EA[T%\] < oo or equivalently that E,[ta] < oo, since by a

standard result in renewal theory P (1A = k) = p(A)Pa(ta > k) for all k > 1.
In the case when Yi, ..., Y, are i.i.d. random variables such that E[Y;] =0, E[Y%] = o2
and [Y7] < M for some constant M, the following tail estimate has been obtained in [1]

n 2
PY V> < exp{—T;sz(x;)}, W

i=1

with H(x) = (1 + x) log(1 + x) — x.

When the Y;i’s are not bounded anymore, this inequality may be extended using trun-
cation arguments, as in [9] (see also [16]) at the price of an additional term related to the
tail behavior of the Yi’s on the right-hand side of (1). For arbitrary positive constants x
and M, we have the inequality

n 2

— M

1P>(§ Yi>x) < exp{]cl(x :AmM+nl\i’;4)1og(1+;;2)}—I—nP(Y>M)
M

< exp{ “}\‘/’[yH( M:;)} FnP(Y > M), 2)

with mm = E[Y1 H{|y] 1< M}] and O'IZ\A = E[Y%H{‘y] \SM}]'

This paper is devoted to establishing analogous inequalities under the assumption that
Y; = f(Xy), 1 <1i<n, where f: (E, £) — R is a p-integrable function. Without loss of
generality, we assume that p(f) = E,[f(X7)] = 0 throughout the article.

2.1 The regenerative approach

Let 1, = Y ', I{X; € A} be the number of renewals (i.e. visits to the regeneration set A)
up to time n. We denote by o« = Ea(Ta) the mean inter-renewal time. For j > 1, define
S;(f) = yo G+1) f(Xl) and s; = Ta(j+1)—7TA(j). Notice that these are two sequences of

i=1+4+7A (j
1.i.d. random varlables with common variance O'f and 0'% respectively, which are assumed

to be finite throughout the article. The regenerative method is based on the preliminary
observation that the sum ) .. f(X;) may be decomposed as follows on the event {l,, > 2}:

i<n
n Th—1
> f(Xq) +Zs )+ ShV(f), (3)
i=1
where SA(f) = 221 f(X;) and Sﬁln)(f) = Z?:1+TA(ln) f(X;) with the usual convention re-

garding empty summation. It is noteworthy that the summands in (3) are generally not



independent for fixed n (observe that, when f = 1 for instance, they sum up to n). Hence,
when applied for establishing tail bounds, the regenerative method comprises three main
steps. The first one consists in partitioning the underlying space (O according all possible
fashions for the chain to regenerate up to time n, so that the summands in (3) be mutually
independent on each subset of the partition. The matter is next to establish a tail bound
on each of these subsets by relying on the resulting independence structure. And the
desired tail estimate is finally computed by summing all the bounds previously obtained
in a way that the sum obtained may be identified.

Now that an insight into the principle of the method has been given, in the next
subsection we turn to developing the argument for proving tail inequalities in a rigorous
fashion. Observe first that for all strictly positive real numbers p1, p2 and p3 such that
1/p1+1/p2+ 1/p3 =1, we have for all x > 0 the immediate bound

Zf ) > x) <Py Zf ) > %, I < 1) +Py(SA(f) > x/p1)

1n—1
Pu( Y~ Si(f) > x/p2) + Bu(SH () > x/p3), (4)

with the convention that Z}lf Sj(f) =0 when 1,, < 1. Whereas bounds for the first two
terms on the right hand side of (4), as well as for the last one, may be easily derived from
assumptions on the tails of T4 and SA(f) under P, and Pa, special attention must be
paid to the tail of Zl“ ! S;(f). Beyond the dependence structure among the summands
emphasized above, it is noteworthy that the S;(f)’s are generally unbounded (even though
one assumes f to be bounded).

2.2 Main result

Although the technique we present here for establishing bounds for the tail behavior of
Zl" ls. ;(f) is very general, we focus on a simple result for the sake of clarity. Precisely,
we derive an inequality extending (2), whose right hand side consists of two components:
the first one being of the form of an exponential bound involving truncated moments of
the (S;(f), s;)’s, while the second one is related to their tail behavior. Other probability
bounds can be deduced by a slight adaption of the argument described below. And
extensions of moment inequalities of Rosenthal type for } ;. f(Xi) may be established
with the same method. We also emphasize that, although the present study is confined to
the markovian setting, the method applies in the same way to any (eventually continuous
time and not necessarily markovian) stochastic process with a regenerative extension (see

[25]).



