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Abstract. Consider a variant of the simple random walk on the integers, with the following transition mechanism. At each site x,

the probability of jumping to the right is w(x) € [%, 1), until the first time the process jumps to the left from site x, from which

time onward the probability of jumping to the right is 5. We investigate the transience/recurrence properties of this process in

both deterministic and stationary, ergodic environments {w(x)},cz. In deterministic environments, we also study the speed of the
process.

Résumé. Considérons une variante de la marche aléatoire simple et symétrique sur les entiers, avec le mécanisme de transition
suivant: A chaque site x, la probabilité de sauter a droite est w (x) € [%, 1), jusqu’a la premiere fois que le processus saute a gauche

du site x, apres laquelle la probabilité de sauter a droite est % Nous examinons les propriétés de transience/recurrence pour ce
processus, dans les environnements déterministes et aussi dans les environnements stationnaires et ergodiques {w(x)},cz. Dans
les environnements déterministes, nous étudions aussi la vitesse du processus.

MSC: Primary 60K35; secondary 60K37
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1. Introduction and statement of results

A simple random walk on the integers in a cookie environment {w(x, i)} ez ie is a stochastic process {X,,}°
defined on the integers with the following transition mechanism:

P(Xpt1 =Xy +1|1F) =1 = P(Xpt1 = X — 1) = (X, V(Xus 1)),

where F, = 0(Xo, ..., Xp) is the filtration of the process up to time n and V(x;n) = Y ;_ xx(Xk). A graphic
description can be given as follows. Place an infinite sequence of cookies at each site x. The ith time the process
reaches the site x, the process eats the ith cookie at site x, thereby empowering it to jump to the right with probability
w(x, i) and to the left with probability 1 — w(x, 7). If w(x,i) = %, the corresponding cookie is a placebo; that is, its
effect on the direction of the random walk is neutral. Thus, when for each x € Z one has w(x, i) = %, for all sufficiently
large i, one can consider the process as a simple, symmetric random walk with a finite number of symmetry-breaking
cookies per site.

Let P, denote probabilities for the process conditioned on X = x, and define the process to be transient or recurrent
respectively according to whether Py (X, = x i.0.) is equal to O or 1 for all x and all y. Of course from this definition,
it is not a priori clear that the process is either transient or recurrent. When there is exactly one cookie per site and
wx,)=pe( %, 1), for all x € Z, the random walk has been called an excited random walk. It is not hard to show
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that this random walk is recurrent [2,3]. Zerner showed [6] that when multiple cookies are allowed per site, then it is
possible to have transience. For a stationary, ergodic cookie environment {w(x, i)}z ;ieA’, Where the cookie values
are in [%, 1), he gave necessary and sufficient conditions for transience or recurrence. In particular, in the deterministic
case where there are k > 2 cookies per site and w(x,i) = p, fori =1,...,k and all x € Z, a phase transition with
regard to transience/recurrence occurs at p = % + zl—k: the process is recurrent if p € (%, % + 21—k] and transient if
p > % + ﬁ Zerner also showed in the above ergodic setting that if there is no excitement after the second visit —
that is, with probability one, w(0,i) = %, for i > 3 — then the random walk is non-ballistic; that is, it has O speed:
limy,— o0 % = 0 a.s. He left as an open problem the question of whether it is possible to have positive speed when
there are a bounded number of cookies per site. Recently, Basdevant and Singh [1] have given an explicit criterion for
determining whether the speed is positive or zero in the case of a deterministic, spatially homogeneous environment
with a finite number of cookies. In particular, if there are k > 3 cookies per site and w(x,i) = p,fori =1,...,k
and all x € Z, then a phase transition with regard to ballisticity occurs at p = % + %: one has lim,_, % =0 as.
if pe (%, % + %] and lim,,_, o % >0as.if p> % + % In particular, this shows that it is possible to have positive
speed with three cookies per site. Kosygina and Zerner [5] have considered cookie environments that can take values
in (0, 1), so that the cookie bias can be to the right at certain sites and to the left at other sites.

In this paper we consider one-sided cookie bias in what we dub a “have your cookie and eat it environment.”
There is one cookie at each site x and its value is w(x) € [%, 1). If the random walk moves to the right from site x,
then the cookie at site x remains in place unconsumed, so that the next time the random walk reaches site x, the
cookie environment is still in effect. The cookie at site x only gets consumed when the random walk moves leftward
from x. After this occurs, the transition mechanism at site x becomes that of the simple, symmetric random walk.
We study the transience/recurrence and ballisticity of such processes. We have several motivations for studying this
process. One of the motivations for studying the cookie random walks described above is to understand processes
with self-interactions. The random walk in the “have your cookie and eat it” environment adds an extra level of self-
interaction — in previous works, the number of times cookies are employed at a given site is an external parameter,
whereas here it depends on the behavior of the process. Another novelty is that we are able to calculate certain
quantities explicitly, quantities that have not been calculated explicitly in previous models. For certain sub-ranges of
the appropriate parameter, we calculate explicitly the speed in the ballistic case and the probability of ever reaching 0
from 1 in the transient case. Finally, although we use some of the ideas and methods of [6] and [1] at the beginning of
our proofs, we introduce some new techniques, which may well be useful in other cookie problems also.

When considering a deterministic environment », we will denote probabilities and expectations for the process
starting at x by P, and E, respectively, suppressing the dependence on the environment, except in Proposition 1
below, where we need to compare probabilities for two different environments. When considering a stationary, ergodic
environment {w(x)},cz, we will denote the probability measure on the environment by P35 and the corresponding
expectation by £5. Probabilities for the process in a fixed environment o starting from x will be denoted by PY
(the quenched measure).

Before stating the results, we present a lemma concerning transience and recurrence. Let

T, =inf{n > 0: X,, =x}. (1.1)
Lemma 1. Let {X,};°, be a random walk in a “have your cookie and eat it” environment {w(x)}xcz, where w(x) €
[%, 1), forallx € Z.

