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Abstract

We establish a simple variance inequality for U-statistics whose underlying se-
quence of random variables is an ergodic Markov Chain. The constants in this
inequality are explicit and depend on computable bounds on the mixing rate of
the Markov Chain. We apply this result to derive the strong law of large number
for U-statistics of a Markov Chain under conditions which are close from being
optimal.
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1. Introduction

Let {Y,}52, be a sequence of random variables with values in a measurable
space (Y,)). Let m be an integer and h : Y™ — R be a symmetric function.
For n > m, the U-statistic associated to h is defined by

Upm(h) & (")1 S i Y. (1)

m ) .
1<ii < <im<n

The function h is often referred to as the kernel of the U-statistics and m is
called the degree of h. We refer to Serfling (1980), Lee (1990), and Koroljuk
and Borovskich (1994) for U-statistics whose underlying sequence is an i.i.d.
sequence of random variables.
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Several authors have studied U-statistics for stationary sequences of de-
pendent random variables under different dependence conditions: see Arcones
(1998), Borovkova et al. (2001), Dehling (2006) and the references therein. Much
less efforts have been spent on the behavior of U-statistics for non-stationary
and asymptotically stationary processes; see Harel and Puri (1990) and Elhar-
faoui and Harel (2008). In this letter, we establish a variance inequality for
U-statistics whose underlying sequence is an ergodic Markov Chain (which is
not assumed to be stationary). This inequality is valid for U-statistics of any
order and the constants appearing in the bound can be explicitly computed (for
example, using Foster-Lyapunov drift and minorization conditions if the chain
is geometrically ergodic). This inequality can be used to derive, with minimal
effort, limit theorems for U-statistics of a non-stationary Markov chain. In this
paper, for the purpose of illustration, we derive the strong law of large numbers
(SLLN) under weak conditions.

Notations

Let (Y,Y) be a general state space (see e.g. (Meyn and Tweedie, 2009,
Chapter 3)) and P be a Markov transition kernel. P acts on bounded measurable
functions f on Y and on measures p on ) via

Pi(x) / Pa.dy)f(y) . pP(4) % / j(da) Pz, A)

We will denote by P™ the n-iterated transition kernel defined by induction

def/Pnfl(z,dy)P(y,A) :/P(x,dy)Pn—l(y,A)§

Pz, A) =

where PY coincides with the identity kernel. For a function V : Y — [1, 4+00),
define the V-norm of a function f:Y — R by

def
Ifly = Sl¢1>|J“|/V-

When V' =1, the V-norm is the supremum norm and will be denoted by | f]co-
Let Ly be the set of measurable functions such that |f|,, < 4+o00. For two
probability measures 1, 12 on (Y, ), |1 — p2l|py denotes the total variation
distance.

For u a probability distribution on (Y,)) and P a Markov transition kernel
on (Y,Y), denote by IP,, the distribution of the Markov chain (Y,),, .y with initial
distribution p and transition kernel P; let E, be the associated expectation.
For p > 0 and Z a random variable measurable with respect to the o-algebra

def 1
7 (Ya)pen): set 1 Z]], , = (B, [1Z]7])'7.
2. Main Results

Let P be a Markov transition kernel on (Y, )). We assume that the transition
kernel P satisfies the following assumption:



A1 The kernel P is positive Harris recurrent and has a unique stationary
distribution 7. In addition, there exist a measurable function V' : Y —
[1,400) and a nonnegative non-increasing sequence (p(k)),cy such that
lim,, p(n) = 0 and for any probability distributions p and g’ on (Y,)),
and any integer k,

[P = ' P¥[| oy < p(R) [0(V) + 1/ (V)] (2)

and
(V) <oo. (3)
A2 The function h is symmetric and 7-canonical, i.e, for all (y1,...,Yym-1) €

Y™ty h(yi, ..., Ym—1,y) is m-integrable and
[ @t comes) =0, (4)

For p a probability measure on (Y,)), we denote

def
M (p, V') = sup pP*(V) . (5)
k>0
Note that, under A 1, for any probability measure pon (X, X), 7(V) < M(u, V).
We can now state the main result of this paper, which is an explicit bound for

the variance of bounded m-canonical U-statistics. The proof of Theorem 2.1 is
given in Section 3.