Theorem 1 Consider a regenerative positive recurrent Markov chain X = (Xn)neN
with wnatial and stationary probability distributions v and u. Let A be an accessible
atom for X and f: (E, £€) —» R some u-integrable function. Assume further that

e (1) a =FEaltal < 00 and 0 < 04 = Eal13] < o0,
o (’i’i) EA[SA(f)] =0and 0 < O'f = EA[SA(f) ] < 00.

Then, for any vector M = (M1, M;) € ]Rf of euclidian norm |[M|| = (M%—i— M%)]/z,

there erists a constant Cyy depending on crf\ and 0‘% such that , for any n > «,

! n(1+p)52,,, IM][v2
ZS S CMGXP{_ 2imE T nes:
+ (= 1PA(SA(D) > M1) + (n— 1)Pa(tA > M2),  (5)

with

= Vara(Sa(f)lis, (i<my ), 4 = Vara(Talie, <my)),
(5¢5A) TCovA(SA(H)sx (F1<My b TALrea <Ms 1)

& = /6262 /(6% + 63),

Vara and Cova denoting respectively variance and covariance under Pa and the
constant Cp, depending on «, 5% and & only, being of order O(IM||?) as |[M]| — oo.
Furthermore, we have, for any n > «,

b3
SN
I

ot X255+
S ) > < C —
Z X Mexp{ 2n(1 + )55, 1 MY2)
£ = DPASAM) > M) + (n— 1PAlTA > M2).  (6)

Before developping the argument based on the regenerative method, a few remarks are
in order at this point.

Remark 1 (ON BLOCK-MOMENT CONDITIONS) Notice that conditions (i) and (ii) do not
depend on the atom A chosen. Besides, when dealing with the nonregenerative case,
these conditions have to be satisfied by a Nummelin (regenerative) extension of the chain
X constructed from a small set S, namely an accessible set to which X returns in a given
number of steps with probability uniformly bounded by below (see [18] for an account
on the Nummelin splitting technique). A sufficient condition for the latter to hold is
classically that both sup,.s IEX[Té] and sup,sEx[(> ;4 f(Xi))4] are finite. Recall also
that these 'block’ conditions may be replaced by Foster-Lyapunov drift conditions that
generally appear as more tractable in practice (refer for instance to Chapter 11 in [15] for
further details).



Remark 2 (ON CONSTANTS INVOLVED IN THE EXPONENTIAL TERM) It is noteworthy
that, although the asymptotic distribution of n—1/2 Z};_] S;(f) as 1 — oo does not de-
pend on the atom A chosen, its distribution for fixed n does (when f = 1 for instance,
Z}lf] Sj(f) =Ta(ln) —TAa is the time between the first and last visits to the set A before
time n). Hence, the constants involved in bound (5) depend on the choice of the atom
and ideally the latter should be picked so as to minimize the bound on the right hand
side of (5).

We also point out that in the case where the Xj’s are i.i.d. and f is bounded, by taking
A = X (so that TA = 1), My > sup,cg [f(x)] and M > 1, the term on the right hand
side of (5) (respectively, of (6)) boils down to a Bennett’s type bound (respectively, to a
Bernstein’s type bound).

Proof : Treading in the steps of [3] (see also [4] and [13]), the proof is made in
four stages as announced in §2.1: 1. truncating the r.v.’s as in [9], 2. partitioning the
probability space according to all fashions for X to regenerate up to time n, 3. establishing
an accurate exponential bound for sums of bounded i.i.d. 1-lattice random vectors and 4.
summing the bounds previously obtained over all subsets of the partition.

Step 1: truncation. By the same kind of truncation trick as in [9], we shall show
that the tail of Z}‘;ﬁ Sj(f) may be bounded by an exponentially decreasing term plus a
term related to the tail behavior of the (S;(f),s;)’s. Let M7, M, be positive thresholds
and consider the truncated r.v.’s,

S;(f) = S5(F)Iys; (p1<my y and § = silj j<my ), for j > 1.

