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Laws of the Iterated Logarithm for random walks on
Random Conductance Models

By

TAKASHI KUMAGAT* and CHIKARA NAKAMURA™**

Abstract

We derive laws of the iterated logarithm for random walks on random conductance mod-
els under the assumption that the random walks enjoy long time sub-Gaussian heat kernel
estimates.

§1. Introduction

Random walks in random environments have been extensively studied for several
decades in probability and mathematical physics. Random conductance model (RCM)
is a specific class in that random walks on the RCMs are reversible, and that the class
includes many important examples. Recently, there has been significant progress in the
study of asymptotic behaviors of random walks on RCMs. In particular, asymptotic
behaviors such as invariance principles and heat kernel estimates are obtained in the
quenched sense, namely almost surely with respect to the randomness of the environ-
ments, even for degenerate cases. One of the typical examples is the random walk on the
supercritical percolation cluster on Z?. In this case, Barlow [3] obtained quenched long
time Gaussian heat kernel estimates such as (1.3) and (1.4) below with o = d, 5 = 2.
Soon after that, the quenched invariance principle was proved in [22] for d > 4 and later
extended to all d > 2 in [6, 18]. Namely, for a simple random walk {Y,*},>0 on the
cluster, it was proved that 51/[‘;’/52] converges as € — 0 to Brownian motion on R? with
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covariance 0?1, o > 0, for almost all environment w. We note that the proof for d > 3
uses the heat kernel estimates given in [3].

The RCM on a graph is a family of non-negative random variables indexed by edges
of the graph. Supercritical bond percolation cluster is a typical (degenerate) RCM which
endows each edge of Z¢ with i.i.d. Bernoulli random variable. The quenched Gaussian
heat kernel estimates are established for various other RCMs, for example

(a) uniformly elliptic conductances ([10]),

(b) i.i.d. unbounded conductances bounded from below by a strictly positive constant

([4)),

(c) i.i.d. conductances bounded from above and some tail condition near 0 ([9]),

(d) random walks on the level sets of Gaussian free fields and the framework of random
interlacements ([21]),

(e) positive conductances with some integrability condition ([1]).

Note that conductances in (a), (d), (e) are not necessarily i.i.d. Note also that, while
(b)-(d) are discussed on Z9, (a) and (e) are discussed for more general graphs with some
analytic properties. Quenched invariance principles for the random walks on RCMs are
also established extensively. For more details, see [7, 16] and the references therein.

We are interested in further quenched asymptotic behaviors of the random walks
on RCMs. The aim of this paper is to establish the laws of the iterated logarithm
(LILs) for the sample paths of the random walk such as (1.6) and (1.7) below in the
quenched level. In fact, for the random walk on the supercritical percolation cluster,
Duminil-Copin [11] obtained the standard LIL (limsup version as in (1.6)) by using the
results of [3]. Also, in [15] the LIL is obtained for a class of transient random walk in
random environments. The novelty of this paper is twofold.

e We establish another law of the iterated logarithm (liminf version as in (1.7)).
e We establish quenched LILs for random walks on much more general RCMs.

Our approach is through the heat kernel estimates. Namely, we assume the quenched
heat kernel estimates (Assumption 1.1) and establish the quenched LILs (Theorem 1.2).
Since the quenched heat kernel estimates are established for many RCMs, our theorem
applies for those examples as we discuss in Section 1.2.

The organization of the paper is as follows. We first explain the framework and
main results of this paper. In Section 2, we give the preliminary estimates to prove the
main results. In Section 3 we prove the LIL and in Section 4 we prove another LIL.
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Finally in Section 5, we assume the ergodicity of the media when G = Z% and prove
that the constants appearing in the limsup and liminf in the LILs are deterministic.

