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1 Preliminaries

1.1 Notation

- Two random variables X, Y with the same law will be said to satisfy the equivalence relation X ~ Y.

- N (u, %) will always denote a random variable that is normally distributed with mean p and vari-
ance o2. Some useful elementary bounds on the standard normal distribution that will be used
throughout are collected in Section (8.1

- The minimum of two numbers x and y is denoted x A 7y, and the maximum x Vv y.

- The weak convergence or convergence in distribution of a sequence of random variable will be
denoted X;; = X. The portmanteau theorem gives many useful equivalent characterizations of this
convergence [2, Theorem 3.25].

1.2 Overview of Stochastic Processes

Definition. A (R%-valued) stochastic process X is a collection of random variables {X;};cr taking
values in R4, defined on an underlying probability space (Q, F,P). T is a totally ordered index set
usually interpreted as time; we typically deal with continuous one-sided time, T = [0, ). We will
use one of two equivalent notations for the random variable the process takes at each time, either
X; or X(t); the interpretation of each is given below.

In the most basic sense, X is then just a function X : T x Q — R4. The slice of this function for a
fixed t € T is, as described above, a random variable denoted X; = X(t,-) : Q — R4. Alternatively,
the slice for a fixed w € Q is a sample path, a function X(-,w) : T — R% representing a single
possible path “traced out” by the process in R4 over all time. When we use the notation X(t),
we are suggesting that X be thought of as its sample path. With the probability measure P on Q,
the stochastic process then represents from this perspective a probability measure on the space of
functions f : T — R%. Thus, a stochastic process has two rather different interpretations:

1. X is a time-evolving family of R4-valued random variables X;, or the induced time-evolving
probability measure on R%. Here, X is similar to a diffusion in physics: often we impose a
condition such as Xy = 0 deterministically (so that the measure induced by Xj is the Dirac
measure concentrated at the origin), and as t increases, the measure “relaxes” into R4.

2. X is a random function T — R? (or even more time-agnostically, a random curve in R4 when
time is continuous), or the induced probability measure on the space of such functions. This
perspective is more amenable to questions about the global geometry of the sample path.

We will usually be more interested in the latter interpretation to study global properties (we can
define amounts of time spent in domains, hitting and exit times, integrals against the sample path,
etc). When we refer to the “distribution of X” or “law of X”, we mean the probability measure on
this function space. We define several notions of equivalence on processes.

Definition. Processes X,Y are versions of each other if P{X; = Y;} = 1 for all t. They are almost
versions if this holds for almost all t (in the Lebesgue sense).



Many of the interesting properties of a stochastic process are properties of its samples at finitely
many time points, which we formalize in the following way.

Definition. The finite-dimensional distributions of a process X are the distributions of the finite
vectors (Xi,,...,Xt,) for any collection of t; € T.

By the following theorem, these distributions completely specify the distribution of a stochastic
process (a proof of this technical fact can be found in [2 p. 25]).

Theorem 1.1. Two R%-valued stochastic processes X,Y have the same distribution if and only if
they have the same finite-dimensional distributions.

This justifies the following finitary definition of independence of processes.

Definition. Processes X,Y are independent if any finite vectors (X¢,,...,X;,) and (Yy,,...,Ys,, ) are
independent for t;,s; € T.

One property of a process that is not definable in this way is continuity, where we impose the
requirement of continuity on the entire sample path at once.

Definition. A process X is continuous if its sample paths are almost surely (with respect to the
measure on functions T — R4 induced by the process) continuous.

We usually informally assume that an almost-sure property like this holds with certainty, just by
restricting the underlying probability space to the almost sure set. The following is a useful basic
theorem on continuity, a proof can be found in [2] p. 35].

Theorem 1.2 (Kolmogorov continuity criterion). Let X be a random process, and suppose that for
any time T > 0, there are constants «, 3, K > 0 so that

ELIX: — Xs|%] < K|t — s|'*F
for all 0 < s,t < T. Then, there is a continuous version of X.

These properties and the theorems describing them will be useful for seeing why the axioms for
Brownian motion specify a unique process (in terms of distribution).

A last relevant class of stochastic processes is defined below, the direct generalization to the
continuous setting of the definition of Gaussian random vectors.

Definition. A process X is Gaussian if for any times t1,..., t, the vector (X;,,..., Xs,) is a Gaussian
random vector (a property which has many explicit characterizations, the most useful for us will
be that for any ¢; € R, the random variable c1 X;, + - - - + cnX¢, is Gaussian). A standard theorem

[2, Lemma 11.1] gives that the distribution of a Gaussian process is completely determined by the
means E[X;] and covariances Cov[Xs, X¢].
1.3 Filtrations and Stopping Times

We also want an abstract means of defining “making decisions” on the basis of what has been seen
of a stochastic process up to a certain time. For instance, in the classical example of the process



representing a gambler’s wealth while playing repeated rounds of a game, we want to delineate
the information available to a gambler after N rounds of play, from which he decides whether to
continue playing or to stop.

Definition. Given a probability space (Q, F,P), a filtration of the space is a time-indexed family
F(t) of o-algebras on Q so that F(s) c F(t) < F for s < t. A stochastic process X (t) defined on a
space with a filtration ‘F(t) is called adapted to the filtration if X (t) is F (t)-measurable for each t.

Note that given a stochastic process X (t), letting F(t) be the o-algebra generated by the random
variables X (s) for 0 < s < t gives a filtration to which X(t) is immediately adapted, which we
denote f)(}(t), omitting the subscript if the process is clear from context. This filtration represents
the events whose occurrence or non-occurrence can be determined by observing the process up to
time t. We can also define a slightly larger filtration,

Fry=F°w) = F ),

s>t s>t

allowing events that are determined by observing the process to any t + € where € > 0 (the latter
expression above is equivalent, and represents the important property of right continuity that the
F+ filtration possesses but F° does not). Some events belonging to F*(t) but not F°(t) are con-
tinuity, differentiability, and monotonicity of the sample path at time ¢, because all of these can be
determined by looking at the sample path on an arbitrarily small open interval around t.

We additionally consider the notion of a time-valued random variable T whose distribution does
not “run ahead” of ‘F(t): whether or not T < t can be determined by the information in F(t).

Definition. A random variable T taking values in [0, o] defined on a probability space filtered by
F(t) is called a stopping time with respect to F(t) if {T <t} € F(t) for each t = 0.

In the example of the gambler playing a repeated game, a stopping time corresponds to a gambler’s
strategy: the only decision he makes at every round is whether to stop or continue, and he only has
the information of the outcomes up to that round in order to make this decision. Thus, proving
statements about arbitrary stopping times can usually be interpreted as making certain guarantees
about the efficacy of any such strategy.