The §,—(f)’s (respectively, the §j’s) are i.i.d bounded random variables. As l, <n Py a.s.,
it follows from the union bound that for all positive x

n—1 In—1
Py() S(f)>x) <PV{)_ S50 >xn{sj=§, 1<j<ln—1))
j=1 j=1

+ (M —=TPaA{ISA(f)] > M1} U{tA > M2}). (7)

Again the last term on the right hand side of (7) may be bounded from assumptions on
the speed of return time to A and on the tail of Sa(f) under Po. We shall now deal with
the first term which we denote by Py n(x).

Step 2: partitioning. In order to be brought to the independent framework, we par-
tition the event {l,, > 2} according to all possible values for the first and last regeneration
times, as well as for the total number of regeneration times up to time n. In this respect,
consider the collection of events

m
Urtim={tA =T, Z sj=n—1—1, smy1 > 1,
j=1



for 1 <7, 1 <nand2<m<mn. Combining the formula of total probability to the strong
Markov property, we get

Py n(x) = Z Z ZP’V(TA =71) X Pr1m(x) X Pa(TA > 1), (8)

Since E[S;(f)] <0, we have pr1m(x) < Prim(x) for all r, | and m, where

Pram(x) = Pl — 3 (85(F) — EIS;(F)) (5 — EI5j} = Arim), (9)
=1

Gry/m &

with Ayym = (n—1—1— &m)/(6ay/m). Hence all boils down to get an accurate
bound for pr1m(x) using the fact that (§,~(f),§j)j21 is a sequence of bounded i.i.d. bi-
variate 1-lattice random vectors. With the notations previously set out, notice that
p = (6¢ 65a) 1 Cov(S;(f),§;) for j > 1.

Step 3: exponential bound for 1-lattice random vectors. It is easy to get a
crude exponential estimate for (9) by the standard Chernoff method (for instance see [20]
and inequality (22) in §4.1). However such an estimate would not be precise enough to
get a summable bound in m for (8) (preventing thus from reproducing the argument in
[13] or [3] for instance). Indeed, under adequate assumptions, from limit theorems for
k-lattice random vectors with minimum span h (see [7], [8] or Lemma 6.4 in [3]), Pr 1 m(X)
may be shown as asymptotically equivalent to m—1/2h f(tix ¢z (t/+/m, Ar1m)dt, denoting
by ¢s the density of the bivariate gaussian distribution with mean zero and variance-
covariance matrix X = Var((c"rf_1§j(f), 6;\1 §;)). As pointed out in §6.2.2 of [3], the factor
m~/? appearing in the latter quantity is of prime importance for obtaining bounds that
are summable in m. In order to prove the exponential inequality required, we use the
method proposed in [24] for improving exponential bounds in the independent setting,
which is based on a refined use of the classical argument of the Bahadur-Rao Theorem.
An exponential bound for sums of i.i.d. 1-lattice bounded random vectors is stated in the
following lemma, of which proof is given in §3.1.

x ] m
> 2 y =
— 0f/Mm GA\/mj;

Lemma 2 (EXPONENTIAL INEQUALITIES FOR 1-LATTICE BOUNDED RANDOM VECTORS)
Let (S]*, L}‘)lgjgm be i.1.d. centered and square integrable bivariate r.v.’s with covari-
ance matriz X = (; ﬁ’). Assume further that the L;‘ ’s are lattice r.v.’s with minimal
span h > 0 and that there exists finite constants By and B, such that \S’]-“I < B and
IL;-“I < By forj=1,..,m. Set B2 = B% + B%, then there erists a universal constant c

such that for allm>1 andy > 0,

h
21t/m

UZH‘Z} . (10)

B
de— _y A
+ Cm)eXp{ 4B2

m m
P(m_]? ZS;‘ >y, m-z ZL;‘ =A) < e%(
j=1 j=1



Furthermore, we also have the following Bennett/Bernstein type inequalities,

m m
1 1 3 h 4cB . _mU+lel) yy Blly,MI
P(m™ 2 E - z L?:M < 62(727_[ m—l——m e B2 (el vm)
j=1 j=1 \%
3. h 4cB 1y, )2
< ez + —)exp{ —
21/m m 201 +pl + BHUMH)

3

Remark 3 An overestimated value of the constant ¢ may be deduced by a careful exam-
ination of the proof of limit theorems stated in [7] and [8] (see §3.1 further). However we
do not know at present what the best value for the constant ¢ might be.