§1.1. Framework and main results

Let G = (V, E) be the countably infinite, locally finite and connected graph. We
can define the graph distance d : V' x V' — [0,00) in the usual way, i.e. the shortest
length of path in G. Write B(z,r) = {y € V(G) | d(x,y) < r}. Throughout this paper
we assume that there exist @ > 1 and ¢1, co > 0 such that

(1.1) cir® < gB(x,r) < cpr”

holds for all z € V(G) and r > 1.
We assume that the graph G is endowed with the non-negative weights (or con-
{w(e) | e € E} which are defined on a probability space (2, F,P).

ductance) w =
We write w(e) = we = wyy if e = xy. We take the base point zp of G and set

V(GY) = {v € V(Q) | 2y < v}, where x5 <= v means that there exists a path
v = ejeg - e from xg to v such that w(e;) > 0 for all i = 1,2,--- k. We also define

C(w) as the set of all vertices x which satisfy o «=+ oo, i.e. there exists an infinite

length and self-avoiding path v = ejes - -+ starting at x which satisfies w(e;) > 0 for

all i. Note that if each weight w(e) is strictly positive, then V(G*) = C(w) = V(G).

Let p*(x) = 3_,. s Way De the weight of z, V¥(4) = Z 1” (y) be the volume
yEANV (G¥)

of A C V(G) and V¥(z,r) = V¥(B(x,r)) be the volume of the ball B(z,r). We also

denote B¥(z,r) = B(xz,r) NV (G*).

Next we define the random walk on the weighted graph. Let {X},>¢ be the
discrete time random walk on V (G*) whose transition probability is given by P¥(x,y) =
ui—%' We write PY(z,y) = P¥(X% = y). The heat kernel is denoted by p%(z,y) =
by (x,y)

1 (y)
For our main results, we assume the following conditions. Note that a > 1 is the

same as in (1.1).

Assumption 1.1.  There exist Qy € F with P(Qy) = 1, positive constants
€1.1,C1.2,"* ,C1.6, 3, € with e+1 < B and random variables Ny (w) (z € V(G),w € Q)
such that the following hold.

(1) For allw € Qy, x € V(G¥) and r > Ny (w), it holds that

(1.2) c1ar® < V@ (z,r) < cpor®.
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(2) For all w € Q, {X¥},>0 enjoys the following heat kernel estimates;

B/(B—1)
w C1.3 d(xay)
(1.3) P (z,y) < ol B exp [—61.4 <W> ]

for d(z,y)V Ny (w) <n, and

B/(B-1)
w w C1.5 d($7y)
(1.4) Pr(@,y) + Prja(2,y) 2 275 exp [‘01-6 ( VL ) ]

for d(z,y)' TV N, (w) < n.

(8) There exists a non-increasing function f.(n) which satisfies

(1.5) P(Nye>n) < fe(n) and Y n*’f(n) < oo.

n>1
Now we state the main result of this paper.

Theorem 1.2.  Suppose that Assumption 1.1 holds. Then for almost all envi-
ronment w € S there exist positive constants C1 = C1(w) and Cy = Cy(w) such that the
following hold.

. d(X§, X3)
1.6 1 n
(16) TP nt/B(loglogn)i—1/8

. maxXe<e<n d(X§, XP)
(1.7) lim inf nt/B(loglogn)—1/8

=4, P¥-a.s. for all x € V(G*),

= (s, P?-a.s. for all x € V(GY).

We note that we can replace d(X§, X%) in (1.6) to Jnax d(X§, X)) with possibly
different C;. We also note that if the random walk can be embedded into Brownian
motion in some strong sense (which seems plausible in various concrete models), then
(1.6),(1.7) can be shown as a consequence ([8]). It would be very interesting to prove
such a strong approximation theorem.

The constants C'; above may depend on the environment w. In order to guarantee
that they are deterministic constants, we need to assume the ergodicity of the media.
For the purpose, we now consider the case G = Z?. In this case, we can define the shift
operators 7, : 2 — Q (z € Z9) as

(wa)yz = Wy+z,z4z-
We assume the following ergodicity of the media.

Assumption 1.3.  Assume that (Q, F,P) satisfies the following conditions;
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(1) P is ergodic with respect to the translation operators T, i.e. Po1, =P and for any
A € F with 7,(A) = A for all x € Z¢ then P(A) = 0 or 1.

(2) For almost all environment w, C(w) contains an unique infinite connected compo-
nent.

Theorem 1.4.  Suppose that Assumption 1.1 and Assumption 1.3 hold. Then
we can take C1,Cy in Theorem 1.2 as deterministic constants (which do not depend on

w).

