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Chapter 4: Generating Functions

This chapter looks at Probability Generating Functions (PGFs) for discrete
random variables. Probability generating functions are useful tools for dealing
with sums and limits of random variables.

By the end of this chapter, you should be able to:
e find the sum of Geometric, Binomial, and Exponential series;
e know the definition of the PGF, and use it to calculate the mean, variance,
and probabilities;
e calculate the PGF for Geometric, Binomial, and Poisson distributions;
e calculate the PGF for a randomly stopped sum,;
e calculate the PGF for first reaching times in the random walk.

4.1 Common sums

1. Geometric Series

1
1—7’

o0
l+r+ri+ri+... = Zrm = when|r| < 1.
=0

This formula proves that >~ P(X = z) = 1 when X ~ Geometric(p):

P(X=x2)=p(l-p)* = > PX=z) =) p(l-p)
=0 =0

= py (1-p)

p
= —i=p (because¢l — p| < 1)

= 1.
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2. Binomial Theorem For anyp, q € R, and integen,

p+q)" = En: (Z)pan‘“-

=0

n!

Note that{ ') = — ("C, button on calculator.)
T (n—x)!lz!

The Binomial Theorem proves that Y " P(X = z) = 1 when X ~ Binomial(n, p):
P(X =zx) = (n)px(l —p)"*forx=0,1,...,n, SO
x

%P(Xx) - i(g)pxa—p)”—w

3. Exponential Power Series

o0 Ax
For any) € R, § — = e,
€T
=0

This proves that >~ /P(X = z) = 1 when X ~ Poisson(\):

T

A
P(X =z)="—e*forz=0,1,2,..., S0

x!
00 00 AT B B 00 AT
xz:;IP(X:x):;:;aeA = e/\;g
_ o

)\ n
Note: Another useful identity is: e’ = lim <1 + —) for \ € R.
n

n—:o0
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4.2 Probability Generating Functions

The probability generating function (PGF) is a useful tool for dealing
with discrete random variables taking values 0, 1,2, . ... Its particular strength
is that it gives us an easy way of characterizing the distribution of X +Y when
X and Y are independent. In general it is difficult to find the distribution of
a sum using the traditional probability function. The PGF transforms a sum
into a product and enables it to be handled much more easily.

Sums of random variables are particularly important in the study of stochastic
processes, because many stochastic processes are formed from the sum of a
sequence of repeating steps: for example, the Gambler’s Ruin from Section 2.6.

The name probability generating function also gives us another clue to the role
of the PGF. The PGF can be used to generate all the probabilities of the
distribution. This is generally tedious and is not often an efficient way of
calculating probabilities. However, the fact that it can be done demonstrates
that the PGF tells us everything there is to know about the distioD.

Definition: Let X be a discrete random variable taking values in the non-negative
integers {0,1,2,...}. The probability generating function (PGF) of X is
Gx(s) = E(sY), for all s € R for which the sum converges.

Calculating the probability generating function

Properties of the PGF':

1. Gx(0) = P(X = 0):

Gx(0) = 0"xP(X =0)+0'xP(X =1)+0*xP(X =2)+...
Gx(0) = P(X =0).



2. Gx(1) =1: Gx(1) =) 1"P(X
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FExample 1: Binomial Distribution

Let X ~ Binomial(n, p), so P(X = z) = <
Crls) — z”: o (Z) e
= zn: (Z) (ps)"q""

=0

= (ps+q)" by the Binomial Theorem: true for &l

ThusGx(s) = (ps+ q)" for all s € R.

Check Gx(0):

150 200

Gx(0) =

I
K
G(s)
100

50

0

X ~ Bin(n=4, p=0.2)

Check Gx(1):

Gx(1) = (px14q)"
()"
= 1.