Theorem 2.1. Assume A1-A2. If |hlo < 00 then, for any initial probability
measure p on (Y,)),

1m0 < Conon s/ M (V) bl oo ™2 (6)

with
" 12
Crm & 27241/ (2m))] (Z(k+1>mp(k>> ?—) (7)
k=0 m

Remark 1. In the case where p(k) = o* for some o € (0,1), for all (m,n) € N,

. TS i o 100 i

;;)(IH D"Ph) < T Tn(e)

We may extend Theorem 2.1 to symmetric functions h which are not canon-

ical. For any integer p and any pu, ..., iy, p (signed) finite measures on (Y,Y),

denote by p1 ® - -+ @ pp def P Wi, the product measure on (Y?, Y*P). For p

a (signed) finite measure on (Y,)), define u®? o B @ p.



Let h : Y™ — R be a measurable and symmetric function such that 7™ (|h|) <
oo. Define for any ¢ € {1,...,m — 1} the measurable function 7, b : Y¢ - R
given by
7rcm*bh(ylv ) yc) déf (591 - 7T) - ® (5yc - 7T) ® 7T®(mic) [h] ) (8)

where for any y € Y, §, denotes the Dirac mass at y. Set

m

def m def
momh = 7h  and  Tmmh(Y1, .. Ym) = ®(5yl —m)[h] . 9)
i=1
Note that for any ¢ € {1,...,m} mc ., is a m-canonical function. The Hoeflding

decomposition allows to write any U-statistics associated to a symmetric func-
tion h as the following sum of canonical U-statistics (see e.g. (Serfling, 1980, p.
178, Lemma A)):

m

m
Unmh - Unc cmh 5 10
)= 32 (7 ) U (10)
where Uy, . is defined in (1) when ¢ > 1 and U, o(f) def f. The symmetric
function h is said to be d-degenerated (for d € {0,...,m}) if 74~ # 0 and
Te,mh = 0 for ¢ € {0,...,d — 1}. By construction, a m-canonical function h is
m-degenerated (it is also said “completely degenerated”).

Corollary 2.2. Assume A1. Let h be a bounded symmetric d(h)-degenerated
function. Then

U (B) = 7®™0| < VMVl > <”§)2Ccn,cnc/2,
c=d(h)V1

where Cy, . is defined in (7).
It is possible to extend the previous result to unbounded canonical functions.

Define, for any ¢ > 1,

e h(yla ay’m)|
B (h) d:f sup |'m— s (11)
! Wrsgm)eYm 25my VY (y;)

where V is defined in A1. The proof of Corollary 2.3 is given in Section 3.

Corollary 2.3. Assume A1-A2 and that, for some p € [0,00), Bypi1y(h) < o0
holds. Then, for any initial probability measure p on (Y,)),

n

1/2
1Unm ()], < 27/me/2m)! D(p, o, V. 1) (Z(k +1)" (p(k»ﬁ)

k=0

where the constant D(p, u, V, h) is given by

def 2etl [ 1 _ p 11/2
Dip, i, Vi) € 27050 [pets 4 p7#t | M V) Bagan(h) - (12)



Using again the Hoeffding decomposition (10), Corollary 2.3 can be extended
to the case when h is d-degenerated for d € {0, --- ,m—1}. Details are left to the
reader. When used in combination with explicit ergodicity bounds for Markov
chains, Theorem 2.1 and the corollaries can be used to obtain non-asymptotic
computable bounds for the variance of U- and V-statistics. As a simple illus-
tration, assume that the transition kernel P is phi-irreducible, aperiodic and
that

1. (Drift condition) there exist a drift function V' :' Y — [1,400) and con-
stants 1 < b < oo, and A € (0,1) such that

PV <AV +0b.

2. (Minorization condition) for any d > 1, the level sets {V < d} are petite
for P.