Going back to our problem, notice first that, as the L}”s are lattice with minimal span
h= 6;], lemma 2 applies to the sequence {(gj(f) — E[gj(f)])/c"rf, (8; — E[55])/6a}j>1 with
p =P, By = 2My/5¢ and B, = 2M;/&a. Observing that B = (B + B3)"/2 < 2|[M||/5,
this yields

. 3 1 IM]] m(1+p)5% [ [IM]|-| X/ Fev/m), Artm)ll
<e2 8 — H .
Praml) < g aym o am TP T MR T+ p)aym
(11)
Recall that, for any a > 0, the function x — H(a+/x) is concave on R*. Writing
1/2
V2
I(x/( O'f\/> rlm|—<2(6_fm +2()\rlm\/i)2> )
by concavity arguments we get that
m(1+1p)52 [IM][xvZ IMIIAy 1 m | VZ
el ( e |M|) m e (s ) (et ) |
T = 27‘[0‘A\/>
(12)

H
( ) is increasing on R", we have for any m < n

o | MmO +18DE?  ( IMIxv2 o { O +IBE Mk
P 2IM|2 (1 +1p)&om P 2IM|2 (1 +p)&som

As the function x —

2~ ~
< exp{— x75/6¢ VG },(13)
2(n(1 +1p))55 ¢ + XM52)
the last bound following from the classical inequality H(x) > ﬁ > 0.



Step 4: control of the sum. Now combining the previous bound to (8) and (12),
we deduce that

1+1p))52 IM][x+/2
p < 32 _ H I, 14
i) < e"p{ v T\ T EhEen ) (14
where
mn mn
n—ZZZP TA=T PA(TA>U(\F )lem,
m=2r=1 1=1

with ¢ = (2r6A) 7", c2 = 8¢/[M]|/& and

v = expd M) (IMIALmv2
mhm 2IMI 1 )5/

)\2
< — rlm ) 15
°Xp AetmIMIV2 (15)
2(1 4 |p| + Drap 2

Recall that Ay = (n—1—1—&m)/Fa/m and consider the subdivision defined by the
points

anm = (n—a&am)/(Gaym), for T<m < n.

In order to bound this sum, we split the latter into two parts, according to whether r 41
is less than G A+4/m or not. Since y,1m < 1, by repeated use of Markov inequality, we get

n

n n n
C1 C2 C1 C2
Z Z Py(ta =T1)Pa(TA > U(ﬁ + E)Yr’l’m < Z (ﬁ + E) Z Pa(ta >1)
m=2r4+1>55 /m m=1 1>8a/m
Ealtd] « , ©1 c2
< Tt Lleat
E 2 2
< Bl 46T, (16)
O"A 6

From the identity (a—b)? > a?/2—b?, it follows that ?\%lm > aTL /2 —((r+1)/(5ay/m))?
and, for 1+ 1 < Ga4/m,
)\rlm ( %L,m/z_1)+)

denoting by a; the positive part of any real number a. The term on the right hand side
of (15) being decreasing in A, m, we have

(a2 ,/2— 1),
<exp{ — ’ ' H
Yrl,m < exp 201415+ (a2 /2-1) 2 IMIV2 o

35y/m




Consider the set A, ={m €{2,...,n}: (aﬁym/z — 1)]+/ZHMH\/§/(36) < m'2(1 4 |p))} of
indexes m for which the "Bernstein type” bound (17) describes a gaussian tail behavior
(the complement A corresponding to indexes m for which (17) provides a Poisson type
estimate). On the one hand, if m € A,

a? /21 }

<expq—
prbm = p{ 40T+ 3D

and on the other hand, if m € Af,,

35‘m(a2 /2—1)1/2 { 952(1 +1p|) }
< ex — n,m < EeX —_—MmMm .
Yrlm > p{ 4HMH\E S €xp 8[M||2