1. Assume that the environment w is deterministic and periodic: for some N > 1, w(x + N) = w(x), forall x € Z.

i. If P1(Top = 00) =0, then the process is recurrent.
ii. If P1(Tp = 00) > 0, then the process is transient and lim,_, oo X, = 00 a.s.

2. Assume that the environment w is stationary and ergodic. Then either P{”(Ty = 00) = 0 for PS-almost every w or
PP (Ty = o0) > 0 for PS-almost every .

i. If P{(To = o0) =0 for PS-almost every w, then for PS-almost every w the process is recurrent.
ii. If P{”(Tp = o0) > 0 for PS-almost every w, then for PS-almost every w the process is transient and
lim, 50 X;; = 00 a.s.
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The following theorem concerns transience/recurrence in deterministic environments.

Theorem 1. Let {X,,}° neo be a random walk in a deterministic “have your cookie and eat it” environment {w(x)}xcz,
where w(x) € [7, 1) forall x € Z.
i. Letw(x)=pe (%, 1), forall x € Z. Then

Pl(To—oo)— if p<3.
2 < Pi(Ty=00) < if pe(3.1).

E‘
>—l\-)

l
p2
In particular the process is recurrent if p < 2 and transient if p > g

®(x)

—w(x) —

Let w be periodic with period N > 1. Then the process is recurrent lf Z
w(x)
ﬁ Zx:l T—ol) ~ 2.

< 2 and transient if

Remark 1. We note the following heuristic connection between part (i) of the theorem and Zerner’s result that was
described above. Zerner proved that when there are k cookies per site, all with strength p € (%, 1), then the process is

recurrent if p < % + 21—k and transient if p > % + ﬁ For the process in a “have your cookie and eat it” environment,
if it is recurrent so that it continually returns to every site, then for each site, the expected number of times it will jump
from that site according to the probabilities p and 1 — p is Y o, mp" (1 — p) = 1_ rE . Therefore, on the average,
the process in a “have your cookie and eat it” environment with parameter p behaves like a k cookies per site process
with k = (whzch of course is usually not an integer). If one substitutes this value of k in the equation p = é + 21k

and solves for p, one obtains p = %

Remark 2. Inthe case ofa periodic environment, it follows from Jensen’s inequality that if the average cookie strength

v Z o) > 3, then N ZX 1 i”é))c(l) > 2, and thus the process is transient. Indeed, it is possible to have tran-

sience with the average cookie strength arbitrarily close to %: let w(x) = %,for x=1,...,N—1,and o(N) > %ié

Remark 3. Part (i) of Theorem 1 gives two-sided bounds on P1 (Ty = 00). In Proposition 2 in Section 4, we will prove
that Py (Tp = 00) > 5-—= for p> 3 , with equality for p > 7. We believe that equality holds for all p > —.

The next theorem treats transience/recurrence in stationary, ergodic environments {w (x)}xecz.

Theorem 2. Let {X,}°, be a random walk in a stationary, ergodic “have your cookie and eat it” environment

{w(x)}xez. Then for PS-almost every environment w, the process is P{-recurrent if £ S “’(0()0) <2 and P?-transient
S_w()
if € =0 = 2.

We now turn to the speed of the random walk.

Theorem 3. Let {X,}°° ) be a random walk in a deterministic “have your cookie and eat it” environment with
w(x)=p, for all x.
If p< 4, then the process is non-ballistic; one has limy,—, 00 22 L =0as. If p> 4, then the process is ballistic; one

has lim,_, 5o ); >0 a.s.
In fact,

X 10
lim == >4p—3, with equality lfﬁ <p<l. (1.2)

n—oo n

Remark 1. We believe that equality holds in (1.2) for all p € (%, ). In particular, this would prove non-ballisticity in

the borderline case p = %.
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Remark 2. We note the following heuristic connection between Theorem 3 and the result of Basdevant and Singh that
was described above. That result states that if there are k cookies per site, all with strength p € (%, 1), then the process

has 0 speed if p < % + % and positive speed if p > % + % As noted in the remark following Theorem 1, on the average

the process in a “have your cookie and eat it” environment behaves like a k cookie per site process with k = ﬁ If

one substitutes this value of k in the equation p = % + % and solves for p, one obtains p = %.

In Section 2 we prove a monotonicity result with respect to environments and the use it to prove Lemma 1. The
proofs of Theorems 1 and 2 are given in Section 3, and the proof of Theorem 3 is given in Section 4.

2. A monotonicity result and the proof of Lemma 1
A standard coupling [6], Lemma 1, shows that {X,};2, under P’ stochastically dominates the simple, symmetric
random walk starting from y. However, standard couplings do not work for comparing random walks in two different
“have your cookie and eat it” environments (or multiple cookie environments) — see [6]. Whereas standard couplings
are “space—time” couplings, we will construct a “space only” coupling, which allows the time parameter of the two
processes to differ.

Propostion 1. Let w; and w> be environments with w1(z) < w2(z), for all 7 € Z. Denote probabilities for the random
walk in the “have your cookie and eat it” environment w; by P”',i =1,2. Then

PYN(T, <Tc AN) < P;“Z(Tz <TyAN) forx<y<zand N > 0. (2.1)
In particular then, Py (T, < Ty) < Py*(T; < Ty) and Py (T = 00) < Py (Ty = 00).

Remark 3. The same result was proven in [6] for one-side multiple cookies, where one assumes that the two environ-
ments satisfy wi(x,i) < wy(x,i), forall x € Z and all i > 1. The proof does not use coupling. Our proof extends to
that setting if one assumes that the environments satisfy w1 (x, j) < wa(x,i),forallx € Z and all j >i > 1.