-10 0

10
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FExample 2: Poisson Distribution

)\.13
Let X ~ Poisson(), so P(X = z) = —e * for 2 =0,1,2,.. ..
€Z.
SN N P
GX(S):ZS e A= e AZ o
=0 =0
= ¢ ™) forall seR.
Thus Gx(s) ==Y forall s € R.
X ~ Poisson(4)
-1.0 -0.5 0.0 0.5 1.0 1.5 2.0

Example 3: Geometric Distribution

Let X ~ Geometric(p), so P(X = z) = p(1 — p)* = pq* for z = 0,1,2,.. .,
where ¢ =1 — p.

o0
GX(S) = stpqx G(s) X~ Geom(08) toinfinty 4
=0 ’ i ;
(0.0]
= pY (g5)"
=0 5 0 5 s
= 7 & for all s such thatgs| < 1.

Thus Gx(s) = —2— for |s| < .
1—gs q
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4.3 Using the probability generating function to calculate probabilities

The probability generating function gets its name because the power series can
be expanded and differentiated to reveal the individual probabilities. Thus,
given only the PGF x (s) = E(s*), we can recover all probabilitiédg X = z).

For shorthand, write p, = P(X = z). Then

o0
Gx(s) =E(s") = prsx = po+ P15+ pas” + pss” +pas’ + ..

=0
Thus py =P(X =0) = Gx(0).

First derivative: "c(8) = p1+2pes + 3pss® + Apys® + ...

Thus p; =P(X =1) = G%(0).

Second derivative: G (s) = 2p2+ (3 x 2)p3s + (4 x 3)p432 + ...

1
Thus py =P(X =2) = §G/),((O)

Third derivative:  G%(s) = (3 x2x L)ps+ (4 x 3 X 2)pss + ...

Thus p3 =P(X = 3) = =G%(0).

In general:
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Example: Let X be a discrete random variable with PGF Gx(s) = %(2 + 357).
Find the distribution of X.

2 3

Gx(s) = =5+ 533 : Gx(0) =P(X =0) = 0.

(5) = 2 + 55 G0 =P(X=1)=.
G”():15—83 Lem ) =P(x =2) =0
G)=%: OO =P(X=3)=3

GP(s)=0vr>4 G ) =P(X =r)=0Vr >4

v_I1 with probability2/5,
| 3 with probability3/5.

Uniqueness of the PGF

1 n
The formula p, = P(X =n) = { — Gg()(()) shows that the whole sequence of
n!

probabilities pg, p1, po, . . . is determined by the values of the PGF and its deriv-
atives at s = 0. It follows that the PGF specifies a untque set of probabilities.

Fact: If two power series agree on any interval containing 0, however small, then
all terms of the two series are equal.

Formally: let A(s) and B(s) be PGFs with A(s) = > ja,s", B(s) = > bys"
If there exists some R’ > 0 such that A(s) = B(s) for all —R' < s < R/, then
a, = b, for all n.

Practical use: If we can show that two random variables have the same PGF in
some interval containing 0, then we have shown that the two random variables
have the same distribution.

Another way of expressing this is to say that the PGF ofX tells us everything
there is to know about the distribution &f.



THE UNIVERSITY
OF AUCKLAND

NEW ZEALAND
Te Whare Wananga o Tamaki Makaurau 75

4.4 Expectation and moments from the PGF

As well as calculating probabilities, we can also use the PGF to calculate the
moments of the distribution of X. The moments of a distribution are the mean,
variance, etc.

Theorem 4.4: Let X be a discrete random variable with PGF G x(s). Then:

1. E(X) = G (1).

dk GX(S)

2 B{X(X - 1)(X-2)..(X ~k+1)} = 6P (1) = —

(This is thekth factorial momenof X .)

s=1

Proof: (Sketch: see Section 4.8 for more details)

X ~ Poisson(4)

oo

GX(S) = Z s" D

;UO—OO
so  Gi(s) = szx_lpx
=0

G(s)