Example. It is easy to check some initial intuitive examples of stopping times, taking care to distin-
guish between which are adapted to ‘F° versus F+.

1. Any deterministic time T = tg is a stopping time with respect to any filtration.

2. Any stopping time with respect to f)(}(t) is a stopping time with respect to Fy (t), since
FR(t) C Fx(0).

3. If X(t) is a continuous stochastic process and C is a closed set, then the hitting time of C,
given by He = inf{t > 0 : X(t) € H}, is a stopping time with respect to j—"}}(t): X(Hc) € C,
because the path B(t) is continuous and C is a closed set, so X(H¢) is a limit point of points
in C, and thus is in C. Thus, up to a set of measure zero, the event {H¢ < t} is just the event
{X(s) € C for some s € [0,t]} € f)(}(t).



4. If U is an open set, then Hy is a stopping time with respect to Fy (t) but not j—}?(t). The first
claim follows by using the continuity of X (¢) and the right continuity of F*:

Frw) = Ft+e).

e>0

A counterexample for the second claim can be easily derived from the Brownian motion we
will define, but is intuitively clear: X(Hy) is a limit point of U but may not belong to U, and
the sample path can with positive probability either enter U or “turn away from” U.

Since hitting times are one of our basic objects of study (as are open sets), we will typically use
Fx(t) as the main filtration for stopping times, rather than f}}(t). Once we define the standard
Brownian motion B(t), all filtrations unless explicitly defined otherwise will be Fz (t), and a process
will simply be called adapted if it is adapted to this filtration.

This allows us to use a slightly weaker definition of a stopping time.

Proposition 1.3. If T is a time-valued random variable with {T < t} € F(t) for each t = 0, and ‘F(t)
is right-continuous, then T is a stopping time.

Proof. We have

{T <t} nﬁl{T<t+i}efif<t+;)=j-"(t).

A last useful property of stopping times is that they satisfy a simple convergence theorem.

Proposition 1.4. If T,, ~ T is an increasing sequence of stopping times with respect to a filtration,
then T is a stopping time with respect to the same filtration.

Proof. We have
{(T<ty=(){Tn=t}
n=1

where each term in the intersection belongs to the filtration. O

The main intuitive guideline we will follow about stopping times is that when we can show some
property for a family of processes for deterministic times, the same property usually also holds
(with more work) for stopping times in place of deterministic times (see the weak/strong Markov
properties, and the optional stopping theorem).

2 Introduction

2.1 Motivation: A Functional Central Limit Theorem

In probability theory, a basic object of study is the discrete random walk defined by S,, = 31X ; X;,
where the X; are i.i.d random variables with (after normalization) mean O and variance 1. The
global or limiting behavior of such walks is of particular importance; the central limit theorem, for
instance, is the statement that %%Sn = N(0,1), the remarkable aspect of the theorem being that
the limiting distribution does not depend on the initial distribution of the X; (we call this sort of
behavior universality or universal convergence.



However, it is easy to empirically verify that such universal limiting behavior is exhibited for
many different properties of S,,. For instance, some numerical experimentation readily yields all of
the following observations.

1. The central limit theorem: j—ﬁSn universally converges in distribution to N (0, 1).

2. The maximum M,, = maxj<j<y S; converges universally when normalized to % By consider-
ing just the simple random walk and performing the necessary combinatorics [1} Section 3.10],
it is straightforward to see that this limiting distribution is that of |[/N(0,1)].

3. The proportion of time spent on positive numbers, P, = %#{i :1 <i=<n,S; >0}, converges
universally to an arcsine distribution (for the simple random walk, this is the classical first
arcsine law).

To see more clearly what the connection between these limit theorems is, we must shift to continuous-
time representations of S;,, so that we can treat them as random functions on a real interval. To
that end, we first interpolate linearly between the discrete points S(n) to construct a random path
that is given by a continuous stochastic process:

S() =S+ @& = 1EDS1e)+1 — Siep)-

Then, we scale larger and larger portions of the trajectory of S(t) into the interval [0, 1], defining
Skt) = %S(nt) ont € [0,1]. So, we have S;} as a random function on [0, 1] is continuous, and
hence belongs to C([0,1]) (which we make into a metric space by giving it the supremum or L%
norm). The central limit theorem can then be stated as S;¥ (1) = N (0, 1), the maximum operator is
then the continuous supremum operator M, = sup;co1] Sy (t), and the proportion of time spent
above the x-axis is a Lebesgue measure, m({t :t € [0,1],S;5(t) > 0}).

In general, most of the interesting properties of the random walks that can be encoded into a
single real number can be realized as functionals, or mappings A : C([0,1]) — R, applied to S;. Note
that those mentioned above, and most functionals that arise from combinatorial considerations on
the underlying discrete random walks, are also continuous with respect to the supremum norm
metric given to C([0,1]) above.

Now, suppose that the S;¥ had a limit in distribution; that is, that there existed some stochastic
process B so that, in terms of their distributions on C([0, 1]), we have S;} = B. This would imply by
the portmanteau theorem that for any bounded continuous functional A : C([0,1]) — R, we have

E[A(S7)] — E[AB)].

Now, since for any bounded continuous h : R — R we have that h o A is also continuous whenever A
is just continuous, we have
E[h(A(S;))] = E[h(A(B))],

and thus A(S;¥) = A(B) as R-valued random variables for any continuous functional A.

If the limiting process B were independent of the distributions of the original X;, then we would
have a unified explanation of the many limit theorems applying to random walks: any continuous
functional of the (linear interpolation of) the discrete random walk would converge universally in
distribution to the same functional of B. We will later prove that this is indeed the case in Donsker’s
invariance principle (also called the functional central limit theorem), but for now we can first easily
isolate some of the basic properties of this hypothetical limit process.



Proposition 2.1. If S;¥ = B, then the process {B;} satisfies the following:
1. Bp =0.

2. The differences B; — Bs, called the increments of B, satisfy that for any tg < - - - < ty, the n
random variables By, — B, , with 1 < k < n are jointly independent.

3. The increments are normally distributed: B; — B; ~ N (0,t —s) when t > s.

4. B is a continuous process.

Proof. Property (1) is immediate, since Sy = 0. For (2) and (3), note that B(t) — B(s) is converged on
in distribution by

1
ﬁ(‘g["” + (nt — [nt])(Sinej+1 — Sine)) — Sins) — (ns = [ns ) (Sinsj+1 — S[nsJ))y
And since the inner terms other than S|»¢| — S|ns| are bounded in magnitude, their contribution
tends to zero (because of the ﬁ factor), so B(t) — B(s) is converged on in distribution by

1 1
—Sint) = Sins) = —= . Xi.
\/ﬁ \/ﬁ ns<i<nt
By the central limit theorem, this converges in law to 2N (0, t — s), giving (3). For (2), we note that X;
in the sums as above for disjoint intervals (s, t) are disjoint, so since the X; are independent, the
increments are jointly independent. Property (4) follows from the Kolmogorov continuity criterion,
taking x =4, =1,and K = 2. O

In particular, we have B; ~ N (0, t) for all t, by taking the increment starting at By = 0. We can
refine this description slightly by characterizing Brownian motion as a Gaussian process.