Then, there exists a probability distribution 7 such that 7P = 7 and 7(V) <
b(1—\)~!. In addition, there exist computable constants C' < oo and p € (0, 1)
such that for any probability measures p, 1’ on (Y,)) and any n > 0,

[uP™ — ' P ||y < C p" [u(V) + 1/ (V)]

(see for example Roberts and Rosenthal (2004), Douc et al. (2004) or Baxendale
(2005)). Assumption A1 is thus satisfied with p(k) = CpF and we may thus
apply Theorem 2.1 to obtain a non-asymptotic bound.

It can also be used to derive limiting theorems for U-statistics of Markov
chains. In what follows, as an illustration of our result, we derive a law of
large numbers which holds true under conditions which are, to the best of our
knowledge, the weakest known so far and more likely pretty close from being
optimal.

Theorem 2.4. Assume A1 with p(n) = O (n~") for some r > 1. Let m > 1
and h : Y™ — R be a symmetric function such that for some § > 0,

Ih(y1, - ym)|(og™ [B(y1, .. ym) )P0

(Y1seesym)EY™ ZZ1 V(i)

Then, for any probability measure p on (Y,Y) such that M(u, V) < oo,

<00, (13)

<:l)1 Z {(h(Yi,..., Yi,)—Eu (Y, ..., i, )]} =0, P,—as.

1<ii < <im<n
(14)
when n — +o00 and

-1
n

I S B, Y

i (m) ulh(Ys, m)]

1<iy < <im<n

= /ﬂ(dyl) oo (dym )Ry, ym) - (15)



3. Proof of Theorem 2.1 and Corollary 2.3

For any probability measure p on (Y,)), for any positive integer ¢ and any
ordered f-uplet kg = 0 < ky < --- < ky, consider the probability measure
Pﬁl*kz **** ke defined for any nonnegative measurable function f:Y¢ — R, by

. ¢
Phikarhe () /"'/M(dyo)Hpki_k“l(yi—l,dyz‘)f(yl:e), (16)
i=1

def (

where y1.4 = (y1,...,y¢). Note that, by construction,

Ep [f (Yars -5 Vi )] = Pprbeeoke ()
For any positive integer m and any ordered 2m-uplet Z = (1 < i3 <ig < --- <
iom), we denote for £ € {1,...,m},
. def . . . . .
Je(Z) = min(ige—1 — i20—2, 420 — i20-1) (17)
. def . . .
3«(Z) = max [ji(T), ja(T), ., jm(D)] (18)

where, by convention, we set ip = 1. Denote by By (Y?™) the set of nonneg-

ative measurable function f : Y2 — R,. For any probability measure y on
(Y,Y) and any ordered 2m-uplet Z, denote P} et Pjpoet2m We consider the
probability measure I@’i = I@i’j’""im on (Y2 Y®2m) given for f € B, (Y?™) by

BI(f) 4 / T ( Ay )P () f(yram) (19)

if inf {k € {1,...,m},js(Z) = jn(Z)} = 1 and

IEDf(f) o /Pi}""’i””(dy1;2e—2)77(dy25—1)Pif““’hm (dyoe.2m) f(Y1:2m) ,  (20)

if ¢ =inf{ke{l,....m},5.(T) = jx(Z)} € {2,...,m}. For any permutation o
on {1,...,2m}, define f, : Y?" — R the function

Folyns - yom) & b (Yo1)s -+ Yom) B Woime1)s - Yozm)) - (21)

Since the function A is m-canonical, it follows from the definition of I@’g that, for
any ordered 2m-uplet Z and any permutation o,

PL(fs) =0. (22)

This relation plays a key role in all what follows and is the main motivation for
considering the probability measures IP% .



Proposition 3.1. Assume A1-A2. Then, for any probability measure p, any
positive integer n and any ordered 2m-uplet T in {1,---  n},

|Br—BE| <40 GL@) MV, (23)
where the sequence (p(n))nen, M (1, V) and j«(Z) are defined respectively in (2),
(5), and (18).

Proof. Let T = (1 < iy < iy < -+ < gy < n). To simplify the notation, in
what follows, the dependence in Z of ji,...,j, - defined in (17) - is implicit.