Proof of Proposition 1. On a probability space (2, P, G), define a sequence {Uk},‘z‘;l of IID random variables
uniformly distributed on [0, 1]. Let Gy = o (U;: j =1,...,k). We now couple two processes, {X}Z} and {Xﬁ}, on
(22,P,G), insuring that {X,’;} has the distribution of the P;‘) " process, i = 1, 2. The coupling will be for all times n,
without reference to T, or T, or N in the statement of the proposition. We begin with Xé = X(z) =y.Fori=1,2,
we let X’1 =y+1lor X’1 =y — 1 respectively depending on whether Uy < w;(y) or U1 > w;(y). If U1 < w1(y) or
U1 > w(y), then both processes moved together. In this case, use U to continue the coupling another step. Continue
like this until the first time n; > 1 that the processes differ. (Assume n| < 0o, since otherwise there is nothing to
prove. We will continue to make this kind of assumption below without further remark.) Necessarily, X} =X 2 ,—2
Up until this point the coupling has used the random variables {Uk}Z‘:]. Now leave the process {X ,21} alone and con-
tinue moving the process {X ,i}, starting with the random variable U,,, 1. By comparison with the simple, symmetric
random walk, the {X ,11} process will eventually return to the level X ,% , of the temporarily frozen {X 5} process. Denote
this time by m| > n1. So X ,ln = X% .- Now start moving both of the processes together again, starting with the first
unused random variable; namely, U, +1. Continue the coupling until the processes differ again. This will define an

ny > 1 with X n111 ny = X%l +n, — 2. Then as before, run only the {X 11 process until it again reaches the newly, tem-
porarily frozen level of the { X2} process. This will define an m, > ny with X ,lnl my, =X ,211 +n,- Continuing in this way,

we obtain a sequence {(n;, m,-)}f.’il. In particular, lew,- = Xzzvj’ where M; = Z{zl m; and N; = Z{:l n;. Note that

{Xl.l}lM:j1 and {X,.Z};v:j1 are Gy, -measurable.
Clearly, the {X fl} process has the distribution of the P;”i process, i =1,2. Let Tri denote the hitting time of r for
{X!}. From the construction it follows that for each j > 1,

(T} <T! ANYN{T} < M;} C{T? < T? ANYN{T? < Nj}.
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(The reader should verify this for j = 1 after which, the general case will be clear.) Now letting j — oo gives {TZ1 <
T! AN} C{T? < T? A N}, from which it follows that P(T! < T) A N) < P(T? < T2 A N), thereby proving (2.1).
The last line of the proposition follows by letting N — oo and then letting z — oo. O

Proof of Lemma 1. (1-i) Since P{(7p = 0co) = 0, the process starting at 1 will eventually hit 0. It will then return
to 1, by comparison with the simple, symmetric random walk. Upon returning to 1, the current environment, call it
o', satisfies @’ < w, since a jump to the left along the way at any site x changed the jump mechanism at that site from
w(x) to % By Proposition 1, it then follows that the process will hit 0 again. This process continues indefinitely; thus,
P1(X,, =01.0.) =1.Forany x € Z, there exists a §, > 0 such that regardless of what the current environment is, if the
process is at 0 it will go directly to x in |x| steps. Thus from P; (X, = 01i.0.) =1 it follows that P (X, = x i.0.) =1,
for all x € Z. Now let y > 1 and let x < y. There is a positive probability that the process starting at 1 will make
it first y — 1 steps to the right, ending up at y at time y — 1. The current environment will then still be . Since
Pi1(X, = xi.0.) =1, it then follows that Py(X, = xi.0.) = 1. Now let y <0 and x < y. By comparison with the
simple, symmetric random walk, the process starting at y will eventual hit 1. The current environment now, call it o',
satisfies @’ < w. Thus since P;(X, = x i.0.,) = 1, it follows from Proposition 1 that Py(X=xio0)=1

(1-ii) Let P (Tp = oo) > 0. We first show that P, (T, = o0) > 0, for all x < y. To do this, we assume that for
some xo < yo one has Py, (T, = 00) = 0, and then come to a contradiction. By the argument in (1-1), it follows
that Py, (X, = x¢i.0.) = 1, and then that Py (X, =xi.0.) =1, for all x € Z. In particular, Py,(X, =0i.0.) = 1.
If yo = 1, we have arrived at a contradiction. Consider now the case yg < 1. Since there is a positive probability
of going directly from yg to 1 in the first 1 — yg steps, in which case the current environment will still be w, and
since Py, (X, =01i.0.) =1, it follows that P;(X,, =0i.0.) =1, a contradiction. Now consider the case yo > 1. Since
P1(Ty = 00) > 0, there is a positive probability that starting from 1 the process will hit yy without having hit 0, and
then after reaching yp, continue and never ever hit 0. But when this process reached yy, the current environment, call
it @', satisfied @’ < w. Since Py, (X, =01.0.) = 1, it follows from Proposition 1 that after hitting yo the process would
in fact hit O with probability 1, a contradiction.

From the fact that Py (7, = o0) > 0, for all x <y, and from the periodicity of the environment, it follows that
y =infyez Py (Tx—1 = 00) =infy¢(o,1,...,N—1} Px(Tx—1 = 00) > 0. From this we can prove transience. Indeed, fix x
and y. By comparison with the simple, symmetric random walk, with Py-probability one, the process will attain a
new maximum infinitely often. The current environment at and to the right of any new maximum coincides with w.
Thus, with probability at least y the process will never again go below that maximum. From this it follows that
Py (X, =x 1.0.) =0 and that lim,,, o X, = 00 a.s.

(2) It follows from the proof of part (1) that if P{"(Tp = 0o0) =0, then P ,(Tx = o00) =0 for all x > 1, and if
P (Tp = 00) > 0, then P (T = 00) > 0 for all x > 1. From this and the stationarity and ergodicity assumption,
it follows that either P{*(Tp = o0) = 0 for PS-almost every w or P (Tp = 00) > 0 for PS-almost every w. For an @
such that P{*(Tp = 0o) =0, the proof of recurrence is the same as the corresponding proof in (1-i). For an w such that
P{*(Tp = 00) > 0, the proof of transience and the proof that lim,_, X, = 00 a.s. are similar to the corresponding
proofs in (1-ii). In (1-ii) we used the fact that infycz Py4+1(Ty = 00) > 0. However, it is easy to see that all we needed
there is limsup,_, o, Px+1(Tx = oo) > 0. By the stationarity and ergodicity, this condition holds for a.e. ®. (I

3. Proofs of Theorems 1 and 2

Proof of Theorem 1. For x € Z, define o, =inf{n >1:X,,_; =x,X,, =x — 1}. Let D(’)‘ =0and forn > 1, let

D, =#{m<n:X, =x,0, >m}. (3.1)
Define
D,=Y (20(x)-1)D;. 3.2)

xeZ
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It follows easily from the definition of the random walk in a “have your cookie and eat in” environment that X,, — D,,
is a martingale. Doob’s optional stopping theorem gives

n—1
nP((Ty <To) =1+ E\Dpyar, =1+ Y _(20(x) = 1)E\ D}, 7. (3.3)

x=1

One has lim, .« P1 (T, < To) = P1(Ty = 00). Let yy = Pyy1(Tx = 00).