= (1) = ) ap, =E(X) )
=0 o
0.0 0.5 1.0 1.5
k o0
k), _ @"Gx(s) _ ok
9. GY(s) o ;x(x—l)(x—2)...(x—/€+1)s Da
so GY(1) = Y wl@—1)(z—-2)...(x—k+1)p,

r=Fk
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Example: Let X ~ Poisson()\). The PGF of X is Gx(s) = ¢*~V. Find E(X)
and Var(X). X ~ Poisson(4)

Solution:

Gx(s) = A=)

G(s)

= E(X) = G4%(1) =\

For the variance, consider
0.0 0.5 1.0 1.5

E{X(X - 1)} = G(1) = A2 = 2
So
VanX) = E(X?) - (EX)?
:ﬂﬂX@X—U}+EX—4Em2

= A+ A=\
=\

4.5 Probability generating function for a sum of independent r.v.s

One of the PGF’s greatest strengths is that it turns a sum into a product:
E (3(X1+X2>> _F (3X13X2> .

This makes the PGF' useful for finding the probabilities and moments of @ sum
of independent random variables.

Theorem 4.5: Suppose that Xi,..., X, are independent random variables, and
let Y =X;+...+ X,. Then

Gy(s) = H Gx,(s).



Proof: Gy (s)

Example: Suppose
Y ~ Poisson(u).

Solution:

But this is the PGF of the Poissor+ ) distribution. So, by the uniqueness of

R
-
NEW ZEALAND
77

= E(s*)E(s%2)...E(s*)

(becausexy, . .., X, are independent)

= |[Gx.(s). asrequired. O
1=1

that X and Y are independent with X ~ Poisson(\) and
Find the distribution of X + Y.

GX+Y(S) = GX(S)Gy(S)

6)\(5—1) eu(s—l)

_ 1)

PGFs,X +Y ~ Poissog\ + ).

4.6 Randomly stopped sum

RATIONAL BANK OF REMUERA

Remember the randomly stopped sum model from
Section 3.4. A random number N of events occur,

and each event ¢ has associated with it a cost or
reward X;. The question is to find the distribution

of the total cost or reward: Ty = X7 + Xo + ... + Xx.

Ty is called a randomly stopped sum because it has a random number of terms.

Example: Cash machine model. N customers arrive during the day. Customer ¢
withdraws amount X;. The total amount withdrawn during the day is Ty =

X+ ...+ Xn.



In Chapter 3, we used the Laws of Total Expectation and Variance to show
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that E(Ty) = pE(N) and Var(Ty) = 0> E(N) + p? Var(N), where p = E(X))
and o? = Var(X;).

In this chapter we will now use probability generating functions to investigate

the whole distribution ofl .

Theorem 4.6: Let X, X, ..

independent of the X;’s, with PGF Gy, and let Ty = X;+... + Xy = Zf\il X;.
Then the PGF of Ty is:

Proof:

GTN(S)

Gry(s) = Gy (GX(S)).

=
=
P
>
>
E
——

@Q
=
)
b
o
~—
~
(o
<
Q.
)
=h
3,
5.
S
S,
@Q
=
~—
Ll

. be a sequence of independent and identically dis-
tributed random variables with common PGF Gyx. Let N be a random variable,
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FExample: Let Xi,X5,...and N be as above. Find the mean of Tly.

E(T) = G, (1) = 4 Gx(Gx(s)

s=1

— Gy(Gx(s)) - Gi(s)

s=1

= G\(1)-G%(1) Note:Gx (1) =1 forany r.v.X

= E(N)- E(Xy), — same answer as in Chapter 3.

e

Example: Heron goes fishing

My aunt was asked by her neighbours to feed the prize
goldfish in their garden pond while they were on holiday.
Although my aunt dutifully went and fed them every day,
she never saw a single fish for the whole three weeks. It
turned out that all the fish had been eaten by a heron
when she wasn’t looking!

Let N be the number of times the heron visits the pond
during the neighbours’ absence. Suppose that N ~ Geometric(1 — 6),

so P(N =n)=(1-20)0", forn=20,1,2,.... When the heron visits the pond
it has probability p of catching a prize goldfish, independently of what happens
on any other visit. (This assumes that there are infinitely many goldfish to be
caught!) Find the distribution of

T = total number of goldfish caught.