Proposition 2.2. B is a Gaussian process, with means and covariances given by
E[B;;] = 0 and Cov[Bti,Btj] = min(t;, tj).

Proof. By the characterization given earlier, to show that B is Gaussian it suffices to show that any
linear combination of the components B;,,..., B, is Gaussian in distribution. To do this, we take
advantage of the independent increments: let a; € R, and define tp = 0 so that By, = 0, then by a
simple summation-by-parts type manipulation we find:

Z akBtk = Z (Z an) (Btk - Btk,l)’

k=1 k=1 \i=k

which by independent increments is a sum of independent Gaussians, and hence is itself Gaussian.



So, it remains to calculate the covariances. Let s < t, then E[Bs] = E[B¢] = 0, so

Cov[Bs, Bt] = E[BsB¢]
= E[Bs - (B — Bs + Bs)]
= E[Bs - (Bt — Bs)] + E[B{]
= E[Bs] - E[B: — Bs] + Var[Bs]
= Var(Bg)
=5,
where we have used that B; and B; — Bs are independent increments. O

Note that this statement is thus equivalent to the first three properties in the previous proposi-
tion. We will use either of these equivalent characterizations to define a Brownian motion.

Definition. Any real-valued stochastic process {B;} that is a continuous and Gaussian with means of
E[B;] = 0 and covariances of Cov[Bs, B;] = min(s, t) is called a (one-dimensional) standard Brownian
motion, or a Brownian motion started at x if the means are instead identically some other x € R.

Of course, this leaves open the two key issues of existence and uniqueness: we have yet to
exhibit an actual Brownian motion, nor have we shown that the distribution the Brownian motion
induces (the measure on the space C([0,1])) is unique.

Uniqueness is straightforward: the Gaussian process characterization of Brownian motion spec-
ifies the finite-dimensional distributions of B, so by Theorem it follows that all standard Brow-
nian motions have the same distribution.

Existence is more difficult: it is possible to take a mostly abstract approach, first proving the
existence of a suitable Gaussian process by the Kolmogorov consistency theorem, and then ap-
plying the Kolmogorov continuity criterion to show that this has a continuous version; this is the
approach taken in [2], Theorem 11.5]. It is also possible to construct this process directly, essen-
tially constructing the scaling limit of some particular discrete random walk as described above;
this is presented in [3), Theorem 1.3]. We will for our purposes assume the existence of a standard
Brownian motion.

2.2 Brownian Motion in R4

We define the Brownian motion on R% by B(t) = (B;(t),...,B4(t)), where the coordinates B;(t) are
independent one-dimensional standard Brownian motions. It is an easy exercise to verify that the
higher-dimensional analog of the independence and distribution of increments (they will now be
Gaussian vectors instead of just one-dimensional Gaussian distributions) conditions are equivalent
to this characterization.

3 Basic Symmetries and Bounds

The simplest symmetry of Brownian motion is analogous to the scaling symmetry of the normal
distribution, 1N (0,a%) ~ N'(0,1).



Proposition 3.1 (Scaling Invariance). Suppose B(t) is a standard Brownian motion and let a > 0.
Then, the process X (t) = éB(azt) is also a standard Brownian motion.

Proof. All properties but the distribution of the increments are not affected by the transformation.
So, it suffices to check that X(t) — X(s) = %(B(azt) — B(a®s)) is normally distributed with mean 0
and variance t — s, which is immediate by linearity of expectation and because B(a?t) — B(a?s) has
variance a’t — a®s. O

This can be seen as a statement of the self-similarity of Brownian motion: the distribution of B(t)
on any time interval t € [0, x) for x > 0 is sufficent to determine the distribution over arbitrarily
large spans of time.

We can in passing flesh out the analogy between standard Brownian motion and the standard
normal distribution: if we define the transformation F : S(t) ~ %S (4t) on some vector space of
stochastic processes containing B(t), we have that B(t) is a fixed point of F. The convergence
under scaling of discrete random walks to B(t) under Donsker’s invariance principle can then be
interpreted as a convergence result for iteration of this map. This is the analog for processes of the
transformation X ~ (XM + X + X3 4+ X@4) (where XV are independent copies of X) on the
Hilbert space of L? random variables converging to N (0, 1) by the central limit theorem.

Another basic invariance property is unique to the time-dependent setting of processes, and
is correspondingly more powerful, giving that the behavior of B(t) on [0, x) actually is enough to
determine the behavior of B(t) on (%, c0), and in particular the asymptotic behavior at infinity.

Proposition 3.2 (Time Inversion). Suppose B(t) is a standard Brownian motion, then the process

0 t =0,
X = { tB(t™1) t>0

is also a standard Brownian motion.

Proof. It is immediate that X(t) is a Gaussian process, and that for a finite vector (X(t1),..., X(ty)),
the coordinate means are zero. The covariances are

1 1 1
Cov[X(t + h), X(D)] = £(t + h)Cov [B (m> B (?)] St =t
so X(t) is a Gaussian process with the same statistics as B(t).

It remains to show that X(t) is continuous. Continuity of X(t) is immediate when t > 0 by
continuity of B(t), so it suffices to consider t = 0. Continuity at t = 0 is equivalent to the limit
lim; .o X (t) = 0. Equivalently, we want lim;_q tB(%) =lim; . %B(t) =0.

Fix € > 0, and consider the n € Z, for which I%B(n)l > €, or IJ%B(n)I > e/n. Let Ay ¢ denote
this event. Since ﬁB(n) ~ N(0,1), we have

P(Ane) = 2P(N > e/n) < 2e7 €12

and in particular for fixed € the P(Ay ) over all n € Z, are summable, so by the Borel-Cantelli
lemma only finitely many A, ¢ occur. This means that for all but finitely many n € Z,, we have



I%B(n)l < €. Also,forq e Qn (n,n + 1), we have

(‘—(B(q) B(n))'>e <P< (B(q) — B(n))

— >6ﬁ),

and since B(q) — B(n) ~ N (0,q — n) we then have that the same argument from above applies, so
that for all but finitely many g we have I%(B(q) —B(n))| <€, and so I%B(q)l < 2¢, using the above
result for sufficiently large ». Since the g for which this holds are dense in (n,n + 1), by continuity
we obtain that for all t € (n,n + 1), I%B(t)I < 2¢, for sufficiently large n, which gives the result. O

Again, the main use of this transformation is that it connects the behavior of B(t) near zero to its
behavior at infinity. For instance, we can obtain some basic growth bounds.

