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Inroduction

We now consider a market with N risky assets. Let {s;(d)}5_, be the
share price history of asset i. The associated return and growth rate
histories are {r;(d)}5_; and {x;(d)}5_; where

__si(d) e si(d)
D)= oy - )= Iog(SI(d_l)) .
Because each s;(d) is positive, each ri(d) is in (—1,00), and each x;(d) is
in (—o00,00). Let r(d) and x(d) be the N-vectors
n(d) x1(d)
W)= | x@=|
rN(d) XN(d)

The market return and growth rate histories can then be expressed
compactly as {r(d)}5_; and {x(d)}5_; respectively.
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Introduction
If we assume that the return history {r(d)}5_; is an 1D sample drawn

from a probability density g(R) then the associated return mean p and
return variance = have unbiased estimators given in terms of m and V by

1
V.

111

1w

fr=m,
Moreover, the Markowitz portfolio with risk-free return r; and risky asset
allocation f has the return history {r(d)}5_; where
r(d) = rg +r(d)'f.
This return history is an 1ID sample drawn from the probability density
q(,fyf)(R) with return mean p and return variance £ that have the
1
frVF.

1—w
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(1.1)

unbiased estimators
//l =rs+ mva
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Growth Rate Probability Densities (Portfolio Values)

Now suppose that the returns of an IID model for a solvent portfolio are
drawn from a return probability density q(R). Given D samples {R4}5_;
that are drawn from g(R), the associated simulated portfolio values
{N4}2_, satisfy

I'Id:I'Id,l (1+Rd), fOI’dZ].,-u,D. (2.2)
Recall that for a solvent portfolio we have
1+Rys>0 for every d. (2.3)

If the inital portfolio value Mg is known then we can use induction to show
that the portfolio value at the close of day d is

d
Ng=Mo J] 1+ Ra) - (2.4)
d'=1
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Growth Rate Probability Densities (Growth and Its Rates)

We define the growth of the portfolio at the close of day d as

d
Iog(EZ) =Y log(1+ Ry) . (2.5)

d'=1
Here the solvency condition (2.3) insures that 1 + Ry > 0 for every d.

We now introduce growth rates Xy that are related to the returns Ry by
Xq=log(1+Ry), e=1+Ry. (2.6)

In other words, the growth rate Xy yields a return Ry on trading day d.
Then the growth of the portfolio at the close of day d that is given by
formula (2.5) is expressed simply as

Iog< ) Z Xy - (2.7)

d’'=1
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Growth Rate Probability Densities (Densities)

If the samples {Ry}5_; are drawn from a density g(R) over (—1, oc) then
the {Xy}2_, are drawn from a density p(X) over (—oo, o0) where

p(X)dX = q(R)dR, (2.8a)
with X and R related by (2.6) as
X = log(1 + R), R=eX-1. (2.8b)
More explicitly, the densities p(X) and q(R) are related by

_ pllog(1+ R))

pX)=a(ef ~1) X, a(R) =04
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Growth Rate Probability Densities (Mean and Variance)

Because our models will involve means and variances, we will require that

/OO X?p(X)dX = /oo log(1+ R)? q(R)dR < 0,

—00 -1

/_Oo (X - 1>2P(X)dx . /O: R2G(R)dR < oc.

Then the mean ~ and variance 6 of X are

v =Ex(X) = /Oo X p(X)dX,
o (2.9)

[e.9]

0 = Vi(X) = Ex((X —7)?) = / (X — )% p(X) dX .

—0o0
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Growth Rate Probability Densities (Growth Mean)

The big advantage of working with p(X) rather than g(R) is the fact (2.7)
that the growth at the close of day d is given by

My d
| — | = E Xyr.
Og(“o) d

Hence, the growth at the close of day d is the sum of the I[ID variables Xj.
This fact makes it easy to compute the mean and variance of this growth
in terms of those of X.

The mean of the growth log(My/Mp) is found to be

Ex(|og< )) ZEX (Xg) = (2.10)
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Growth Rate Probability Densities (Growth Variance)

The variance of the growth log(My/Mp) is found to be

i (log(24)) E<(zx , d))
(
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Growth Rate Probability Densities (Summary)

Remark. The off-diagonal terms in the foregoing double sum vanish
because

EX((Xw =) (Xar — 7)) =0 whend”" #4d'.

In summary, formulas (2.10) and (2.11) show that for an IID model the
portfolio growth at the close of day d has mean and variance given by

EX<|Og(I|:||Z>> =~d, Vr<|og(||:||z>> =0d. (2.12)
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Law of Large Numbers

Let {X4}52, be any sequence of IID random variables drawn from a

probability density p(X) with mean ~ and variance § > 0. Let {Y(d)}32;
be the sequence of random variables defined by

Yd:EZXd’ foreveryd=1,2,--- .