It follows that

n n
c c
> Y Buma=mPala > Ul Hynum < aler +ea) (Un 4 Vi),
m=114+1<&a /M

where Up =3 | -a mfl/zyﬂ,m and V,, = ZmeA% mq/zyﬂ,m. As in step 4 of Theorem
5.1’s proof in [3], we shall prove that U, is bounded by a Riemann sum. Notice that for
allm <m, Anm — Qnm+1 = 6(6'7\] m-12 4+ an,m—l—]((] + m—])VZ —1) and Gnm 2> Gnm+l-
If an,m4+1 > 0, then 6(6;\] m1/2 < Qn,m — An,m+1- On the other hand, if an m1 <0, we
have —anm41 = (&(m+1) — n)c”r;\1 m1/2< &6;11111/2 provided that n > &. Hence, for
any m such that anm41 <0,

&5 ' m 2 < anm— Anmer +27 &5, m 2
and consequently for any m > 2 and n > &, we have
&6, m % < 2(anm — anmi1).
We thus obtain that
n
U, < 2&_1 aAeCS Z (an,m - an,m+1) exp{—C3a121‘m/2}
m=1
o0
< 2& '5pe% J exp(—c3x?/2)dx = 2& ' Gay/27/c3e3, (18)
X=—00

with c3 = 1/(4(1+pl)) € (1/8, 1/4) (in particular, e /,/c3 < 2v/2e'/4).
Besides, proceeding in a similar way, we get

_ (1 +1p)&2
Vh < Z m VZexp{—(S“vF';m

10



0 1+ 15152
< J x1/zexp{—9( +1p1)6 x} dx
0

- 8lIMmJJ2
WAMIVE _ 2/2IMlyR (19)
36(1+1pl)1/2 — 35
Now combining (16), (18) and (19), we obtain ', < c4 with
2 2 2
+ . 2 2v/2M
Cq = LA~2 % (Ber 4 ca) + 28alcr + c2)e® 24| = + (c1+ Cz)—\[H ~||oc\/7>t' (20)
04 6 &\l c3 3G

Using (14), this yields the tail bound (5) where Cy = e3/2c4 with c4 given by (20). Notice
that Cyp = O(||M]|?) as [[M|| — co. And using (13) we obtain the tail bound (6) with the
"Bernstein version” for the exponential term. O.

3 Technical Details - Proof of Lemma 2

Set Sy = m*VZZKnS;-* and Ly, = m~/? 2 i<n L} for notational convenience. For
u = (ug,uz) € R" x R, let Yn(u) = logElexp{< u, (Sm, Lm) >}] be the log-Laplace of
the random vector (Sy, L) and denote by wﬂ)m and 11)& 111 its gradient and its hessian
matrix. Consider now the probability measure Py, ,,, defined by the Esscher transformation
dPy m = exp{(u, (Sm, Lm)) — Um(u)}dP. Expectation under P, ., is denoted by E ml[.]

in what follows. By exponential change of probability measure, we get

P(Sm > U, L = A) = By le?m W—Emlmhy o o0 )

Now choose u = u* such that 1])@ (u*) = (y,A), that is

u'=arg sup {<u,(y,A)>—Pm(u)h
ueR4 xR

And as E[fe<%(SmLm)>] = e¥m (W) by differentiating one obtains
Ele™ 8 £n)>(8 1, Lin)] = Wi (w)e W) = [y, N )

yielding E.x m[(Sm, Lm)] = (y,A) and Varys m[(Sm, Lm)] = w%)(u*) in a similar fashion,
denoting by Varys ml[.], the variance-covariance matrix under P+ ,. By integrating by
parts combined with straightforward changes of variables, one obtains

- J e (WS VL Mg 0L -A—0)dPum

11



= ]P)u,m(sm >Y,Lm = }\)

o0
u1J e WEVP L (Sm—y>s—y,Lin—A=0)ds
y

<y J e VP (S — U > 0, Ly — A = 0)
s=0
_Pu,m(sm_y > s,Lin—A =0)ds.