Corollary 3.3 (Simple Asymptotics). Almost surely,

B(t)

lim —= =0,
t—oo L
limsupM = limsupM =+
t—o0 \/f t—0 \/f ,
lmmfg i f@ —00

NG firn: Vvt

Proof. Let X(t) be the time inversion of B(t). Then, we have lim;_ @ = lim¢ .o X (%), which by
continuity is almost surely equal to X (0) = 0, giving the first claim.
For the second claim, fix ¢ > 0 and define the event

E. = {B(n) > c+/n for infinitely many n € Z, },
then by Fatou’s lemma and the scaling property,

PE. > limsupP{B(n) > c/n} = P{B(1) > c},
n—oo
which is positive (since B(1) = B(1) — B(0) is normally distributed). Also, E. is a tail event (since
B(n) = X}_; (B(k) —B(k — 1)), where the summands are independent), and thus has probability
0 or 1 by Kolmogorov’s 0-1 law, so PE. = 1, and taking the intersection of E. over all ¢ € Z,
shows that £ (") is unbounded from above almost surely. Time inversion then immediately gives the
X(t)

second claim: i? VEX( ) which as t — o is the same as past - 0. A symmetric argument

gives the two claims for the infimum. O

As we see in the proofs of the second two claims above, time inversion is better adapted to working
B(t)

with processes of the form B(t) = N , which we will identify in its own class.

Definition. A real-valued stochastic process X (t) is called a normalized standard Brownian motion
if \/EX(t) is a standard Brownian motion. We denote some fixed instance of such a process by B(t)
as above, corresponding to our fixed instance B(t) of a standard Brownian motion.

The statement of time inversion for these processes is simply that if B(t) is a normalized standard
Brownian motion, then so is B(1/t).



We use the term normalized because the variance of B(t) is identically 1 regardless of t; thus,
unlike B(t), B(t) has the same distribution at each time point. This is a very useful feature, enabling
us to use bounds on just the standard normal distribution to get relatively strong results for Brow-
nian motion. An additional interesting observation, which we will partly clarify with the law of the
iterated logarithm, is that though for any fixed t we have B(t) ~ N (0, 1), the above shows that B(t)
is still almost surely unbounded. Lastly, while when s < t we had Cov[B(s),B(t)] = s, here we have

. - 1 s \/?
B(s),B(t)] = ——CoV[B(s),B(t)] = —— = ./~
Cov[B(s),B(t)] \/ECOV[ (s),B(t)] NG g
which tends to zero as % — 0, which is a weak statement of eventual almost-independence of points
sampled along the path of B(t). This heuristic idea will be used in the proof of the law of the
iterated logarithm for Brownian motion, where this near-independence will be used in the converse
of the Borel-Cantelli lemma.

4 The Markov Property

As in the finite setting with Markov chains, the Markov property for stochastic processes formalizes
the idea of a process having “no memory”, in that the process starts over at any fixed time.

Theorem 4.1 (Weak Markov Property). Suppose that B(t) is a Brownian motion in R%. Then for
any s > 0, the process X(t) = B(t + s) — B(s) is a Brownian motion started at the origin and finitely
independent of the process {B(t) : t € [0, s]}.

Proof. That B(t+s)—B(s) satisfies the properties of a Brownian motion is immediate (the increments
are of the form (B(t + a + s) — B(s)) — (B(t +s) — B(s)) = B(t + s + a) — B(t + s) and thus are
also increments of the original Brownian motion). The independence statement follows from the
independence of increments of B(t). O

This combined with time inversion allows us to show relatively easily that Brownian motion is
almost surely not differentiable at any fixed point.

Corollary 4.2. For any fixed t > 0, the sample path of B is almost surely not differentiable at t. In
particular, the upper and lower derivatives diverge as follows:

D*B(t) = lim sup B(t+h) - B(t) _ 400

h-0 h ’
D.B(t) = liminf B =BWO
h—0 h

Proof. First, suppose t = 0. Let X be the time inversion of B. We then have

B(+) - B(0 .
D*B(0) = limsup M > lim sup w/nB(%) = limsup X(n),
n—oo = Nn— oo n—oo
n

which we have seen is infinite. By the same argument, D4« B(0) = —oo.
Now, suppose t > 0, then we just apply the above to the walk defined by B’ (s) = B(t +s) — B(t),
which is a standard Brownian motion by the above. O

10



Note that this is not the statement that the sample path is almost surely nowhere differentiable,
we will prove this later as a consequence of the asymptotic growth bound in the law of the iterated
logarithm. This does however imply that on a countable dense subset of times, such as Q., the
Brownian motion is again almost surely not differentiable at any of the points in that subset.

Introducing filtrations (let F9 and F* be as defined in the preliminaries, for the process B(t)),
we can obtain more general results.

Theorem 4.3 (Intermediate Markov Property). The process B(s+t)—B(s) is independent of F* (s).

Proof. By continuity, if s, \ s, then B(t +5) —B(s) = limy_ (B(sy +t) —B(sy)), and each B(s, +t) —
B(sy) is independent of F*(s), hence B(t + s) — B(s) is independent of F*(s), and the statement
for finite vectors of increments follows similarly. O

A useful corollary is that if we define the germ o -algebra ‘F*(0), then we obtain a 0-1 law for
elements of this o-algebra.

Corollary 4.4 (Blumenthal 0-1 Law). If A € F*(0), then P(A) € {0, 1}.
Proof. By the above proposition, A is independent of itself. O

Defining the tail o-algebra to be T = F° = ;500 (B(s) : s = t), then by time inversion on the
above corollary, we obtain another such law.

Corollary 4.5 (Tail 0-1 Law). If A € 7=, then P(A) € {0, 1}.

Proof. Time inversion maps the tail o-algebra onto the germ o -algebra, and the result then follows
by the Blumenthal 0-1 law. O

This gives an easy proof that Brownian motion changes sign infinitely often both near the origin
and near infinity.

Corollary 4.6. Define the random variables
T4 = inf{B(t) > 0},
t>0

To = inf{B(t) = 0},
t>0

T_ = inf{B(t) < 0},
t>0

o+ = sup{B(t) > 0},

t>0

0o = sup{B(t) = 0},
t>0

o_ = sup{B(t) < 0},
t>0

then P{t. = 0} = P{o, = 0} = 1.