It is easy to check from (2.12) that

0
Ex(Yy) =7, Vr(Yy) = g (3.13)
Given any § > 0 the Law of Large Numbers states that
lim Pr{|Yy—~|>6v0} =0. (3.14)
d—o0
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Law of Large Numbers (Chebyshev)

Because the mean and variance of Yy are given in terms of v and 6 by
(3.13), the convergence rate of the limit (3.14) can be estimated by the
Chebyshev inequality, which yields the d-dependent upper bound

Vr(Y, 11
Pr{|Yd—7|25\/§}§ 6(29d):(52d'

(3.15)

Remark. Recall that the Chebyshev inequality (3.15) is easy to derive.
Suppose that py(Y) is the unknown probability density for Yy. Because
the mean and variance of Yy are given by (3.13), we have

Pr{!vd—v!zax/é}=/{M2m}pd
A2
S/\Y ol pa(Y)dY = Vr(Yg) 11

520 520 ~ 82d°

(Y)dY
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Law of Large Numbers

Remark. The probability density py(Y') in the previous slide can be
expressed in terms of the unknown probability density p(X) as

d
pd(v)=/---/5<v—j, ) xd/) p(X1) -+ p(Xa) dXq - dXq,

d'=1
where (- ) is the Dirac delta distribution introduced earlier.

Remark. The [ID model suggests that the growth rate mean ~ is a good
proxy for the reward of a portfolio and that v/@ is a good proxy for its risk.
However, these are not the proxies chosen by MPT.
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Law of Large Numbers

Given any sample of 11D variables {X4}5_; drawn from p(X) and any

positive weights {Wd}gzl that sum to 1, the mean ~ and variance 6 have
the unbiased estimators

D
ﬁ:ZWdXda
d=1
. 1 L o
0=—— de(Xd—fy) .
Wi

Therefore estimators of the proxies v and v/# are 4 and V.

Remark. None of these estimators can be expressed exactly in terms of
the return mean and variance estimators given by (1.1).
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Normal Growth Rate Model (Introduction)

We can illustrate what is going on with the simple 11D model where p(X)
is the normal or Gaussian density with mean v and variance 6, which is
given by

p(X) =

A2
\/21% exp(—(X297)> : (4.16)

For this IID model many expected values can be computed explicitly.

Fact 1. The return mean u and variance & for the normal growth rate
model (4.16) are given by

w= etaf , £ =220 _ o240 (4.17)

The proof of Fact 1 uses the following fact.
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Normal Growth Rate Model (Ex(e"X))

Fact 2. For every n € {0,1,---} we have

Ex(e"x) = exp(nfy +2In 9) (4.18)

Proof. Let n € {0,1,---}. Completing the square in the exponent shows

Ex( ”X \/ﬁ /exp< 9)2+nX> dX

2
\/T exp( (Z;— n6)) +n7+§n29> dX
0

= exp(n’y + %n29) .

This proves Fact 2.
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Normal Growth Rate Model (Fact 1 Proof)

Proof of Fact 1. By (2.8b) we have R = X — 1. Therefore
p=Ex(R) = BEx(e¥) - 1,
¢ = Vi(R) = Ex((R - u)?)
= Bx( (X - 1= p)") = Bx(e¥) — Bx(eX) "

Formulas (4.17) of Fact 1 then follow because formula (4.18) of Fact 2
with n =1 and n = 2 gives

1
EX(eX> _ e7+29, Ex(e2x) — o220

This proves Fact 1. O
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Normal Growth Rate Model

Remark. Formulas (4.17) can be inverted to obtain
v =log(l+pu)— 2 Iog(l + 5) ;
(1+p)?

0:|og<1+(1+£u)2> .

Because v + %«9 = log(1 + u), the concavity of log implies that

y+0<pu, 60< <

S EnEE (4.19)

Moreover, we see that when |u| and £ are small we have

'y—l—%ezu, 0=~¢E.
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Normal Growth Rate Model (Averages of )

Let {X4}52, be any sequence of IID random variables drawn from p(X)
and let {Y4}52 ; be the sequence of random variables defined by

1 4
Yd:E(;le/ foreveryd=1,2, ---.

We can easily check that

0
Ex(Yq) =7, Vi(Yy) = 5
We can also check that
d—1 1
Ex(Yy|Yy_1) = —— Yy — .
x(Yq|Ya-1) g Ya-1t o7

So the variables Yy are neither independent nor identically distributed.
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Normal Growth Rate Model

It can be shown (the details are not given here) that Yy is drawn from the
normal density with mean ~ and variance #/d, which is given by

palV) = | 5 exp(—(y‘z;)"> . (4.20)

Because My = Mge¥?9, by completing the square in the exponent we find

B d (Y —v)%d
Ex(Mg) = Mo 27T0/6Xp<— T +Yd]|dy

- d (Y — v — 60)2d .

= Mo exp((v+ 30)d) .

When d =1 this recovers formula (4.18) for n = 1.
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Normal Growth Rate Model ()

Because formula (4.20) shows that p,(Y’) becomes sharply peaked around
Y =~ as d increases, most investors will see a growth rate closer to =,
which is below the rate v + %0 at which the mean portfolio return at the
close of day d grows. In particular, most investors will see a return that is
below the return mean p — far below in volatile markets.

X

@ This is because e amplifies the tail of the normal density.

@ More realistic I|ID models have a density p(X) that decays more slowly
as X — oo than a normal density, so this difference will be larger.

Said another way, most investors will not see the same return as Warren
Buffett, but his return will boost the return mean.

The normal growth rate model confirms that - is a better proxy for how
well a risky asset might perform than p because p,(Y’) becomes more
peaked around Y = as d increases. The Law of Large Numbers (3.14)
extends this result to IID models that are more realistic,
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