Remark 1.5. In this paper, we only consider discrete time Markov chains, but
sitmilar results hold for continuous time Markov chains (constant speed random walks

and variable speed random walks); see [19].

§1.2. Examples

In this subsection, we give examples for which our results hold.

Example 1.6 (Bernoulli supercritical percolation cluster).  Barlow [3, Theorem
1] proved that heat kernels of simple random walks on the super-critical percolation
cluster for Z%, d > 2 satisfy Assumption 1.1 with a = d, 8 = 2 and f.(n) = cexp(—c'n°)
for some ¢, ¢, 6 > 0. (In [3], heat kernels for continuous time random walk were obtained.
See the remark after [3, Theorem 1] and [6, Section A] for discrete time modifications.)
Since the media is i.i.d. and there exists an unique infinite connected component, we
can obtain the LILs (1.6) and (1.7) with deterministic constants. Note that (1.6) for
the supercritical percolation cluster was already obtained by [11, Theorem 1.1].

Example 1.7 (Uniform elliptic case).  Suppose the graph G = (V, FE) endowed
with weight 1 on each edge satisfies (1.1) and the scaled Poincaré inequalities. Put
random conductance on each edge so that ¢; < w(e) < ¢ for all e € E and for almost
all w, where ¢1,co > 0 are deterministic constants. Then Assumption 1.1 holds with
f=2and Ny . =1. So the LILs (1.6) and (1.7) hold.

Example 1.8 (Gaussian free fields and random interlacements).  Sapozhnikov

[21, Theorem 1.15] proved that for Z?, d > 3, the random walks on (i) certain level
sets of Gaussian free fields; (ii) random interlacements at level u > 0; (iii) vacant
sets of random interlacements for suitable level sets, satisfy our Assumption 1.1 with
a =d, 3 =2 and the tail estimates of N, .(w) as f.(n) = cexp(—c/(logn)'*?) for some
¢, c’,§ > 0. This subexponential tail estimate is sufficient for Assumption 1.1 (3). Since
the media is ergodic and there is an unique infinite connected components (see [20], [23,
Corollary 2.3] and [24, Theorem 1.1]), the LILs (1.6) and (1.7) hold with deterministic
constants.
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Example 1.9 (Uniform elliptic RCM on fractals).  Let a3 = (0,0),a2 = (1,0),
as = (1/2,4/3/2), I = {1,2,3} and set Fj(x) = (v — a;)/2 + a; for i € I. Define

V:U<2" U F.o- onlaz>,E U(z” U F, o---oFil(Bo)),

neN 1,81, ,in €1 neN 81,0, in €1

where By = {{z,y} : * #y € {a1,a2,a3}}. G = (V, E) is called the 2-dimensional pre-
Sierpinski gasket. Put random conductance on each edge so that ¢; < w(e) < ¢y for all
e € F and almost all w, where ¢1,co > 0 are deterministic constants. Then Assumption
1.1 holds with a =log3/log2, § =logb/log2 > 2 and N, = 1. (In fact, this can be
generalized to the uniform finitely ramified graphs for some o« > 1 and g > 2; see [12].)
So the LILs (1.6) and (1.7) hold.

We note that among the examples mentioned at the beginning of this paper, (b),
(c) and (e) are for continuous time Markov chains, so the LILs will be discussed in [19].

§ 2. Consequences of Assumption 1.1

In this section, we prepare the preliminary results of Assumption 1.1.

§2.1. Consequences of heat kernel estimates

We first give consequences of the heat kernel estimates (1.3) and (1.4).
Lemma 2.1.

(1) There exist c¢1,co > 0 such that for almost all w € €,

B\ FT
w w > < _ -
P, (Or%aécn d(z, X; ) 3T> < cyexp Co ( - )

holds for alln > 1,7 > 1 and z,y € V(G*) with Iél(aX2 )NZ (W) <randd(z,y) <
zeB(y,2r
T

(2) There exist c3,cq, Ry > 0 such that for almost all w € €2,

Py ( max d(Xg ,X‘*’) ) < c3exp (—04%)
-

0<j<n

holds for alln > 1,7 > Ry and x € V(G*) with r}gz(lx )Ny c(w) < 2r.
yep(x,r

(3) Suppose € +1 < . Then there exist c5,c6 > 0 and n > 1 such that for almost all
w €,

Py ( max d(Xg, X;) < ) > 5 exp (—06%)
,

0<j<n

holds for all x € V(G*) and n > 1,r > 1 with g(l&}; )Nzye(w) < /B,
ze x,3nr
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Since the computations are standard, we omit the proof. Indeed, (1) can be proved
by simple modifications of [2, Lemma 3.9], and (2) can be proved similarly to [17, Lemma
3.2]. (3) is simple modification of [17, Proposition 3.3] respectively.