Proof. By time inversion, it suffices to prove the claim for the first three random variables. By
symmetry, the claim for T_ will follow from that for 7., and from both of these by the intermediate

11



value theorem the claim will follow for T, so it suffices to prove the claim for T.. We have

[e )

{t+ =0} =) {B(e) > 0 for some € € (O,I/n)} e F(0),

n=1

so it has probability either O or 1. And, we have P{t, <t} > P{B(t) > 0} = % > 0, so the probability
P{T; = 0} is positive and thus 1. O

Now, we apply our principle of pushing results for deterministic times through to all stopping
times by the following extension of these results.

Theorem 4.7 (Strong Markov Property). For every almost surely finite stopping time T, the process
B(T +t) — B(T) is a standard Brownian motion independent of F*(T).

Proof of Strong Markov Property. Let us define a sequence of decreasing discrete approximations
Ty NTbyT, =(m+1)27" whenever T € [m2™", (m + 1)27"), where we are just “rounding T up”
to lie in a discrete dyadic set. We will first show that the statement holds for the T;,,. After this, the
general result follows easily since we have

B(s+t+T)—-B(t+T) :%ilqgoB(s+t+Tn)—B(t+Tn),

which gives the distribution and independence of the increments, as well as independence from
F*(T), since F*(T) C F*(Ty) for each n.
To prove the statement for the stopping time T, define two more Brownian motions:
k k
kipy — * -~
BE(t) = B(t + 53 = B(5,),
B*(t) = B(t + Ty) — B(Ty).

Note that B* = B¥ if and only if T), = 2%, and so the B¥ are in this sense piecewise components of
B*. Now, suppose we have some event E € F*(T,). Then, for any event {B* € A}, we have

Me

PUB*cAYNE) =S P ({Bk EANENI{T, = kz-"})

k=0

[Me

P({BX€A}) P(En{T,=k2"}),

k=0

since by the intermediate Markov property, {BX € A} is independent of E n {T,, = k2™ "} €
F*+(k2-"). By the weak Markov property, P({B¥ € A}) does not depend on k since all B¥ are
standard Brownian motions, so we have P{B¥ € A} = P{B € A} and thus continuing the above,

P({B* € A} nE) =P{Be€ A} > P(En{T, = k27"}) = P{B € A}P(E),
k=0

hence B* is a standard Brownian motion and is independent of E, for all E € F* (T, ), which shows
the claim for T;,, and completes the proof. O
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One important application is the reflection principle, which allows us not only to restart but also to
reflect a Brownian motion at any stopping time.

Theorem 4.8 (Reflection Principle). If T is an almost surely finite stopping time and B(t) a stan-
dard brownian motion, then the process

% 3 B(t) t<T,
5 (t)_{ZB(T)—B(t) t>T

is also a standard Brownian motion.

Proof. By the strong Markov property, both B(T + t) — B(T) and —(B(T + t) — B(t)) are standard
Brownian motions. Concatenating either of them to the standard Brownian motion B(t) on the
interval [0, T'] then gives two stochastic processes with the same distributions. But, concatenating
the first gives B(t), and concatenating the second gives B*(t), thus B*(t) is a standard Brownian
motion. O

This gives a direct attack on the question of the distribution of the maximum of Brownian motion
(one of our motivating limit functionals from the introduction), the process

M(t) = max B(t).
se[0,t]

The elegant description is proven easily by the reflection principle.
Corollary 4.9. For each fixed t, M (t) has the same law as |B(t)]|.

Proof. Let a > 0, then we want to show that P{M(t) > a} = P{|B(t)| > a}. Let T = H, be the hitting
time of a, and let B*(t) be Brownian motion reflected at T. Then,

{M(t) >a} ={B(t) >a}u {M(t) >a and B(t) < a}l.
This union is disjoint, and the second event {B*(t) > a}. So,

P{M(t) > a} = 2P{B(t) > a} = P{IB(t)| > a}. O

5 The Martingale Property

Another general property of stochastic processes that Brownian motion enjoys is the martingale
property, which instead of describes not the time invariance of a process but a certain stationarity
of its conditional distributions at points in time.

Definition. A process X(t) adapted to a filtration ‘F(t) is called a martingale with respect to the
filtration if E[|X(t)]|] < o for each t > 0, and for any 0 < s < t we have E[X(t) | F(s)] = X(s)
almost surely. It is called a local martingale on t € [0, T] if there exist stopping times T, increasing
almost surely to T so that X(t A Tj,) is a martingale for each n.

13



By the Markov property, standard Brownian motion is a martingale with respect to F*(t):

E[B(t) | F7(s)1 =E[B(t) —B(s) | F*(s)]1+E[B(s) | F*(s)]
=E[B(t) — B(s)] + B(s)
= B(s).

On the other hand, normalized standard Brownian motion, though it is stationary in distribution, is
not a martingale:
e[ 80| 77| = E[BO)| 77| = TBs)
Vit Vit N/
so on the average we predict the process to drift towards the origin as time goes on from any given
point; a martingale is not allowed to have any such bias. We will use a standard fact about martin-

gales extensively, which applies our principle of extending deterministic time results to stopping
times to the defining martingale property. A proof can be found in [2| Theorem 6.12].

Theorem 5.1 (Optional Stopping). Let X (t) be a continuous martingale, and 0 < S < T be stopping
times. If there is a random variable Z so that the process X(t A T) is dominated by Z almost surely
at every time, then almost surely we have

ELX(T) | F(S)] = X(S).

The optional stopping theorem applied to Brownian motion gives Wald’s lemmas, which identify
the first two moments of B(T) for a stopping time T. Applying the optional stopping theorem to
Brownian motion with § = 0 gives us the first moment of B(T) for an integrable stopping time T
directly.

Corollary 5.2 (Wald’s First Lemma). Let T be a stopping time so that B(t A T) is dominated by an
integrable random variable, then E[B(T)] = 0.

A technical result gives that in fact the condition here holds whenever E[T] < o0, a more applicable
version of the result. One application is an orthogonality (or weak independence) statement for
B(S) and B(T) — B(S).

Corollary 5.3. Let S < T be stopping times with E[T] < . Then,
E[B(T)?] = E[B(S)?] + E[(B(T) — B(S))].

Proof. Note that in the L? space of random variables with the expectation inner product, this is
the statement that B(S) and B(T) — B(S) are orthogonal. By the tower property of conditional
expectation, we have

E[B(T)]? = E[B(S)?] + 2E[B(S)E<B(T) _B(S) | f(S))] L E[B(T) - B(S)?].

By linearity of expectation and the martingale property, the inner expectation here is zero, and the
result follows. 0O

To identify the second moment of B(T), we identify another martingale besides B(t) itself.
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Lemma 5.4. B(t)? —t is a martingale.