Assume first that j, = j;.
Let f € B (Y?™). The definition of (16) implies that

def iy,.iom _ i1 2 =11 5.0y 02m — 11
Pi(f) = P,u. e (f) - /MP (dyl)Pyl (dyQ:m)f(yl:Qm) .

Combining this expression with the definition (19) of ]P’g yields

‘Pﬁ(f)_@ﬁ(f)‘ <Th+71, (24)
with
def i1 02, esizm
Tl - [MP (dyl) - W(dyl)} ]P),u’ ’ (dyQ:Qm)f(yl:2m> 5
T2 déf /‘upil (dyl) [szl7“ ..... fam i (dy2:2m) - ]P)Lz VVVVV 2 (dyQ:Qm)} f(yl:Qm)‘ .

Consider first 7. Since UIPff""’im (dy2;2m)f(y1:2m)’ <|floo, Al and (5) imply
that

Ty < ||uP™ = 7| gy | floo < p(in) [0(V) + 7(V)] [ floo < 2p(i) M (11, V),

where we have used that (V) < M(u, V) and 7(V) < M(u, V). On the other
hand, for any bounded measurable function g: Y?™~! - R, andy €,

Py itz T (g) = /%(dyl)Piz_il (y1, dy2) Py~ 2m =2 (dys.0) g (y2:2m )

and

Therefore, under A1,
[Ptz = (g) — P2tz (g)| < plin —ia) [V(y) + uP (V)] |gloc -

Integrating this bound shows that Ty < 2p(ia —i1) M (t, V)| f|eo, where M (p, V')
is defined in (5). In conclusion we get

[BZ(/) ~ BE(H)| < 2lo(ia — i) + p(in)] MG, V) []oo (25)



Assume now that, for some ¢ € {2,...,m}, j, = jo. With these notations,
for any nonnegative function f :Y?™ — R,

Pi(f) - /Pj‘h“’iuil(dyliﬂ—l)Pl;zizjuilwwizm_iuil (dy2e:2m) f (y1:2m) -
Combining this expression with the definition (20) of ]f”f , we get

PL() - BL(H)| < T+ T (26)

« ]P);:fg,...,l’ZWL(dy2é:2m)f(y1:2m)

)

and
Ty = ’/Pi}""’ml(dth—l)

X |:Pz‘.y22lj€t71:22—17~~~,i2nL—i2€—1(dy22:2m) 7]P>Lze7~~,izm (dy2l:2m)} f(y1:2m)‘ )

Consider first T7. Under A1, (2), for any y2¢—2 € Y, and any bounded measur-
able function g : Y — R,

/[Pi”*ﬁ“""z(y%—z,dy2e—1) — m(dy2e-1)]9(y2e-1)
< p(ige—1 — t20—2) [V(y2e—2) + 7(V)] 900 -

Applying this relation with

and using that, for any y1.00-2 € Y272 |9y, »loo < | fleo, yields to
Ty < p(ige—1 — i20—2) [HPW'*Z (V) + W(V)] | floo
< 2p(ige—1 — d2e—2) M (11, V)| floo -
Consider now T5. Note that, for any bounded measurable function g : Y2 ~2(+1
R that
]P):iyzzegii2€7l,.“7i2m_i2£7l (g) _ /Pi2£—i2€—l (yze—1, dygg)

X ]piu+1*i2[, ----- i2m —12¢

Y2u (dy2e+1:2m)g(yze:2m),



and

PLze,---,izm (g) — /uPi2£—1 (dygg_l)Pi“_iz“l (y2€—1, dy%)
X Pli/é[eﬂiiu ..... fam e (dy2€+1:2m)g(y2€:2m) .
Therefore, under A1, for any bounded measurable function ¢ : Y?"~2(+1 R
and yor—1 €,
Pi2e—i2e—1;--si2m —i20—1 (g) _ [Pi2es-izm (g)

Y2e—-1 ow
< pline = ine—1) [V (y2e—1) + M (11, V)] |g]oo -

Therefore, by integrating this bound with respect to Pf} """ f2e1 yields to the
bound

Ty < 2p(ize — d2e—1) M (11, V)| floo
which concludes the proof. |

Lemma 3.2. Let (X, X) be a measurable space. Let & and &' be two probability
measures on (X, X) and p € [0,+00). Then, for any measurable function f
satisfying E(|fI'17) + &' (|f]'FP) < oo,