Let ¢5,c6 > 0 be as in Lemma 2.1 (3). Define ay, bg, Ak, ug, oy, as follows:

k—1
(2.1) af = ekz, bg =ef N\ = 06_1 log(cs(1 + k)2/3), up = )\kaf, oL = Zuz
i=1

Corollary 2.2 (Corollary of Lemma 2.1(3)).  Letn > 1 be as in Lemma 2.1 (3).

Then the following holds for almost all w € Q, all x € V(G¥) and k > 1 with

max N, (w) < a,lc/ﬁ,
z€B(z,4nay)

. w w w 1
min PZ ( max d(Xons) Sa’k> Z m

z€BY(z,ar) 0<s<ug
The heat kernel estimates (1.3) and (1.4) also give the triviality of tail events.

Theorem 2.3 (0 — 1 law for tail events).  For almost all w € Q, the following

holds; Let A be a tail event, i.e. A € ﬂ o{ X : k> n}. Then either P¥(A¥) =0

n=0
for all x or P¥(A“) =1 for all = holds.

The proof of Theorem 2.3 is quite similar to that of [5, Proposition 2.3|, so we omit

the proof.
§2.2. Consequences of the tail estimate (1.5)
We next give simple consequences of the tail estimate (1.5). Recall the notations

in (2.1), and set ®(q) = ¢'/#(loglog q)* /2.

Lemma 2.4.
(1) Suppose that f.(n) satisfies Zno‘fg(n) < oo. Then for any v1,v2 > 0 and for

almost all w € Q, there exists Ly ¢, ~,(w) > 0 such that the following hold for all

n Z anezfyl yY2 (w)’

Nz,e(w)v ’Ylbn > max Nz,e(w)-

Y1an = max
ZGB(foan)

z€B(z,720n)

(2) Suppose that f.(n) satisfies Zno‘fe(n) < 00. Then for any y1,72 >0, ¢ > 1 and
for almost all w € Q, there exists Ly ¢ v, ~y,q(w) > 0 such that the following hold for

all n > L:r,e,’y1,’Y2:Q<w)’

O(q") > max Ny e(w), (=078 > max Neelw).
N (q ) T 2€B(z,72®(q™)) ( ) nd "~ z€B(w,y2qnm0/0) T ( )
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(8) Suppose that f.(n) satisfies Zn“ﬂfe(n) < oo. Then for all v1,7v2 > 0 and for

almost all w € 1, there exists K ¢, ~,(w) > 0 such that the following holds for all
n Z K‘r76,71772 (CU),

va? > max N, (w).
ZGB(xv'YQan) ’

Proof. We only prove the first inequality in (1). It is easy to see that

P ( max N, > ’yln) < Z P(N..e > vin) < ci(y2n)® fe(mn).

2€B(x,y2n) 2€B(z,72n)

The assumption implies ) n®fc(yin) < oo, so the conclusion follows by the Borel-
Cantelli Lemma. O

§3. Proof of LIL

In this section, we prove (1.6) in Theorem 1.2. We continue to use the notation
d(q) = ql/ﬁ(log log q)l_l/ﬁ in this section.

Theorem 3.1.  Suppose that Assumption 1.1 holds. Then there exists cy > 0
such that the following holds for almost all w € €2,

. maxo<k<n d(XE)Ua XI(:) w w
hrrln_)sotip 2175 (log log 1)1~/ <cy, P?-a.s. for allz € V(GY).