Proof. That the process is adapted to the filtration corresponding to B(t) is immediate, and we have

E[B()> =t | F*(s)] = EL(B(t) = B(s))* | F*(s)] + 2E[B(t)B(s) | F*(s)] = B(s)* -t
= (t—5)+2B(s)®> —B(s)* -t
— B(s)? — . =

Next, we obtain the second moment of B(T).

Theorem 5.5 (Wald’s Second Lemma). Let T be a stopping time with E[T] < o. Then, we have
E[B(T)?] = E[T].

Proof. Define the stopping times T, = inf{t > 0 : |B(t)| = n}, the hitting times of positive integer
n by |B(t)|. Now, we have B(t AT A Ty)%2 — t AT A Ty, dominated by n2 + T, an integrable random
variable, and by the optional stopping theorem E[B(T ATy,)2] = E[T ATy ]. Using monotone converge
and Fatou’s lemma to bound E[B(T)?2] by the limits of the E[B(T A T»)?] from below and above
respectively, the result follows. O

For us, these results are only of instrumental use in preparing for the Skorokhod embedding in
the next section. However, in general the relationship between martingales and the universality of
Brownian motion is far deeper: firstly, by a theorem of Lévy, B(t) is unique in being a martingale and
having B(t)? — t be a martingale as well; secondly, by a theorem of Dambis, Dubins, and Schwarz,
any continuous (local) martingale is actually Brownian motion, after a time change.

6 Discrete Random Walks: Skorokhod Embedding

We are now equipped to see the application of Brownian motion to discrete random walks and vice-
versa, as outlined in the introduction. The next two sections will yield two tools for “embedding”
discrete random walks in Brownian motion in different ways, and will give applications of these
tools to various limit theorems regarding discrete random walks, whose proof is eased by going
through continuous Brownian motion.

Our first step is to produce a converse to Wald’s lemmas, which given a random variable X
produces a stopping time T so that B(T) has the probability law of T. By Wald’s lemmas, for an
integrable stopping time T we also have E[B(T)] = 0 and E[B(T)?] = E[T] < , so there is only
hope of producing T so that B(T) ~ X if E[X] = 0 and E[X?] < . Our theorem will give us that
these are the only obstructions to the construction of such a T.

Theorem 6.1 (Skorokhod Embedding Theorem). Suppose X is a real-valued random variable with
E[X] = 0 and E[X?] < oo, then there is a stopping time T so that B(T) ~ X and E[T] = E[X?].

We first prove the theorem for the simple case of X taking on only two values.

Lemma 6.2. If X takes on only the values a < 0 and b > 0 with E[X] = 0, then there a Skorokhod
embedding T, where E[T] = —ab.
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Proof. Since E[X] = 0, we must have P{X = a} = b ; and P{X = b} = ;=-. Then, define
T =inf{t > 0:B(t) ¢ (u,v)}

to be the exit time of (u,v). Clearly this is a stopping time, and by Wald’s first lemma we have
E[B(T)] = 0. This means that

0 =aP{B(T) = a} + bP{B(T) = b},

which in combination with P{B(T) = a} + P{B(T) = b} = 1 gives after a simple algebraic manipula-
tion that B(T) has the same distribution as X.
To use Wald’s second lemma, we must check E[T] < oo:

E[T] = J: PIT > t}dt = J: P{B(s) € (a,b) for all s € [0, t]}dL,

and we have letting m = maxyea,p) Px{B(1) € (a, b)}, some constant, that the integrand is at most
mX when t > k. Thus, the integral converges. So, by Wald’s second lemma and the probabilities for
B(T), we have

a’b . ~-b%a 4
b-a b-a | O

E[T] = E[B(T)*] =

So, we have that we can embed any probability measure with support at two points. Now, we will
express a general probability measure with the correct mean and variance properties as an average
of a continuum of such probability measures. This will allow us to generalize from the above result
immediately to the embedding full result.

Lemma 6.3. Let u be a probability measure on R, with [ xdu = 0 and 02 = [ x?du < co. Then, there
is a probability measure 0 on (—o0,0) X [0, o), such that

uea) - | (y{xmm v

xxA(y)) do,

and also 02 = [ —xyd®0.
Proof. Let m = [;g ) ydu = — [(_ o) udp, then we define
1
0(d(x,y)) = E(J’ = x)uldx)u(dy),

a scaling of the product measure pu(du)u(dv) by % (v —x). Then, to check that this is a probability
measure, note
J ao

1
- j ) j[o,m) W(@dy) (v - x)

mJ u(dx) m — xu([0,)))

%(mu((—oo,o)) +mu([0, 00)))

Il
—
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thus 0 is indeed a probability measure. And, we have

Y —X _1 _
| (y Y oxal) 5 xm(y)) @0 = ) | ) ae) —xxa )

= J pu(dx)xa(x) + J pdy)xa(y)
(—00,0) [0,00)

= u(A),
and the last property is checked in the same way. O

Proof of Skorokhod Embedding. Let X be arbitrary with E[X] = 0 and E[X?] = 02 < . Let u be
the probability law of X, and 0 as in the second lemma above. And, let & = (&, &,) be a random
variable taking values in (-, 0) x [0, ) with distribution given by the measure 0. Denote by Ty ,
the stopping time constructed in the first lemma above, for the random variable taking values x
and y. Let G(t) be the filtration generated by Fo(t) together with &, and let T = Tg_¢ .

We have T < Ty, when u < & and v > &,, and combining this with the continuity of B(t) we
obtain

(T<ty= |J ({€€ w0 x[0,v)} N {Tyy < t}) € G(t),

U,veEQ
u<0<v

so T is a stopping time with respect to G(t). We have for » < 0 that

P(X <7) = J Y _do
(—00,¥]x[0,00) JV — X

P{B(Tu,v) =u}

J(—OO,T]X[0,00)
= P{B(T) < x}

and in the same way for ¥ > 0 we have P{X > v} = P{B(T) > x}, hence B(T) ~ X. And, we have
E[T] = —E[£xE,] = — Juvd@ _ a2, -

As an intermediate application, we will show the power of this theorem by proving the law of the
iterated logarithm for Brownian motion and then inferring it for discrete random walks.

6.1 Application: The Law of the Iterated Logarithm (LIL)

We saw in our elementary asymptotic bounds that the standard Brownian motion B(t) is almost

surely dominated by t, in that BWO _, 0 almost surely, but is almost surely not dominated by /,

Tt
in that &ff) is of unbounded variation almost surely. We would like to identify a function y(t)

that is deterministic and gives an asymptotic envelope for B(t), in that limsup;_ % = 1 and
B(t)

liminf;_ v =1 almost surely. The basic bounds give \/t < @(t) < t, and we will show that
in fact the lower bound is very close to the envelope, in that taking y(t) = 2t€(t) gives the two
results above, where £(t) = loglog(t) is the namesake iterated logarithm. First, we give a heuristic
reason to believe that this is the correct function.