Assume for now that the process is transient. For the meantime, we do not distinguish between parts (i) and (ii)
of the theorem; that is, between N = 1 and N > 1. By the transience and Lemma 1, y, > 0 for all x. Consider the
random variable D7, under Py, for x > 1. We now construct a random variable which dominates D)}O. If Ty < Ty,
then D, = 0. If Ty < Ty, and at time 7, the process jumps to x — 1, which occurs with probability 1 — w(x), or
jumps to x 4+ 1 and then never returns to x, which occurs with probability w (x)yy, then one has D’; = 1. Otherwise,
D" > 1. In this latter case, the process will return to x from the right. Upon returning, the process jumps to x — 1 with
probablhty 1 — w(x), in which case D7, = 2. Whenever the process jumps again to x + 1, it may not ever return to x,
but for the domination, we ignore this possibility and assume that it returns to x with probability 1. Taking the above
into consideration, it follows that under P;, the random variable D)}O is stochastically dominated by I Z,, where I,
and Z, are independent random variables satisfying

P(ly=1)=1—- P =0)= P (Tx <To),

(3.4)
P(Zy=1)=1-0()+o)y;
P(Zy=k) = (0x) —o@®)y)o 2@ (1 —0X), k=2
Thus, E1 D, < El,Z, = P{(Tx < T))EZ,. One has EZ, = 17%20%= Thus,
1 —w(x)yx
E\D: < — "X p (T, <Tp). 3.5
Dn =T 0m 1(Tx < Top) (3.5)
Substituting (3.5) into (3.3) and using the monotonicity of D,, gives
P(T<T)<l+lr§(2a)(x)—l)wP(T<T) (3.6)
1Up O_I’l nx:l l—a)(x) 1L x 0). .

Consider now part (i) of the theorem. In this case w(x) = p for all x, and thus y = y, is independent of x. Letting
n — o0 in (3.6) and using the transience assumption, y > 0, one obtains

@p-D=py) _,
1—-p -

or equivalently,

13 2
y =P (Tp=00) < — P
p2p—1

3.7

Since (3.7) was derived under the assumption that y > 0, it follows that p > % is a necessary condition for transience.
Note also that (3.7) gives the upper bound on P; (7 = 00) in part (i) of the theorem.

Now consider part (ii) of the theorem. In this case w(x) and thus also y, are periodic with period N > 1. By the
transience assumption and Lemma 1, y, > 0, for all x. Thus, letting n — o0 in (3.6), we obtain

al I —wx)yx
E 2w(x) — 1 ———>1. (3.8)
o l—a)(x)



One-dimensional random walk in a “have your cookie and eat it” environment 955

2w(x)—1

x=1 T-w(k) > lis

Since (3.8) was derived under the assumption that y, > 0, for all x, it follows from (3.8) that v Z

a necessary condition for transience. This is equivalent to & >V, 1“’5‘&) > 2.

The analysis above has given necessary conditions for transience in parts (i) and (ii), and has also given the upper
bound on P;(Tp = o0) in part (i). We now turn to necessary conditions for recurrence in parts (i) and (ii), and to the
lower bound on P;(Tp = o0) in part (i). For the time being, we make no assumption of transience or recurrence. Under
P1, consider the random variable D;O A1, @ppearing on the right hand side of (3.3). If Ty < T, then D’}O ar, = 0. Let
&x.n denote the probability that after the first time the process jumps rightward from x to x + 1, it does not return to x
before reaching n. Similarly, for each k > 1, let s(k) denote the probability, conditioned on the process returning to x
from x + 1 at least k — 1 times before hitting 7, that after the kth time the process jumps rightward from x to x + 1, it
does not return to x before reaching n. Each time the process jumps from x to x + 1, the current environment, call it

', will satisfy 0" < ', where o’ was the environment that was in effect the previous time the process jumped from
x to x + 1. Thus, by Proposition 1, it follows that ex ,, < &x.n, for k > 1. In light of these facts, it follows that the
random variable DJ}O AT, stochastically dominates I, Yy, where I, and Y, are independent random variables, with I,

as in (3.4) and with Y, satisfying

P(Yx _ k) — (l _ a)(x) +(1)(.X)€x,n)(w(‘x) — Cl)(x)ex,n)kfl, k > 1. (39)
Thus,
E D > EI Y ! P (T T)
x = *=
107, A1y = Tl —w@) o), 1 ’
1

> P (T, To), =1,....,n—1. 3.10
= 1—a)(x)+a)(x)8x,n (T, < Tp) X n ( )

From (3.3) and (3.10) it follows that for any n,

-t 2w(x) — 1
- wk) <1. G.11)
n 1l —wx)+ox)ex,

Consider now part (i) of the theorem. In this case w (x) = p for all x, and it follows that ¢, , depends only onn —x.
It also follows that lim(,;,—y)—oc €x,n = ¥ = P1(Tp = 00). If the process is recurrent, then y = 0. Using these facts and

lettlng n — oo in (3.11), we conclude that 2” pl < 1 is a necessary condition for recurrence. This is equivalent to

p < g. We also conclude that in the transient case <1 or equivalently,

2p—1
> 1=p+py —

3p—2

y = P1(Tp =00) > (3.12)

This gives the lower bound on P (Tp = 00) in part (i).