Solution:

1 if heron catches a fish on visit

Let Xi= { 0 otherwise.

ThenT = X, + X5 + ...+ Xn (randomly stopped sum), so
GT(S> = GN(G)((S>>



Now

So

giving:
Gr(s)

1—46
l—er(S)

GT(S) =

1—0
1—6(1 —p+ps)

1—46
1—0+0p—0ps

[could this be Geometric@r(s) =

1—46
(1 -0+ 0p)—Ops

1-6
1—0+0p

R
-
NEW ZEALAND
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E(s¥)=s"xP(X =0) +s' xP(X =1)=1—p+ ps.

(puttingr = Gx(s)),

1—m

for somer?]
— TS

(1—0+6p)—Ops
1—0+0p

)
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1—60+60p—=06p
1—60+6p

(%
1—0+0p)°

This is the PGF of the Geomet/(d — %) distribution, so by unique-
- p

ness of PGFs, we have:

T ~ Geometri =0 .
1—60+06p

Why did we need to use the PGF?

We could have solved the heron problem without using the PGF, but it is much
more difficult. PGFs are very useful for dealing with sums of random variables,
which are difficult to tackle using the standard probability function.

Here are the first few steps of solving the heron problem without the PGF.
Recall the problem:

o Let N ~ Geometric(l —60), so P(N =n) = (1—0)0";

e Let X7, Xy, ... beindependent of each other and of N, with X; ~ Binomial(1, p)
(remember X; = 1 with probability p, and 0 otherwise);

e Let T'= X+ ...+ Xy be the randomly stopped sum:;
e Find the distribution of 7T'.
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Without using the PGF, we would tackle this by looking for an expression for
P(T = t) for any t. Once we have obtained that expression, we might be able
to see that T has a distribution we recognise (e.g. Geometric), or otherwise we
would just state that 1" is defined by the probability function we have obtained.

To find P(T = t), we have to partition over diferent values oN :

P(T=t)=Y P(T=t|N=n)P(N=n). (%)

n=0
Here, we are lucky that we can write down the distribution of T'| N = n:

o if N = n is fixed, then T" = X; + ... + X,, is a sum of n independent
Binomial(1, p) random variables, so

Binom
For most distributions of X lt Would 299 diticult or Imp())SSIble to write down the
distribution ofX; + ... + X,,:

we would have to use an expression like

t—x1 —(x14..Fxn_2)
P(X;+ ...+ Xy =t|N =n) = ZZ 3 {P(Xlle)x
Ir1= O{EQ 0 {En71=0

P(Xy = 2) X ... X P(Xp_1 = 2p1) X P[Xp =t — (21 + ...+ xn_l)]} .

Back to the heron problem: we are lucky in this case that we know the distri-
bution of (T'| N = n) is Binomial(N = n, p), so

P(T=t|N=n)= <Z>pt(1—p)"_t fort=0,1,...,n

Continuing from (*):
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- i(j)ptu—pwa 0"
— (1-0) (&Q)ti@) oa-p] )
= 7

As it happens, we can evaluate the sum in (xx) using the fact that Negative
Binomial probabilities sum to 1. You can try this if you like, but it is quite
tricky. [Hint: use the Negative Binomial (t + 1,1 — #(1 — p)) distribution.]

1—6
Overall, we obtain the same answer that T" ~ Geometric | ——— |, but
1—60+6p

hopefully you can see why the PGF is so useful.

Without the PGF, we have two majorficulties:

1. Writing downP(T =t|N =n);
2. Evaluating the sum overin (xx).

For a general problem, both of these steps might be too difficult to do without
a computer. The PGF has none of these difficulties, and even if G (s) does not
simplify readily, it still tells us everything there is to know about the distribution
of T'.