Recall that we defined B(t) = Lﬁ) earlier, where the distribution of B(t) is standard normal for
all t > 0. Then, the statements about B(t) and (t) above are equivalent to the same statements
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for B(t) and ¢ (t) = +/2€(t). Combining the asymptotic in and the standard normal distribution
of B(t), we find

P{B(t) > Ly(1)} = P{B(t) > L (1)}

1 1 _12gw?
TGN
L 1 e

V20(t) V21

L

= 5 g los(t) ™

Now, ideally we could choose some collection of t increasing to infinity so that the events whose
probability we are estimating above are independent, then the question of whether infinitely many of
them occur would reduce to the summability of the series whose terms are the final approximation
by the Borel-Cantelli lemma. Unfortunately, these events will not be independent; however, we will
see that we can achieve near-independence by taking rapidly increasing t. In particular, if we fix
some a > 1 and make the change of variables t = a%, then the above becomes

P{B(t) > Ly(t)} ~ (ulog(a))~L*,

L
2\l (aw)
which is summable as a series over positive integer u if and only if L > 1. Were these events to
be independent, this would be precisely what we need to apply Borel-Cantelli and obtain our result.
The work that remains is to circumvent the fact that these events are not in fact independent, which
will ultimately reduce to taking a limit as a — oo, since as the points a* become increasingly distant,
they “approach independence”, and the summability criterion does not depend on a.

Theorem 6.4 (LIL for Brownian Motion). If B(t) is a standard Brownian motion and y (t) = +/2t€(t),

then almost surely

lirgsogpllli((g =1and lirglso?p(lli((g = —1.

Proof. Note that by the symmetry of reflection at the origin, the second claim follows immediately
from the first, so it suffices to consider the supremum. The easier part is bounding the supre-
mum from above, since there we can use the direction of the Borel-Cantelli lemma not requiring
independent events, which gives the result easily.

Letting a > 1 and € > 0, define the event

Ay = { max B(t) = (1 + e)qj(q")}.

tel[0,a™]

By Corollary 4.9] the maximum of B(t) up to a fixed time ty has the same distribution as |B(tp)!, so
applying this and transfering to the normalized Brownian motion and corresponding bound,

PAy =P {|[B(a™)| = (1 +e)y(am}
=P{|B(a™)| = (1 +e)ga™)}
=2P{B(a™) = (1 +e)@(a™)}
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where the last step follows by symmetry. Now, we apply the tail bound for the standard normal
variable B(a™) and discard non-exponential terms to obtain

PA, <2 1 1 77(]%)2?(“71)2 < 2ef(l+e)2loglog(a”)2 _ 2

At edam) 2r’ (nloga)1+o?”

This series is summable in 7, so by Borel-Cantelli we have that almost surely, only finitely many of
the A, occur. Now, given a large t, let n be such that a” ! < t < a”, then we expand

B()  B(t) @) t a" B Ya7 an
wt) w@y at )t gy el

The first term is almost surely eventually bounded by (1 + €) by what we have just shown, the last

term is at most a, and the middle term is bounded by 1 since @ is a decreasing function. Thus,
% < a(1 + €) almost surely for all large t, and letting € — 0 and a — 1 gives lim sup (1;(&)) <1

almost surely.
To bound the supremum from below, we need the converse Borel-Cantelli lemma, and thus need
to produce a sequence of independent events. Again fixing a > 1, we define the events

Dy = {B(a") - B(a™ ') = g(a™ —a™ 1)},

which are independent since the increments B(a™) —B(a™ 1) are independent. The random variable
B(a™) — B(a™ 1) is normal with mean zero and variance a™ — a1, so

([J((/‘Ln _ an—l)

PDn = P {N > lian — an71

} =P{N > @@a" -a"1h}.

Applying the tail lower bound from [8.2] we have for some ¢ > 0 that

PDy > ¢ o~ loglog(q"-a™!) 5 ce~log(nloga) . d
\/2 loglog(a™ — an—1) 2log(nloga) mnlogn

for some other constant d > 0, and so in particular the series of PD,, is not summable, thus by the
converse of Borel-Cantelli we have almost surely, infinitely many of the D,, occur. Combining this
with the upper bound proved above, for infinitely many n we have

B(@"™) =B(@" Y +yw@"-q"h

%

—2¢@" Y +yw@" -q" .

So, almost surely for infinitely many n,

B@") _ —2¢@"H+y@"-q"H 2 q"-q"' 2 1
wgn) ~ w(qm) T va qr va a’
and taking g — o gives the lower bound, completing the proof. O

Using this, we can obtain a general result for discrete random walks with relatively little work (the
discrete combinatorial proofs of this theorem are much more technical and lengthy).
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Theorem 6.5 (Hartman-Wintner LIL). Let S,, be a random walk with increments S, — S,,—1 of mean

0 and variance 1. Then,
Sn

li —_— =1
H;lqsogp J2nloglogn
Proof. Let T; < T> < --- be a sequence of stopping times as from the Skorokhod embedding so

that S;, ~ B(Ty), and where T;,, — T,,—1 = Var(S2 — S1) = 1. By the LIL for Brownian motion, we have

lim su L =1
t——oop J2tloglogt

almost surely, and so it suffices to show that

lim sup —B(t) — B(Tiy)) =
f oo 2tloglogt

almost surely. By the law of large numbers, %Tn — 1 almost surely, so letting € > 0 and t( large

enough such that
1 Ti¢
<—=<1+¢€
1+e€ t

for all t = ty. Then, we define

M(t) = sup |B(s) — B(t)],

selii t1+e)]

and note that it suffices to show that

lim sup M(1)

—=0
t-oo ~/2tloglogt

almost surely. Let t,; = (1 + €)™, and

Ly = sup  |B(s) — B(tp-1)l.

s€[tn-1,tn+2]

Then, by the triangle inequality we have when t € [ty, t,.1], then M(t) < 2Ly,. Let § = (1 +€)3 - 1,
then t,, 49 — ty—1 = 6ty—1. Scaling and the reflection principle then gives

P (Ln > \/35tn,1 loglog tn,1> =P ( sup |B(s)| > +/3loglog tnl)

se€[0,1]
<2P ( sup B(s) > 4/3loglog tn1>
s€[0,1]

= 4P (B(l) > \/310glogtn,1>

2 3
<= ——loglogt;,_- )
= 3loglogt,_1 exp( 2 0108 1tn-1

3
=n 2
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for n sufficiently large. These probabilities are summable, so by the Borel-Cantelli lemma,

) M(t) . 2Ly
1 — <1 < 2v39,
thﬂso},lp Jtloglogt TSP Jtn-1loglogty, 1
and letting € — 0 we have 6 — 0, completing the proof. O

7 Discrete Random Walks: Donsker Invariance Principle

We lastly turn to proving the functional central limit theorem described in the introduction. Letting
X; be i.i.d random variables, normalized so that E[X;] = 0 and Var(X;) = 1 (this is really just the
assumption of finite mean and variance for the X;), we will consider the random walk S, = z’k‘:l Xy
and produce a continuous random process S(t) by interpolating linearly between these integer
points:

S(t) = S1e) + {E3(Sege1 — Siep)-

We now define a family S;} of derived stochastic processes by

1
NG

for t € [0, 1]. Intuitively, S;f scales S(t) on [0,n] into the interval [0, 1].