Consider now part (ii) of the theorem and assume recurrence. Then lim,_ o &x» = 0. Since w(x) is periodic
with period N > 1, the environment to the right of x is the same as the environment to the right of x + N. Thus,
Ex.n = Ex+N.n+N, and therefore lim,,_ x%oo sx,n = (. Using these facts and letting # — oo in (3.11), it follows that a

necessary condition for recurrence is ZX 1 21‘”(2)()()1 < 1. This is equivalent to % Zivzl 13){5)’% 5 <2. O

Proof of Theorem 2. By Lemma 1, the process is either recurrent for 75-almost every w or transient for P5-almost
every w. Assume for now almost sure transience, and let @ be an environment for which the process is transient. For
the fixed environment w, (3.6) holds; that is,

o s L= 0Wr©®) ,,
PI(T, <Tp) <~ + ;;(Zw(x) - 1)1—7@@)])‘ (T < Tp), (3.13)
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where yy = yx(w) = P;’H (Ty = 00). Note that 2w (x) — 1)%)2;‘)(‘0) can be expressed in the form F(6*w), where

6~ is the shift operator defined by 6* (w)(z) = w(x + z). For each w, we have lim,_, o, P{°(T; < Tp) = y1(w). Thus,
letting n — oo in (3.13) and using the stationarity and ergodicity, it follows that

1 —w0)y(w) -1

T~ o) (3.14)

52w (0) — 1)

By the transience assumption and Lemma 1, y > 0 a.s. 5. Thus it follows from (3.14) that 55% >1lisa

necessary condition for transience. This is equivalent to £5 1‘_";0()0) > 2.

Now assume almost sure recurrence. For any fixed environment w, (3.11) holds; that is,

1 & 2w(x) — 1
Ly 1
n i 1= o)+ o) ()

where &y ,(w) is the P{”-probability that after the first time the process jumps rightward from x to x + 1, it does not
return to x before reaching n. Since ex , (@) < &x x+m (), for x <n — M, we have

> : 20(x) — 1 1. (3.15)

x=1 - w(x) + w(x)gx,x-',-M((,()) =

By the stationarity and ergodicity,

r—oo r

l r
lim — st,HM(w) =&y as., (3.16)
x=1

and by the recurrence assumption,

lim £S5 =0. (3.17)

M—o0

From (3.16) and (3.17) it follows that for each § > 0 there exist rs, Mg such that

1
PS<—#{x e{l,....,r}: exx4m <6} > 1 —5) >1—6 forr>rs, M > Ms. (3.18)
r

By the stationarity and ergodicity again,

n—M

1 2 —1 2w(0) — 1
fim + 3 220 =1 5200 (3.19)

n—00 n 1 —w(x) 1—w(0)
From (3.15), (3.18) and (3.19), we deduce that a necessary condition for recurrence is £ S % < 1. This is equiva-
lent to £ 122)0()0) <2. O

4. Proof of Theorem 3

Since the random walk {X,,}7° , is recurrent if p € (%, %], we may assume that p > % The proof begins like the proof
of the corresponding result in [1]. Let

Up=#H0<k<T,: Xp=m, Xpy1=m — 1} 4.1)
denote the number of times the process jumps from m to m — 1 before reaching n, and let

K,=#{0<k<T, X;<0}. 4.2)
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An easy combinatorial argument yields

n
Tnan—U6‘~|—n+ZZU,’f1. (4.3)

m=0

Since p > % by Theorem 1 the process is transient, and by Lemma 1 one has lim,_, o, X,, = 0o a.s. Thus, K, and
U/} are almost surely bounded, and we conclude that almost surely 7, ~n 423", _ U} as n — oo. We will show
below that there is a time-homogeneous irreducible Markov process {Yy, Y1, ...} such that for each #n, the distribution
of {Uy, ..., Uy} under P is the same as the distribution of {Yp, ..., ¥,,}. By the transience of {X,}}2, Uy converges
to a limiting distribution as n — oo. Thus, the same is true of Y,, which means that this Markov process is positive
recurrent. Denote its stationary distribution on Z* by u. By the ergodic theorem for irreducible Markov chains, we
conclude that

lim 22— +22ku(k) < oo, (4.4)

n—oo n Pt

Now as is well known [6], p. 113, for any v € [0, 00), one has lim,,_, o )51 =v a.s. if and only if lim,_ 7;:‘ = %
i

Thus in light of (4.4), the process {X,,}°  is ballistic if and only if Y o ki(k) < oo, and the speed of the process is
1
givenby 15
We now show that there is a time-homogeneous, irreducible Markov process {Yp, Y1, ...} such that for each n, the
distribution of {U}/, ..., Ué’} under Py is the same as the distribution of {Yy, ..., Y,}, and we calculate its transition

probabilities. For this we need to define an IID sequence as follows. Let P denote probabilities for an IID sequence

{¢n}; 2, of geometric random variables satisfying P () =m) = 1m+1, =0,1,.... Consider now the distribution

under P of the random variable Uy, , conditioned on U}, , | = j. Flrst consider the case j = 0. The process starts at 0
and eventually reaches m for the ﬁrst time. From m, it jumps right to m 4 1 with probability p, and jumps left tom — 1
with probability 1 — p. If the process jumps right to m 4 1, then it will never again find itself at m. On the other hand, if
it jumps left to m — 1, then it will eventually return to m. When it returns to m, it jumps left or right with probability %
If it jumps right, then it will never again return to m, but if it jumps left, then it will eventually return to m again, where
it again jumps left or right with probability % This situation is repeated until the process finally jumps right to m + 1,
from which it will never return to m. From the above description, it follows that Po(U,, = O0|U" mi1 =0)=p and
Po(U"_k|U"+1_O)_(1—p)P(§1 k—1),fork>1.