Proof. By Lemma 2.1 (1) we have

1
: &, Xy n (n®(g™)’\ 7
> < _ ne\g )™
P; (Og}%};n d(Xg, Xi) > n®(q )) < ¢ exp [ Co ( m
B/(B—1)

B 1 c2m

for all ¢ > 1, almost all w and n with max N, (w) < ®(¢"). Therefore the
2€B(x,2%(q™))

above estimate holds for n > L, (1.2 4(w) by Lemma 2.4 (2).
So taking 1 > 0 large enough and using the Borel-Cantelli Lemma, we have

lim sup maxogkgqn d(Xé‘), X;f:) <
n—00 @(q")

We can easily obtain the conclusion from the above inequality. U
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Theorem 3.2.  Suppose that Assumption 1.1 holds. Then there exists c_. > 0
such that the following holds for almost all w € €,
d(X§, X37)

li > c_ P -a.s. “).
im sup 2177 (log log 1) =177 >c_, > -a.s. for all x € V(G®)

Proof.  Note that d(Xg', Xgn) > d(Xgn-1, Xgn) — d(Xg, Xn-1) for any ¢ > 1. By
Theorem 3.1, for almost all w € 2 and Py-a.s. there exists a constant M, such that

d(X§, Xgm)  d(XG, Xeo) d(g"Y) _ 2¢y

= <
®(q") o(gnt)  D(¢7) T gYP
holds for any n > M,, where c, is as in Theorem 3.1. The right hand side of the above

inequality can be small enough by taking ¢ sufficiently large. So it is enough to show
that there exists a positive constant c_ independent of ¢ such that the following holds,
) d(X& 1, Xon)

(3.1) 117rln_>solcl)p q@(qn) >c_.

We may and do take ¢ > 2. To prove (3.1), let 7Y = o (X |k <n) and ¢, =
q" —q" 1. Set kK > 0 so that ¢; 1k* —c12 > 1. Let A > 0 be a small constant so that
kA < 1. By Theorem 3.1 there exists a constant ¢, such that d(Xg, Xi. 1) < d, ®(g" )
for almost all w and for sufficiently large n. We first note that

7o)

q

P (d(X;Jn_l,X;”n) > Ad(g")

> P2 (d(Xg, Xg) 2 A0(q"), d(Xg, Xgus) < ¢, @(¢" )| Fos)

= ]‘{d(X(L;J’X;Jn_l)Sc;(p(qn_l)}P)ué;Un71 (d(XS’)X;;) > )\CI)(q”))

(32) = ( mi Py (d(Xg, Xy) > )@(q”))> 1{d(X5J,Xwn_1)§c’+<I>(qn*1)}'

1 Yy
yeBY(z,c!, ®(qm~1))

We estimate the first term of (3.2). For any n with A®(¢") > N, ((w), using (1.2) we
have

pe(Bly, sA®(q") \ By, A®(¢"))) = c11(rA(¢"))" = cL2(A(¢"))" = (AD(¢"))".

So for such n and for y € B¥(xz, ¢/, ®(¢" ")) we have

P2 (AB(") < (X, X2) < RAD(")) > > P (s ) (2)
z€B¥ (y,kAP(q™))\ B« (y,A®(q™))
cy. RAD(g™))? 7 w " "
> e [— (AR T . maae) \ Bl o))

1 CQ(E/\)B/(B—D
Z C1 (_> 9
n
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where we can take c1, co as the constants which do not depend on ¢q. Therefore for any

n with max N, (w) < A\®(g") we have
yeB(z,¢, (" 1)) velw) (@)

1 C2(H)\)5/(ﬁ—1)
i P? (d(X§,X7) > AP(¢")) > - _
yeBw(;?i%(qn_l)) Y ( (X5, X)) = A®(q )) Z (n)
By Lemma 2.4 (2), max Ny (w) < A®(¢") for all n > L:,;’e’)\,c;’q(w), As

yEB(z,c/ ®(qn~1))
w

we mentioned before, d(Xy, Xp-1) < . ®(q" ") for sufficiently large n. Thus for
sufficiently small A\ we have

]:‘”n,1> = 00.

q

> P (A(Xg, X)) = A0(g")

Hence by the second Borel-Cantelli lemma, we have

d( X1, Xon
lim sup ( 4 K ) > A
n—00 (I)(qn)

We thus complete the proof. O

By Theorem 2.3, Theorem 3.1 and Theorem 3.2, we complete the proof of (1.6) in
Theorem 1.2.