E(F) = €()] < Cp) [€UFIM?) + € (1) P e — ety

where C(p) < [pl/®+1) 4 p=p/@+D)],
Proof. For any M > 0,
€)= €] < MIE =€l oo + € IFILLIS] = MY + € [F1L{I7] = M)
<M|§ -~ f/HTv [floo + M™P [§(|f|1+P) + 5/(|f|1+p>] )

The proof follows by optimizing in M. O

Proposition 3.3. Assume A1-A2. Then, for any ordered 2m-uplet T = (1 <
i1 < -+ <oy < n), any permutation o on {1,...,2m}, and any initial distri-
bution p on (Y,Y),

By [fo (Yirs s Yia, DIl S 4M (1, V) p (G4(T)) [h]% (27)

where the sequence (p(n))nen, the index j.(Z) and the function f, are defined
in (2), (18), and (21), respectively. If, for some p € [0,00), the constant
Bypt1)(h), defined in (11) is finite, then

By [fo (Yigs o Yo )]l < m® D(p, 1, V, B)? (p (ju(Z))) 7D (28)

where the constant D(p, p, V, h) is defined in (12).



Proof. The proof of (27) follows immediately from (22) and Proposition 3.1.
By applying the inequality ab < 1/2(a? + b?) and the Jensen inequality, it
follows from A2 that

2m
2 1
oo o)< (1/2) BR L () m®™ SV (4i)
1=1

where f, is defined in (21). Therefore, for any ordered 2m-uplet Z = (1 < i; <
o Zgy <),

PL (17| < M(u V) BLEES ()m ) (29)
BE[I5174] < M(u, VIBSEE (R m2e D) (30)

The proof then follows by using (22) and by applying Proposition 3.1 and
Lemma 3.2. O

Proof of Theorem 2.1 and Corollary 2.3. Denote by I'(2m) the collection of all
permutations of 2m elements. We have

2

E# Z h(}/ilv'-w}/im) S

1<ii < <im<n

Z Z |E# (h(Yiau)""7Yia<m>)h(Yia<m+1>""’Yia<2m>))| :

cel’'(2m) 1<ip <---<izm<n

Let k > 0. Denote by Ifnyn the set of all ordered 2m-uplet Z = (1 <i; < --- <
iom < m) such that j,(Z) = k, where j,(Z) is defined in (18). By definition,
for T € If, ., and £ € {1,...,m}, jo(Z) < k. It is casily scen that the cardinal
of I¥ . is at most 2™n™(k + 1)™. The proof of Theorem 2.1 follows from
Proposition 3.3, (27).

The proof of Corollary 2.3 follows from Proposition 3.3, (28). |

4. Proof of Theorem 2.4
We will use the following elementary Lemma.

Lemma 4.1. Let (sp), oy be a non-decreasing sequence of real numbers. Let
(un), ey be a non-decreasing sequence of positive numbers. Assume that

e the sequence (In(uy,)/In(n)), .y converges to a positive limit §.
e for any a > 1, the sequence (ufaanSLa"J) converges to L.
neN

Then, the sequence (u;lsn) converges to L.

neN

10



Proof. Let a@ > 1. For any n € N, denote by k, def sup{k € N, |[a*| < n}.
Since the sequences (s;,),, ¢ and (uy),, oy are non decreasing and u,, > 0 for any

neN,
uLaknJ Sl_ak"j < S_n < uLaanJ S\_a""*ﬂ

U | ghn+1] U an | T Uy Ulgkn | U|ghn+1] '
Since lim, o uLa”“J/ULanJ =al,

1
—L < lim inf 22 < hmsup— <a’L
ad no Uy Uy,

O

Proof of Theorem 2.4. Note that the positive and negative parts of h satisfy the
conditions of Theorem 2.4 so that we can assume without loss of generality that
h is non negative.