Now consider j > 1. As above, the process starts at 0 and eventually reaches m for the first time. From m, it jumps
right to m 4 1 with probability p, and jumps left to m — 1 with probability 1 — p. If it jumps to the right, then since j > 1
it will eventually return to m. Upon returning to m it will again jump right with probability p and left with probability
1 — p. By the conditioning, it will jump back to m from m + 1 a total of j times. As long as the process keeps jumping
to the right when it is at m, the probability of jumping to the right the next time it is at m w111 still be p. But as soon
as it jumps left from m, then whenever it again reaches m it will jump right with probablhty . From this description,
it follows that Po(Up, =O|UJL, | = j) = p/™ and Po(U}} =k|U},, = j) = (1 — p) P OplP(Zf+l Yei=k—1).

We have thus shown that there exists such a time homogeneous Markov process {Yy, Y1, ...}. Denote probabilities
and expectations for this process starting from m € {0, 1, ...} by P,, and &,,. We have also shown that the transition
probabilities of this Markov process are given by

pitl if k=0,
1-1 .

A=p Yo PP T a=k—1) ifk=1.

As noted above, since {X,,};° , is transient, the process {Y, };° , is positive recurrent. Furthermore, denoting its invari-

ant measure by u, the process is ballistic if and only if Zk_o ku(k) < oo.

We now analyze Z,fio ku(k). Let 0,, = inf{n > 1: Y, = m}. By Khasminskii’s representation [4], Chapter 5,
Section 4, of invariant probability measures, one has

& Z =1 Xk(Ym)
510‘1

pik=PY1=k|Yo=j) = { 4.5)

Mk = (4.6)
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From (4.6), it follows that Z/Sio ku(k) < oo if and only if
o]
E1) Y <o (4.7)
m=1

The generator of {Yn}fjozo is P — I, where Pu(j) = Z,fio pjku(k). Thus, letting
n—1

My = u(Yp), My =u(Y,) — Z(Pu —u)Yy), n=>1, (4.8)

m=0

it follows that {M/}°° ; is a martingale for all functions u which satisfy

o0
3 pilu)] <o forall j. 4.9)
k=0

Consider the function u(k) = (k — 1)2. The ensuing calculation shows that u satisfies (4.9). From (4.9) and the fact
that E¢; = 1 and E¢} = 3, it follows that

‘ J Jj+1-1 2
Pu(j) = p"*u(0) + (1 - p)Zp’E( > cl-)

=0 i=1

i
=p T+ =p)Y P G+HT=D*+2(+1-D). (4.10)
=0

From (4.10) and the fact that (1 — p) 37 Ip' = £, it follows that

(Pu—u)(j) = (6—2%)]40(1) as j — oo. @11

From Doob’s optional sampling theorem,

EiMy L, =EMy=0, n=>0, (4.12)

1A\n
and from (4.11) and (4.8), one has

o1 An—1
EIMY = EYoypn — 1D = <6 - 2%)51 Y Yu+0Ei01An) asn— oo. (4.13)
-p

m=0

By the positive recurrence of {Yn},‘fzo, which holds for all p > % one has £,01 An — £101 < 00 as n — 00. Thus
(4.12) and (4.13) yield

orAn—1
EYonn — D = <6 - 2%)81 > Yu=C, foralln,
- P
m=0

4.14)
where C,, = O(1) as n — o0.

Ifp> %, one has 6 — 2% < 0. Letting n — oo in (4.14), we conclude that (4.7) holds if p > %, and thus the process
{Xn}52 is ballistic.

To calculate the speed of the process we will need to build on some calculations used in the proof of Proposition 2
below. Thus we defer the proof of (1.2) until after the proof of Proposition 2.

For the case p € ( %, %), we will need the following proposition.
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Propostion 2. Let {X,}° , be a random walk in a deterministic “have your cookie and eat it” environment with
w(x) = p, forall x. Then

o2 (23
0 > 1)
-1 1"PE\3

3p—2 3
1"1(7"o=<>0)=22_1 forpe[z,l)

P1(Ty = 00) >
4.15)

Remark. We believe that equality holds in Proposition 2 for all p € (%, 1).
We will also need the following corollary, whose proof will be pointed out during the proof of Proposition 2.

Corollary 1. Let p € (%, 1). Let oy =inf{m > 1: Y,, = 1}. Then | =lim,_, oo E1Y5, n exists, and | > 1, with equality
if and only if Py(Ty = 00) = 32=1.

We now prove non-ballisticity in the case p € (%, %). Then we will prove Proposition 2. We break the proof into
two cases — P (Ty = 00) > ;ﬁ—j and P;(Ty = o0) = gﬁ—j. The first case we can dispose of easily. (By the remark
above, we expect that this case is actually vacuous.) By Corollary 1, we have lim,,— oc £1Y5,An > 1. Using this along

with the fact that lim,— o0 Yo, an = Yo, = 1 a.s., it follows that

lim Eq(Yp,an — 1) =00, (4.16)
n—>0oo

Now letting n — oo in (4.14), and using (4.16) and the fact that 6 — 2% > 0, it follows that (4.7) does not hold.

We now treat the case Pj(Ty = 00) = ;Z—j' We take a completely different tack from the above. In [6], it was
shown that for the random walks with cookies in that paper, one has

. X, 1 =
lim =2 = —, Pp-a.s., where u = ZPO(TJH =T; > j).
n—oo n u ‘
j=l1
The reader can check that the same proof works for the random walk in a “have your cookie and eat it” environment.
Thus, to prove non-ballisticity in the case p € (%, %), it suffices to show that u = co
Form < j, let vy, j = inf{k > Tj: Xy = m}. From the definition of the “have your cookie and eat it” environment,

on the event {v; | .; < Tj41}, after hitting j — [+/j] at time v i—1/j1:j» the process will eventually find itself at
Jj— [%\/j ], with the environment up to a distance [%ﬁ ] on either side of it being a simple, symmetric random walk

environment. From j — [%\/7 ], the process must exit the interval [j — [+/]], j] before time T;11. By the scaling
properties of the simple, symmetric random walk, there is a positive probability, independent of j, that it will take at
least j steps to exit this interval, starting from its mid-point j — [%\/7 ]. Thus, we conclude that for some ¢ > 0,