8§4. Proof of another LIL

In this section, we prove (1.7) of Theorem 1.2.

Theorem 4.1.  Suppose that Assumption 1.1 holds. Then for almost all w € §2
there exists ¢ = c¢(w) > 0 such that the following holds,

.. maxo<s<n d<X8)7XZU) _ w w
(4.1) hnnigf 17 (loglogn) 17— ¢, P?-a.s. for all x € V(G®).
Proof. 'We follow the strategy in [13]. It is enough to prove that there exist positive
constants ¢y, co > 0 such that the following holds,

. Tg(m,r) w )
(42) C1 S 1171:11)801;1) W S Co, P:E -a.s. for all x € V(G ),
where 75,y = inf{n > 0 [ X;7 ¢ B(z,r)}. Indeed, putting n = 78 (loglog r?) into
(4.2) and using Theorem 2.3, we can easily obtain (4.1). In the following, we use the
notation in (2.1).
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Lower bound of (4.2); It is enough to show that there exist constants n > 0 and
J(w) > 0 such that

Tg(x T) 14
holds for all m > J(w), since the lower bound of (4.2) follows by (4.3) and the Borel-
Cantelli Lemma.

First, we estimate the left hand side of (4.3) as follows,
TOJ TLU
24, <r<2azm 7P (loglogrP) m<k<2m U

7_(1.)
SPJ‘;’( max M<1)<P§’ ﬂ { max d(XSJ,X‘:)EQak}

m<k<2m O} - - gy, L0S5Z0kt
m<k<2m

(4.4)
= Py (AL),

0<s<0k+1

2m
where we define Dy = { max d(X{,XS) > Qak} and use Ay, = ﬂ DY in the last
k=m

equation. In order to estimate P¥ (A% ), set

‘,‘;:{ max  d(XJ

o)
0k <8<Ok41 k

X;J) > ak,d(Xa),X;}k) < ak} ,

Hy, {Oggk d(Xg, XY) _ak}

We can easily see Dy C GY U Hy. Let n > 1 be as in Corollary 2.2. For any k with

max N, .(w) < a,lg/ﬁ, we have

z€B(z,4nay,)

7k \0<s<uyg

P;)(GL]:) = E;:U [l{d(x’ng)<ak}P)Qéw ( max d(XS),X;}) > ak):|

< max P;”( max d(z, X2) > ak)

z€BY (z,a) 0<s<ug

=1—  min P/ ( max d(z, X?) < ak>

z€BY(z,ar) 0<s<ug
1

- - —ea—2/3
<1 (1+k)2/3§exp< csk ),

where we use Corollary 2.2 in the forth inequality. So, it holds that

(4.5) max  P¥(G¥) < exp (—CSk—z/?’)

z€BY (z,ay)
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for any k with Blglagc )NZ,E(w) < a,i/ﬁ. Hence, by Lemma 2.4 (3), (4.5) holds for
zE x,onarg

k>m2> Kgeisn(w). Forany k> m > L, . 2/31/3(w) we have

i 5\ 1/(B-1)
a
P?(HyY) < cgexp |—cs (—k>
Ok
i 5 1/(8-1)
< cgexp | —cy il
B (k — DAr_1a)_,
[ o2k 1/(B-1)
4.6 < —
(4.6) = 8P cg(kﬂogk) ’

where we use Lemma 2.1 (1) and Lemma 2.4 (1) in the first inequality. We can easily

2m 2m
,ﬁc<ﬂGOU<UH@.
k=m k=m

Using the Markov property, (4.5) and (4.6) we have

see

2m 23 2m o2k 1/(B-1)
PY(Ay) < H exp(—csk™“°) + cg Z exp [—09 <klogk) ]
(4.7) < exp(—cigm*’%)

for any m > Ky c1,50(w) V Ly 2/3.1/3(w). By (4.4) and (4.7) we obtain

Tg(az )
PY — <
; v (2am2%§a2m rP(loglogr?) — M) <0

and thus by the Borel-Cantelli lemma, we obtain the lower bound of (4.3).