4.7 Summary: Properties of the PGF

Definition: Gx(s) = E(sY)
Used for: Discrete r.v.s with values 0, 1, 2, ...
Morments: E(X) = G (1) E{X(X 1) (X -k 1)} = aP)

L
Probabilities: P(X =n) = EG%)(O)

Sums: Gx.iy(s) = Gx(s)Gy(s) for independent X Y
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4.8 Convergence of PGF's

We have been using PGFs throughout this chapter without paying much at-
tention to their mathematical properties. For example, are we sure that the
power series Gx(s) = >~ s"P(X = z) converges? Can we differentiate and
integrate the infinite power series term by term as we did in Section 4.47 When
we said in Section 4.4 that E(X) = G’y (1), can we be sure that Gx (1) and its
derivative G'x (1) even exist?

This technical section introduces the important notion of the radius of con-
vergence of the PGF. Although it isn’t obvious, it is always safe to assume
convergence of Gx(s) at least for |s| < 1. Also, there are results that assure us
that E(X) = G’y (1) will work for all non-defective random variables X.

Definition: The radius of convergence of a probability generating function is a
numberR > 0, such that the sunx(s) = > .-, s"P(X = xz) converges if
|s| < R and diverges- o) if |s| > R.

(No general statement is made about what happens when |s| = R.)

Fact: For any PGF, the radius of convergence exists.
It is always > 1: every PGF converges for at least s € (—1,1).

The radius of convergence could be anything from R =1 to R = oo.

Note: This gives us the surprising result that the set of s for which the PGF Gx (s)
converges is symmetric about 0: the PGF converges for all s € (—R, R), and
forno s < —R or s > R.

This is surprising because the PGF itself is not usually symmetric about 0: i.e.
Gx(—s) # Gx(s) in general.

FExample 1: Geometric distribution

Let X ~ Geometric(p = 0.8). What is the radius of convergence of Gx(s)?
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As in Section 4.2,
Gx(s) =) s"(0.8)(0.2)" = 0.8 (0.25)"
=0 =0
_ 08 for all s such that0.2s| < 1
T 1-02s i s

This is valid for alls with |0.2s| < 1, so it is valid for alls with |s| < 75 = 5.
(i.e.—5 < s <5.)
The radius of convergence is= 5.

The figure shows the PGF of the Geometric(p = 0.8) distribution, with its
radius of convergence R = 5. Note that although the convergence set (—5,5) is
symmetric about 0, the function Gx(s) = p/(1 —¢s) =4/(5 — s) is not.

Geometric(0.8) probability generating function
G(9) to infinity f

2
|

T
0 5 S

-5
; .
Radius of Convergenee—/

In this region, p/(1-gs) remains finite and well-behaved,
but it is no longer equal to B{s ).

At the limits of convergence, strange things happen:

e At the positive end, as s T 5, both Gx(s) and p/(1 — gs) approach infinity.
So the PGF is (left)-continuous at +R:

limGx(s) = Gx(5) = 0.

515

However, the PGF does not converge at s = +R.
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e At the negative end, as s | —5, the function p/(1 — gs) = 4/(5 — s) is

continuous and passes through 0.4 when s = —5. However, when s <
—5, this function no longer represents Gx(s) = 0.8 > (0.25)", because
0.2s] > 1.

Additionally, when s = =5, Gx(—5) = 0.8> .~ ,(—1)" does not exist.
Unlike the positive end, this means that Gx(s) is not (right)-continuous
at —R:

8111115 Gx(s) =04 # Gx(—H).

Like the positive end, this PGF does not converge at s = —R.

Example 2: Binomial distribution

Let X ~ Binomial(n,p). What is the radius of convergence of G'x(s)?

AS in Section 4.2,
- x n €r N—x
Gx(s) = ;s <x>p q
n n .
- > (s
=0

= (ps+q)" by the Binomial Theorem: true for &l

This is true for all- < s < oo, S0 the radius of convergencelis= .