Po(Tjp1 —Tj = j) = cPo(vi_ 71,5 < Tjs1)- (4.17)
Therefore to complete the proof it suffices to show that

[e¢)

D Py 7 < Tj1) =00. (4.18)

j=1

From the beginning of the proof of Theorem 1, recall that o, = inf{n > 1: X,,_1 =x, X;, = x — 1}. Define

1 1 4.19)

() _ 14 if O’x>Tj, (00) _ p if Oy = 00,
T g ifox < Ty, Px "= 5 if oy <oo.
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We introduce the notation P ( )= Po-{pY )}i;}). We can write

()
P{pr }(U < T]+1)
Wi-1
=Py < T [T P ety < Tysalvjory < T, (4.20)
r=1
Clearly,
{os)
P() (Vj—l;j < Tj—H) =1- p. (4.21)

)
The conditional probability Pép * }(v ji—r—1;j < Tjy1lvj—r;j < Tjy1) is the probability that a simple random walk
starting from j — r will hit j —r — 1 before it hits j + 1, where the probability of jumping to the right is equal to % at
the sites x > j — r and is equal to p;j ) at the site Jj —r. This probability can be calculated explicitly using a standard
difference equation with boundary conditions. We leave it to the reader to check that one obtains

)
;0] _r

{0y}
Py TWj—p—1;j < Tjg1lvj—ryj < Tjx1) =1— (4.22)

For every ¢ > 0, there exists an x; > 0 such that log(1 — x) > —(1 + ¢)x, for 0 < x < x,. Thus, from (4.19)—(4.22), it
follows that there exists an r, such that

{(pt)
P Wiz < Tj+n)

p(_j> Vil-1 p(j)
>(1—p)<l_[1 ST )exp( (1+¢) Z I . )

— o)+, S r=p) + P

Vi1 p(])
zcg,pexp< (+e) > / ’(]))> (4.23)

r=re+1 r(l—

Using (4.23) and Jensen’s inequality, we obtain

Potv; iy < Tre0) = EoP oy < Tm)
—1 p(/)
] r
ECM,Eoexp( (I+e) Z (]) )
r=re+1 r(l— )

p(]) 1
zca,,,exp< (1+¢) Z (Eo (/)) ) (4.24)

r=re+1 _’OJ}”

) = ) The distribution of p{> is independent of x and is given by Py(p\™ = p) =

Note that lim;_, o oy
1— Po(p(oo) = 2) =y, where y = P;(Ty = o0). Note that in fact the distribution of ,o(’ ) depends only on r and

)

(00)
converges weakly to the distribution of ,o(00 as r — 0o. We have EOW =y ﬂ + 1 — y. In light of these facts,
—Px

and increasing r, if necessary, we have

WV7l-1 (0)]

Pj 1
> Eo—1=" )= <(y—L— 41—y +e)l0g/]. (4.25)
1—pWV) Jr l—p
j—r

r=rg+1
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From (4.24) and (4.25), we obtain

Cep
1/2(1+8)(V17/(1—p)+1—y+£) ’

Pov;_i 71 <Tj+1D) = (4.26)
Since € can be chosen arbitrarily small, it follows from (4.26) that (4.18) holds if 5 1 5 (y % +1—y) < 1, or equivalently,
if y < 5—2. But we have assumed that 31’ 2 . Thus, (4.18) holds if 3[7 2 211;[’ [» which is equivalent to p < %.

This completes the proof of non-ballisticity in the case p € (3 , 4).
We now prove Proposition 2, after which we will prove (1.2), which as already noted requires some of the calcula-
tions in the proof of the proposition.

Proof of Proposition 2. Since for each n, {U]},..., U 1”} under Py is a Markov process with transition probabilities
pjk as above in (4.5) and with stationary distribution w, it follows that po = lim, o Po(U {’ = 0). On the other
hand Pi(Ty = o0) = lim; PO(UI” = 0). Thus, P1(Tp = o0) = . By the invariance of u and (4.5), we have
o =372 pjottj =Y 32 P’ ;. Thus,

oo
j=0

To prove the proposition, we will evaluate the right-hand side of (4.27).
Consider the martingale {M} “} o defined in (4.8), with u(k) = k — 1. Using the fact that £¢; = 1, one has from
4.5)

et Jj+1-1
Pu(j)=2pjku(k) P - p)Zp E< Z g,)

k=0
. J
P A =p Y PG H1=D)
=0

pj+l+(]+1)( J—H) 1fp(l_(j+1)pj+jpj+l)' (4.28)
After regrouping terms, one obtains

1
(Pu—w)())= 1= (2=3p+p*@p=1). (4.29)

}OO

By Doob’s optional stopping theorem, {M” ~ o satisfies (4.12), where o1 = inf{m > 1: Y, = 1}. Using this along
with (4.29) and the definition of {M}/}77 ), we obtain

oyAn—1
EtVonn =14E& mX_%) E(2—3p4”zaym+‘(2p—1)). (4.30)

By Khasminskii’s representation of invariant probability measures [4], Chapter 5, Section 4, one has

o An—1
. - _ Yim+1 _
lim €y 2;) 1_,,(2 3p+pT2p 1)
m=

%} 1 )
=(5101)Zm(2—3p+lﬂ+1(2p—1))Nj' 431)
=0
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This shows that the right-hand side of (4.30) converges as n — 00; thus, so does the left-hand side. Since o1 < 0o
a.s., and since Y, o, is bounded from below and Y,;, =1, it follows that the left-hand side of (4.30) converges to a
limit that is greater than or equal to 1 as n — oo. Thus, the right-hand side of (4.31) is non-negative; equivalently,
Z?io p/*u; > 5E=%. From this and (4.27), it follows that Py (Tp = o0) > 3p 2
that Corollary 1 holds For the proof of non balllstlclty given above in the case p € (3 4) this is all we need. We now
= 2 = ] Jif p> 7 3 This will be needed for the proof of (1.2).