Proof of (15). For any 7 > 0, denote

def
he(yiy s ym) = My, Um) L hyn,ym) <7} -

By Al, we have, for any 1 <1 < -+ < i, <m,

|E,. [hr (Yiys .., Yi, )] = 7@ [he]| < 2M (1, V) hr |OOZp —ij 1),

where by convention, ig = 0. Note that >, ., _; - plia —i1) = > (n
k)p(k) <nd ,_ 1p( ). Therefore,

—1
n m
<m> Z E# [h’l'(}/in e ’}/im)] - 7T® [hT]
1<in < <im<n

:1)_1 > plij —ij-1)

1<iy < <im<n

(
< 2M(p, V)Ti (;) 71nm72 > pliy—ija)

7j=1 1<i; 1<i;<n
m —1 n
n
<oM(u,V mp 1 k
<2017 () ot

which goes to zero since n='>"}_, p(k) — 0. Under the stated assumptions,
there exists a constant C' such that

— )
E, [|h(Yz'm)|1{\h(m11m>\27}} < C (log* 7) v

Since lim; oo 7™ [h,] = 7™ [h], the proof follows. O

11



Proof of (14). Let m > 1 be fixed. We prove that
-1
n
I ) =a®m —as.
w(") X )=l Beeas (Y
1<ii < <im<n
Using Lemma 4.1, we have to prove that (31) holds if for any o > 1,

lim (¢k) - > hYi,,) =7®"h] P, —as. (32)

k—+4oco \'m . .
1<y <o < <épie

where ¢y, def |a¥|. By the Hoeffding decomposition (10), it suffices to prove
that for any ¢ € {1,--- ,m},

—1
lim (‘m) > Teamh(Yi, ) 220
k—4o00 C o
1<y < <ie <y

where 7.,k is the symmetric m-canonical function defined in (8); note that
under (13),

146

sup |Temh(y1, -, ye)l 10g+(|7rc,mh(y1, L))
(Y1, ,ye)EY® 25:1 V(yi)

The case ¢ = 1 is the ergodic theorem for Markov Chain (see for example (Meyn
and Tweedie, 2009, Theorem 17.1.7)).

We consider now the case ¢ € {2,---,m}. In all what follows, the index
c€{2,...,m} is given and for ease of notations, we denote by g an arbitrary
m-canonical symmetric function of ¢ variables . Take s > 0 such that

<+4o0o. (33)

2s <r—1. (34)

By Al and (33), there exists a constant C' depending upon s and M (u, V'), such
that

Eu D oc¢ > 190 lem,ize

k=1 1<iy < <ie<op
<C ) (loggr) ", (35)
k=1
and the RHS is finite since a@ > 1 and 6 > 0. Therefore,

o1 Z g(}/il:c)]lﬂg(}/il:cﬂz(ﬁz} -0 P,—as. . (36)

1<) <<t <o

We must now prove that

ngn O Z go: (Vi) =0, P,—as., (37)

1<) <<t <y

12



where for 7 > 0, g, (y1.c) def 9(W1:c) L 1g(y1..)|<~}- We apply again the Hoeffding
decomposition (10) to the function gg:. Observe that since g is 7-canonical,
satisfies (33) and 7(V') < 400, the dominated convergence theorem implies that
limy, m#¢(gg: ) = 7®¢(g) = 0. Hence, by (10), the limit (36) holds provided for
any £ € {1,---,c},

lim ¢ ° > Teclgsr](Vin,) =0, P, —as.. (38)

k—o00 . .
1< < <ig <o

Since g is m canonical, for £ € {1,---,¢— 1}, we have 7, g = 0 which implies

Teel99;) = e {9 - 91{\g\z¢z}} = Te [91{|g|z¢;}} :

Therefore, (38) is equivalent to

. —¢ o
Jm ¢ Y. meelglggzepn] =0, Pu-—as.
1<y <+ <ig <oy

which holds true by using an argument similar to (35); details are omitted.
When ¢ = ¢, by definition of 7. . (see (9)) we have by applying Theorem 2.1

2
Bu |l ot > meclosl(Vi)
1<iy <+ <ie<¢s
Pk
<O | DG +D0G) | ¢ <C oy,
§=0
which by (34) implies (38) when ¢ = ¢. This concludes the proof. O
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