Abel’s Theorem for continuity of power series at s =1

Recall from above that if X ~ Geometric(0.8), then Gx(s) is not continuous
at the negative end of its convergence (—R):

lim Gx(s) # Gx(—5).

sl—5

Abel’s theorem states that this sort of effect can never happen at s = 1 (or at
+R). In particular, Gx(s) is always left-continuous at s = 1:

11%111 Gx(s) = Gx(1) always, even if Gx (1) = occ.
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Theorem 4.8: Abel’s Theorem.

(0.9]
Let G(s) = Zpl-si for any pg, p1, p2, ... with p; > 0 for all 7.
i=0

Then G(s) is left-continuous at s = 1:

limG(s) = Y5 = (1),
i=0

sT1

whether or not this sum is finite.

Note: Remember that the radius of convergence R > 1 for any PGF, so Abel’s
Theorem means that even in the worst-case scenario when R = 1, we can still
trust that the PGF will be continuous at s = 1. (By contrast, we can not be
sure that the PGF will be continuous at the the lower limit —R).

Abel’s Theorem means that for any PGF, we can write Gx (1) as shorthand for
limsTl GX(S).

It also clarifies our proof that E(X) = G\ (1) from Section 4.4. If we assume
that term-by-term differentiation is allowed for G'x(s) (see below), then the
proof on page 75 gives:

Gx(s) = 3 s°p,
=0
SO Gy (s) = Z x5 p, (term-by-term differentiation: see below).
=1
Abel’s Theorem establishes that E(X) is equal to limgy G’y (s):
]E(X) - prx

= Gx(1)
= lim G%(s),

because Abel’s Theorem applies to G (s) = > o2 xs* !p,, establishing that
G'x(s) is left-continuous at s = 1. Without Abel’s Theorem, we could not be
sure that the limit of G'x(s) as s T 1 would give us the correct answer for E(X).
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Absolute and uniform convergence for term-by-term differentiation

We have stated that the PGF converges for all |s|] < R for some R. In fact,
the probability generating function converges absolutely if |s| < R. Absolute
convergence is stronger than convergence alone: it means that the sum of abso-
lute values, Y7 |s"P(X = z)|, also converges. When two series both converge
absolutely, the product series also converges absolutely. This guarantees that

Gx(s) X Gy (s) is absolutely convergent for any two random variables X and Y.
This is useful because Gx(s) X Gy (s) = Gx.y(s) if X and Y are independent.

The PGF also converges uniformly on any set {s : |s| < R’} where R’ < R.
Intuitively, this means that the speed of convergence does not depend upon the
value of s. Thus a value ny can be found such that for all values of n > ny,
the finite sum Y _ s"P(X = z) is simultaneously close to the converged value
Gx(s), for all s with |s|] < R'. In mathematical notation: Ve > 0, Ing €
Z such that Vs with |s| < R, and Vn > ny,

n

stP(X =1z)—Gx(s)| <e

=0

Uniform convergence allows us to differentiate or integrate the PGF term by
term.

Fact: Let Gx(s) =E(s¥) =27, s"P(X = x), and let s < R.

1. G’X(s):% (Z s"P ) Z_;;Z— = x)):szx_llP(X =1x).

(term by term differentiation).

2. /abGX(s)ds:/ab (is@%)(x)) ds:i(/absxP(X:x)ds)

=0

:ZS P(X =z) for —R<a<b<R.
r+1

(term by term integration).
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4.9 Using PGF's for First Reaching Times in the Random Walk

Remember the Drunkard’s Walk from Chapter 1: a drunk person staggers to
left and right as he walks. This process is also called the Random Walk in
stochastic processes. Probability generating functions are particularly useful
for processes such as the random walk, because the process is defined as the
sum of a single repeating step. The repeating step is a move of one unit, left
or right at random. The sum of the first ¢ steps gives the position at time ¢.

Our interest is to find the distribution of 7};, the number of steps taken to reach

Statej, starting at staté
T;; is called the first reaching time from stateto state;.

We will demonstrate the procedure with the simplest case of a symmetric ran-
dom walk on the integers.