SE(t) = ——S(nt)

Theorem 7.1 (Donsker Invariance Principle). On the space C[0, 1] of continuous functions on [0, 1]
with the metric induced by the supremum norm, the sequence S, converges in distribution to a
standard Brownian motion B(t) ont € [0,1].

Lemma 7.2. For any random variable X with mean 0 and variance 1, there is a sequence of stopping
times 0 = Ty < T} < - -- such that B(Ty) has the distribution of the random walk S;,; defined by
adding independent variables identical to X, and the sequence of functions S;; satisfies

. B(nt)
limP1 > —Sx)| > e]» =0.
e {te[o,n ‘ vn '

Proof. By Skorokhod embedding, choose a stopping time T; with E[T;] = 1 so that B(T;) ~ X. By
the strong Markov property, Bo(t) = B(Ty + t) — B(Ty) is a Brownian motion and independent of
F*(Ty). In particular, B> (t) is independent of both T; and B(T;). Thus, we can choose a stopping
time T, so that E[T;] = 1 and B2(T;) ~ X. Then, T» = T1 + T, is a stopping time for B(t) with
E[T>] = 2, and so that B(T>) ~ S» = X; + X». We repeat this inductively to produce a sequence
0<T; <Tp <--- where B(T,) ~ Sy, and E[ T, ] = n.
It remains to verify the convergence statement. Let us write
Bu(t) = B%)

and let A, be the event that there exists t € [0,1) with |S;¥(t) — B, (t)| > €, then we must show
P(A;) — 0. Let k be such that kni <t< %, then since S} is linear on this interval, we have that A,
is contained in the union of there being at € [0, 1) such that Ij—% — By (t)| > €, and of there being a
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t such that ISkﬁl — Bu(t)| > €. Since Sy = B(Ty) = \/ﬁBn(%), we have

Ay c {3t €[0,1):|By(Tx/n) — By(t)] > €} U
{3t € [0,1) : |[Bu(Tk-1/n) — Bp(t)| > €}.

Let A}, be the event on the right-hand side. Then, for any 0 < § < 1, we have

Af c{3s,t €[0,2]:|s—t| <d,|Bn(s) —Bu(t)| > €} U
{3t € [0,1) : [T/ —t| V |Tx_1/n — t] = 6}.

Note that the first event here does not depend on n, and its probability tends to zero as 6 — 0 since
Brownian motion is uniformly continuous on [0, 2]. So, it remains to show that for any 6 > 0, the
probability of the second set above tends to zero as n — o. To prove this, we huse that by the
law of large numbers, limy % = 1, and thus limy_ . SUpPg<k<n I% — k|/n = 0. This gives that
P(A}) — 0, completing the proof. O

Proof of Donsker Invariance Principle. Choose the stopping times T; as in the lemma, and note that
B, (t) is a standard Brownian motion by scaling invariance. Suppose K < C([0, 1]) is closed and let

Ke={feC(0,1]) : lIf — glls < € for some g € K}.

Then, we have P{S;} € K} < P{By, € K¢} + P{lIS;} — Byullo > €}. The second term tends to zero
as n — oo, and the first term is independent of n since the B,, are identical in law, and is equal to
P{B € K¢} for a fixed standard Brownian motion B. Since K is closed, we have

e>0

limP{B € K} = P{B e K€} = P{B € K},

and so limsup,,_ ., P{S;f € K} < P{B € K}. The result then follows as this is one of the equivalent
conditions from the portmanteau theorem. O

We recall our corollary from the introduction that motivated the limit theorem.
Corollary 7.3. For any continuous functional A : C([0,1]) — R, we have A(S;¥) = A(B).

A wide variety of limit theorems for discrete random walks are now readily available by one of two
techniques: firstly, we can just directly compute limiting distributions on B(t) if it is convenient,
or alternatively we can compute limiting distributions on a particular well-behaved discrete random
walk, say the simple symmetric random walk, since we know that limit laws will not depend on
the specific random walk. Two examples mentioned in the introduction illustrate these methods;
we first note in passing that since the central limit theorem is an easy corollary of this theorem,
we have actually found a new proof of the central limit theorem which, though rather roundabout,
makes no reference to characteristic functions or Fourier analysis.

For the maximum of the discrete random walk, if we let M;,, = maxj<k<n Sk, then j—ﬁMn =
Sup;ero,1] B(t), which by Corollaryhas the distribution of |B(1)|, or |/N(0,1)].
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For the proportion of time spent above the x-axis, we have
1
E#{k 1<k=<nSy>0}>m({se[0,1]:B(s)>0}),

and so in particular the limiting law for a particular discrete random walk is the same as that for
all discrete walks. So, the limiting law is the same as that for the simple symmetric random walk,
which from classical theory follows the arcsine distribution [1} Section 3.10].

8 Appendix

8.1 Standard Normal Distribution Bounds

Some basic bounds on the tails of the standard normal distribution are useful.

Lemma 8.1 (Tail Bounds). Suppose N is a random variable with standard normal distribution, then
for any x > 0, we have

1 1 —XZ/Z 1 1 _XZ/Z
— <P{N(0,1) > < —— .
x+%\/2rre N0, 1) > x} x 2t

Proof. For the inequality on the right, we estimate

P{N(,1) > x} <

u=—

L ro Ee’%d
V2TT Jx X X /21T
For the inequality on the left, define
X2 o u2
f(x)=xe 7 —(x%+ I)I e~z du,
X

so that f(0) < 0 and f(x) — 0 as x — c. We also have

X2
f(x)=-2x (J e‘uTzdu — exz ) ,

which is positive for x > 0 by the other inequality proved above. Thus, f(x) < 0 for all x, complet-
ing the proof. O

For technical work, a simplified version is usually enough for us.

Corollary 8.2. There is a universal constant ¢ > 0 such that
%e‘xz/z <P{N(0,1) > x} < e X2,

For heuristics, an asymptotic version is useful.

Corollary 8.3. For large x,

1 1 2
P 1 ~ = X2
{N(0,1) > x} o Trre
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