. o _ TB(a.r)
Upper bound; Define B; = {bkg}g?k“ W > 77}. Then by Lemma

2.1(2) and Lemma 2.4 (1), for any k > L, . 21(w) we have

P?(By) < P? <’7'B(x bey1) = N0y loglogb5>

max d( Xy, X?) < bk+1>

(O<s<nbﬁ log log bB
( C11 )01277/6

d(XG, X2) b | < (S
0<s< bk+1logk k
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Since the right hand side of the above is summable for sufficient large 7, by the Borel-
Cantelli lemma we have

TLAJ
. B(z,r)
limsup max

B B : P¥-a.s.
k—oo be<r<brii TB(log log 7“/3) - x

We can easily obtain the upper bound of (4.2) from the above inequality. We thus
complete the proof. O

§5. Ergodic media

In this section, we consider the case G = (V,E) = Z? and obtain Theorem 1.4

under Assumption 1.1 and Assumption 1.3.

§5.1. Ergodicity of the shift operator on 07

Let Q = [0,00)” and define £ as the natural o-algebra (generated by coordinate
maps). We write X = Q% 2" = $%% and denote a shift operator by 7., i.e. (T,w)e =
Wyte. If each conductance may take the value 0, we regard 0 as the base point and
define Co(w) = {x € Z? | 0 +*» x}, where 0 <+ 2 means that there exists a path
v =eres--- e from 0 to x such that w(e;) >0 foralli=1,2,--- k. Define Qy = {w €
Q| §Co(w) = oo} and Py = P(- | Qo).

Next we consider the Markov chain on the random environment (called the envi-
ronment seen from the particle) according to Kipnis and Varadhan [14]. Let w,(:) =
w(-+ Xy) = 7xww(-) € Q. We can regard this Markov chain {w;, },>0 as being defined
on X = Q%. We define a probability kernel Q : Qg x & — [0,1] as

1
Q(W7A) = m Z (,L)Ovl{vaeA}.
e’:le’|=1"¢€

v:lv|=1

This is nothing but the transition probability of the Markov chain {wy, },>0.
Next we define the probability measure on (X, 2") as

w(wepn, - wp) € B) = /B Po(dw—pn)Q(w—n,dw_pt1) - Q(wp—1,dwy).

By the above definition, {7x«w}r>0 has the same law in Eo(F5'(+)) as (wo, w1, -+ ) has
in p, that is,
(51) EO I:P((;)({TX;:W}ICZO < B)} = ,u((wo,wl, .- ) c B)

holds for any B € 2.
We need the following theorem to derive Theorem 1.4. Let T : X — X be a shift
operator of X', that is,

(TCL))n = Wn+1-
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Theorem 5.1. Under Assumption 1.3, T is ergodic with respect to .

The proof is similar to [6, Proposition 3.5], so we omit it.

§5.2. The Zero-One law

The purpose of this subsection is to give the proof of Theorem 1.4. We need the
following version of the 0-1 law. Let a > 0 and A¥ (a), A% (a) be the events

o d(Xg, X2)
Aila) = {hgl_i%p n'/B(loglogn)t—1/8 - a} ’

win . emaxXo<p<n d(X§, XP)
Az (@) = {lgggéf nt/B(loglogn)—1/8 ¢

Define
Ai(a) = {w e Q| A¥(a) holds for P¥-a.s. and for all z € Co(w)} .

Proposition 5.2.  Py(A;(a)) is either 0 or 1.

Proof. We follow the proof of [11, Corollary 3.2]. Let F; : Q — [0,1] be F;(w) =
F§(AY (a)). By the Markov property of {w, = Txw(w)}, we have

Fy (A7 (a) | F7) = Fi(wn),

where Fy = o(Xy | k < n). So {Fi(wn)}n is F¥-martingale. By the martingale

convergence theorem we see
Fi(wp) — 1 4% (a) Py-a.s.

Therefore

Eo

N-1
w . 1
Fy (1\}51100 N Z Fi(wn) = 1A;"(a)>] = 1.

Next we define F; : Q% — [0,1] by Fi(@) = Fy(@). Since T is ergodic w.r.t. u,
Birkhoft’s ergodic theorem gives

By (5.1) we see
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So, either A¥(a) holds almost surely or it does not hold almost surely. We thus complete
the proof. O

1]

Theorem 1.2 and Proposition 5.2 immediately give Theorem 1.4.
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