Let v — 1 with probability0.5,
‘| =1 with probability0.5,

and suppose#,,Y,, ... are independent.

Y; represents the step to left or right taken by the drunkard at time 2.

Let X, = 0, and X, = ZﬁzlYi for t > 0, and consider the stochastic process

{Xo, X1, Xo,...}.
X; represents the drunkard’s position at time.
Define Ty, = number of steps (i.e. time taken) to get from state statel.

What is the PGF of Tpy, E (s7)?

Arrived!

Y
Xy ig@\jﬁf’%é@* >
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Solution:

DefineT;; = number of steps to get from statéo statej for anyi, j.

LetH(s) = E (s'™) be the PGF required.
Then

H(s) = E
= K
1
2

(
(

{EGE™ V=) +E(E™[Yi=-1)}. &

T01)

S
s Y =1)P(Yi=1)+E(s"|Y; = -1)P(Y; = —1)

Now if i = 1, thenT,, = 1 definitely, SOE (s |V} = 1) = s' = s.

Iin = —1, thenT01 =1 —|—T_1’1.'

— one step from stateto state—1,

— thenT_, ; steps from state-1 to statel.

ButT ., =T_10+ 1o, because the process must pass through O to getfiom
to 1.

NowT_,, andTy, are independent (Markov property: see later). Also, theyeha
the same distribution because the process is translatranamt:

1/2 1/2 1/2 1/2 1/2
1/2 1/2 1/2 172 1/2
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Thus
E (s vy =-1) = E(s'"")
— E(31+T71,0+T0,1)
= sE (s")E (s") by independence
= s(H(s))* because identically distributed.
Thus

H(s) = % [s+s(H(s)?) by

This is a quadratic it (s):

1 1
—s(H(s))* -~ H(s)+=s = 0
2 2
L \f1—43s35 14 T— &2
= H(s) = = :

S S

Which root? We know thak (T, = 0) = 0, because it must take at least one step
. . 2
to go from O to 1. With the positive rootim, .o H(0) = lim,_.g (—) = 00, SO
S
we take the negative root instead.

1 —+v1— g2

Thus H(s) = p

Check this hasm,_ ., H(s) = 0 by L’Hospital’s Rule:

i () = m (50))

_ lim %(1 — %) 712 x 2s
5s—0 1
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4.10 Defective, or improper, random variables

Defective random variables often arise in stochastic processes. They are random
variables that may take the valuec.

For example, consider the first reaching time 7j; from the random walk in
Section 4.9. There might be a chance that we nevemreach statg, starting from
State.

If so, then T;; can take the valuso.

Alternatively, the process might guarantee that we will alwaysreach statg
eventually, starting from state

In that case, T;; can_nottake the valuec.

Definition: A random variable T is defective, or improper, if it can take the value
oo. Thatis,

T is defective if P(T = oo) > 0.

Thinking of ) ,° P(T'=1t) as 1 — P(T = oco)

Although it seems strange, when we write Y_.° /(T = t), we are noincluding
the valuet = ~.
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The sum )%, continues without ever stopping: at no point can we say we have
‘finished’ all the finite values of ¢ so we will now add on ¢ = co. We simply
never get ta = co when we také_,” .

For a defective random variable T, this means that

iP(T:t) <1,

t=0

because we are missing the positive value of P(T = o0).

All probabilities of T" must still sum to 1, so we have

oo

1=Y P(T=t)+P(T =o0),

in other words

iP(T:t):l—IP’(T:oo).

PGFs for defective random variables

When T'is defective, the PGF of T is defined as

Gr(s) =E(s") =Y P(T =t)s' for|s| < 1.
t=0

This means that:

e the term for P(7 = 00)s™ has been missed out;

e Gr(s) is only equal to E(sT) for |s| < 1, because s* = 0 when |s| < 1 so
the missing term doesn’t matter;

e for|s| > 1, E(s”) is infinite or undefined because s> is infinite or undefined.
The function G (s) might still exist and be well-behaved for |s| > 1, but
it is no longer equal to E(sT).
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e By Abel’s Theorem, the function Gp(s) is continuous at s = 1, although
it no longer equals E(s”) when s = 1. (Note that the function E(s”) is not
continuous at s = 1.) In fact,

lim Gr(s) = Gp(1) = i]P’(T =t)=1—-P(T = 00),

1
s1 =0

from above.