Using the results in [7] and [8] or the local Berry-Esseen Bound proved in [4] (see Theorem
4), we know that there exists a constant C,, such that, uniformly in (y,A),

o0
Pum(Sm=y 2 5,Lm~A =0 = 1 |~ b, (1,00t < Cum ™,
) \/ﬁ s u
where Wy, = Vary ml[(Sm, Lm)] and ¢, is the density of the bivariate gaussian distribu-
tion with covariance matrix W;,. From [7] (see also [8]) a crude bound for C,, is given by
ck3(Py,1) where k3(Py 1) = Ey 1 [X—Eq1 [X]|3]/Eu)1 [(X—IElu,m[X])ZP/2 and c is a universal
constant . Notice that

exp{—35%/0 i)

V21Varym(Lm)y/ 21, ,

d)Wu (S> 0) =

with

Xym = varu,m(sm)]/z(] - pi,m)]/z

pi,m = Covu,m(sm» »Cm)z/varu,m(['m)varu,m(sm)-

This yields for u = u*,

(o'e] N h S
Amfu') S uf | ek | dwia (6,0)dt+2C0m s
o & m

h OO —uts —1

= — 1 L(5,0)ds + 2C
\/HL e dw,.(s,0)ds +2C:m
h 1 @ (uh oty m)

_ +2C *m*] )
\/TT’I \/27rVaru* ,m(['m) 2nd (Ujf (Xu,m) ¥

where ¢(x) denotes the density of the standard normal distribution and ®(x) its survivor
function. Recall that for all x > 0 (see [24]),

1 < D(x) < 1
V2(14+x) ~ V2rdp(x) ~ +2mmax(x, 1)’

which leads to

h 1
Am(u*) < +2Cpem (21)

~ /m2nVarys m(Lm)!/?
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The matter is now to find an upper bound for the quantity

Luw*) = e (M @A) —bm (W) _ jp o (W A)—bm (W),
u

As (U, (Sm, Lm)) < 14 |[ul[?B2, we have E[e{®(Sm:Lm))] < e exp{|[u|?B2] for all u, so that
L(u*) < eexp(—(y? +A%)/4B2). (22)

It only remains to bound k3(Py« m) explicitely. Using (22), observe first that
Eus 1[(S1 — Eur 11511)%] = Evr (S — Eur mlSml)?] (23)
= J(s —y)Zelw s gp(s, 1) (24)

> e J(s —y)ze(szﬂz)/“BzdP(s,l)
> e J(s _y)2dP(s, ) = e (T4 y?) > e,

and similarly Varys m(Lm) > e~!. Moreover, since we have the bound
Ev 1(181 — Eve 1[811P] < 2BVary 1(S1),
and it follows from (23) that
k3(Pys 1) < 2¢'/2B. (25)
The desired result follows by combining (21) with (22) and the estimate (25).

To obtain the Bernstein-Bennett type bound, we replace the crude bound (22) by a
more refined one by using standard arguments. We have

m
Ele(w(Sm Lm))] — E w1 g* u2 ¥V,
[e ] E [exp{m it i
Since s — (e®—1—s)/s? is increasing on R* and | TSI+ ;%Lﬂ < m~2||u||B, we have

Elexp{— =St + =Lt} <E[1 + it

RSl woal

—=95;
f
—-1/2 1 —-1/2
% w2expim ™ /4[ul[B) — 1T —m~"/4[[ul|B)
exp{m~"?[u|B} — T — m~"/?[u|B)
B2 ‘

< T+ (T+1pl)

The last inequality follows from the trivial inequality

E[(me{—i—usz)z] = u%+2pu1uz—|—u%

13



< ug+lpl(uf + ud) 4+l
Then, we obtain

Elel®Sm~Eml] < (14 ((1 4 |pl) (exp{m~"2|ul[B} — T — m~2|ju|[B)/B?))™
< exp{m(1 + |p|)(exp{m~"/?[u||B} — 1 — m~"/?|ju||B)/B2.

If we choose u such that |[ul| = % log(14+m~"2(1 +1p|)~"Bl|/(y,A)]]) and u colinear to
(y,A), then we get

L(u*) < e ullllu, ) H+-m(1+pl) (exp{m™ /2 [[B}—T—m~ /2 u||B) /B

(T+1pl) B[ (y, Al

H
B2 204 o)

)

=exp{—m

where H(x) = (14+x)In(1+4x) —x. The last inequality follows from the classical inequality

x2

Hx) > — 2 forx > 0.
)2 a3y Prx20
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