First consider the case p = 3. If on the contrary, one had Pi(Ty = o0) > 2— then it would follow from
Corollary 1 that lim,_ o0 E lYgl An > 1, and as noted in the proof of Theorem 3p (see (4.16)), this would imply
that lim,— o0 E1 (Yo an — 1)2 = o0o. Using this and letting » — oo in (4.14) would lead to a contradiction since
6 —25 ya 5= 0.

Now consider the case p > %. Let u(k) = exp(—y (k — 1)), where y > 0. Since u is the invariant probability
measure, we have

. The above calculation also shows

continue and show that P;(Ty = oo)

Z Pu(ju; = Zu(jm j=Y exp(—y(j — D)uj. (432)

j=0 j=0
Using the fact that E exp(—y¢1) = (2 — exp(—y))", we have from (4.5)

oo j+1-1
Pu(j)=>_ pjxexp(—y(k —1)) = f“exp(y>+2<1—p>2p P( Yo —k—l) exp(—y (k — 1))

k=0 k=1 =0 i=1

j 1l
= p/*exp(y) + (1 - p) ZPZECXP(—V( > Q))
i=1

=0

i+1 d I ! o
_ + (11— 2 —exp(—y)
p’ T exp(y) + ( p)gp (2—eXp(—V)>

j+1 1 — (p(2 —exp(—y)))/ !
j+1 - 1-—
exp(y) + <2 —exp(—)/)) (=p) 1 — p2—exp(—y))

P exp(y) + L-p (;ﬂ'“ - (;yﬂ) 433)
p2—exp(—y)) —1 2 —exp(—y) ' '

Substituting for Pu from the right-hand side of (4.33) into the left-hand side of (4.32), and then multiplying both sides
of the resulting equation by p(2 — exp(—y)) — 1, we obtain

@p—D(exp(y) —1)Y_ p/u

j=0
Jj+l 0
=(l —p)Z( exp( y)> wj+(@2p— l)eXp(y)—p)jXZ(:)eXp(—yj)uj. (4.34)

Differentiating (4.34) with respect to y gives

@p—Dexp) Y p/H = (p—@p—Dexp()) Y exp(—yiijn;
j=0 Jj=0

e¢]

_ 1 J
— (1= p)exp(—y)(2 —exp(—y)) 22<m> Jnj

J=0



One-dimensional random walk in a “have your cookie and eat it” environment 963

+Q2p—Dexp(y) ) exp(=yj)u,
j=0

0 J
— (1= p)exp(=y) (2 —exp(=y))~ Z( — exp( y))
=1-10+1I-1V. (4.35)

Letting y — 0, the left hand side of (4.35) converges to (2p — 1) ZOO_O pIt jand III — 1V converges to 3p — 2.
Since p > 7, it follows from Theorem 3 that > j=0Jmj < 0o. Thus, I —II converges to 0 as y — 0, and consequently

one obtains Z =0 It j= ;”—2 From this and (4.27) it follows that P;(Ty = 00) = 3p 2 . This concludes the proof
of Proposition 2. (If one could show that I — II is non-positive for small y > 0, then one could conclude from the
above calculation that P; (To =00) < 3 %, which in conjunction with the reverse inequality proved above, would

prove that P (Ty = 00) = However our analysis of I — II proved inconclusive.) (]
We now turn to the proof of (1.2). As was noted in the paragraph following (4.4), the speed of the process is

given by W Thus, to prove (1.2), we need to show that Zk okpp < i, with equality if p € [11, 1). The

calculations are in the spirit of several of the previous calculations, except that they are more tedious. We skip some
of the intermediate steps. First we show that

5 10
> KFu<oo ifpe 1. (4.36)
Let u(k) = (k — 1)3. From (4.5) we have

jH1-1 3
Pu(j)=—p/*'+ (- p)Zp E( > ;z) : (4.37)

We have already noted that E§1 =1 and ECI = 3. One can check that E{l = 13. Also, one has (1 — p) Z?io Ip! =
% and (1—p) > 72, 12pl = iy 2(1 )2. Using these facts, one calculates that

2
(Pu—u)(j)=j2<30—3—p>+j<34—49 P +2< P >>+0(1) as j — 0. (4.38)
1—p 1—p 1—p

Similar to (4.7), one has from (4.6) that Z,fio kz,u(k) < oo if and only if
o]
63 72 <. (439)

Applying the argument from (4.8) to (4.14), but using the function u (k) = (k — 1)? instead of the function u(k) =

(k — 1)2 using (4.38) instead of (4.11), and noting that 30 — 3— <0if p > ﬁ, one concludes that (4.39) holds if

p> 11 This proves (4.36).

We now prove the equality in (1.2) for p € [1(1), 1). The case p = 9 uses the same type of argument as that used to

31’ 2 in the case p = %. One uses the functlon u(k) = (k — 1)? and the calculations in the

10
11

prove that P (Tp = 00) =

previous paragraph rather than the function u (k) = (k — 1)%. We leave the details to the reader. For the case p > 19, we
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differentiate (4.35) in y and set y = 0. Two of the terms that result in this tedious calculation are (1 — p) Z/C:O:O K2 .
By (4.36), these terms pose no problem. One obtains

oo oo
@p=DY =2+ (8p+6)) ju,. (4.40)
j=0 j=0

In the proof of Proposition 2, it was shown that Zjozo p/ +1 wj = ;g—j. Thus we conclude from (4.40) that
. 2-2
Y0 =15
We now turn to the case p € (%, %). The argument from (4.29) until the end of that paragraph, applied to u(k) =
(k — 1)? instead of to u(k) = k — 1, shows that

> (Pu—u)(j)p; = 0. (4.41)
j=0

A very tedious calculation starting from the formula for Pu(j) on the second line of (4.10) reveals that

2 1 2p%  2pit3 .
(Pu—u)(j)=j 6L V4 —5p+ P _ =P +24p/t). (4.42)
1—p 1—p 1—-p 1-p

Substituting (4.42) into (4.41) and again using the fact that Z?‘;o pitu j= gi—j , one concludes after a bit of algebra

. 2-2
that 332 jitj < 3575
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