This last fact gives us our test for defectiveness in a random variable.

The random variable T" is defective if and only if Gp(1) < 1.

Summary of defective random variables:

The concept of defective random variables might seem hard to understand.
However, you only have to remember the following points.

1. The random variable T is defective if and only if Gp(1) < 1.

2. If Gp(1) < 1, then the probability that T takes the value oo is
P(T =o0) =1—Gr(1).

3. When you are asked to find E(T") in a context where 7" might be defective
(e.g. T = T;j is a first reaching time in a random walk), you must do the
following:

e First check whether T is defective: ISGr(1) <1or=17

o If T is not defective (Gp(1) = 1), then E(T") = G'(1) as usual.

o If T' is defective (Gr(1) < 1), then there is a positive chance that
T = oo. This means that E(T") = oo, VanT) = oo, andE(T*) = oo for
any power.

E(T) and Var(T') can not be found using the PGF when T is defective:
you will get the wrong answer.
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Example of defective random variables: finding E(7j;) in the random walk

Recall the random walk example in Section 4.9. We defined the first reaching
time, Ty, as the number of steps taken to get from state 0 to state 1.

In Section 4.9 we found the PGF of T{, which contains all information about
the distribution of Tp;:
1—+v1—s2
PGF ofTy, = H(s) = * for|s| < 1.

S

We now wish to use the PGF to find E(7Tj;). We must bear in mind that Ty,
Is a reaching time, so it might be defective: there might bessbility that we
neverreach state 1, starting from state Q0.

Questions:

a) What is E (T()l)?

b) What happens if we try to use the Law of Total Expectation instead of the
PGF to find E (T4;)?

a) First check ifly, is defective.

Tv1 is defective if and only ifimg, H(s) < 1.

But limg, H(s) = H(1) = ==L = 1. SoTy, is notdefective, and we can
proceed with findindE (T, ) = lim,_.; H'(s).

H(s) = — s = (s2=1)"
S
1 _
So H'(s) = —s?=5(s2=1) " (-2
Thus
E(Th) = lim H'(s) = Tim | —= + — 2+ | =
WMWY T TS -

3, /L =1
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So (althoughP(Ty; = o0) = 0), the expectation is infinitéZ('Ty;) = co.

b) Using the law of total expectation, conditioning on thécoune of the first step
Yi:

E(To1) = EA{E(To | Y1)}
= E(Tn |Yi =P = 1)+ E(To | Y1 = -D)P(Y1 = 1)
= Ix s+ {1+E(T11)} x 5
= 14 3E(Tn + Tn)
= 1+ 1 x2E(Ty)
~ E(Ty) = 1+E(Ty). So0=1727?

What's wrong? The expectations were not finite, so the lavetafl expectation
was invalid. We can deduce froi(T,,) = 1 + E(Ty;) that the expectation is
infinite.

Note: (Non-examinable) If T;; is defective in the random walk, E(s'%) is not
continuous at s = 1. In Section 4.9 we saw that we had to solve a quadratic
equation to find H(s) = E(s’%). The negative root solution for H(s) generally
represents E(s?%) for s < 1. At s = 1, the required solution for E(s%%) sud-
denly flips from the — root to the 4+ root of the quadratic. This explains how
E(s%i#) can be discontinuous as s T 1, even though the negative root for H(s)
is continuous as s T 1 and all the working of Section 4.9 still applies for s = 1.
The explanation is that we suddenly switch from the — root to the + root at
s=1.

When |s| > 1, the conditional expectations are not finite so the working of
Section 4.9 no longer applies.




