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Chapter 4: Generatmg Functions

This chapter looks at Probability Generating Functions (PGFs) for discrete
random variables. Probability generating functions are useful tools for dealing
FN N N AN

With@) and_ql_iTI_nEiE of random variables.

By the end of this chapter, you should be able to: - QJJ \Q\Q
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
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{ ' z --. —
This formula proves that >~ P(X = z) = 1 when X W)'
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The Binomial Theorem proves that Y _ P(X = z) = 1 when X ~ Binomial(n, p):

P (X< ) = (_ﬂ} rx(lﬂ‘a)”* aﬁor X =0,1,..,n.
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3. Exponential Power Series
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This proves that > o2 /P(X = z) = 1 when X ~ Poisson(\):

P (X =) - ,}5_6* for %=0,1,2, =, So
2 P(x=) = 2 %\?@ S et
=0 W=0 ’ n=o0 ’

- e“)\ €>\
oM =% - 1
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Probability Generating Functions =0

J
— = 5% Xz 2-9)Pf-1)
The robabilityvgenerating 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 Jlew 4
X and Y are independent. In general it is difficult to find the distribution Off]:noor\vw
a sum using the traditional probability function. The PGFE transforms a sum = jeat.
into a_product and enables it to be handled much more easily. Indep

P T E(F) FE(sXYY = (X)) = BE(X)E(Y) =6y l)Gr ()

Sums of random variables are particularly important in the study of stoch
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 distri-
bution. This is generally tedious and is not often an efficient way of calculating
probabilities. However, the fact that it w_demonstrates that Hee

POF Fdhs ws M/UJH/J-S Hre 5 1 Raow abod o AsfAiLubon .

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
SRR R

GX(SE = LI_(SX) él_ ~ Seﬂa ﬁrwwwm%unveoeg,

Calculating the probability generating function I
Lo
—_— X '
C;X (s) = HZ[S ) = L s W)(X:ls
H =0
A
Properties of the PGF': QX(S)i 5

Gx (O) =

1. Gx(0) = P(X = 0):
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2. Gx(1) =1: QX (ﬂ,) = Zi.; j_x ,P(X:x) = ij ]’P(X:V(} = 1.

Example 1: Binomial Distribution VUD Copamon encam Q ‘¢

Let X ~ Binomial(n,p), so P(X = x) = " prq" " for x =0,1,...,n.
x

Lhrkiy rom fe prot kTl £ ipn, Find G ()

e don't sk He Forammla Sledt 0n e £xam f‘\f*f .f

Gy () = E(SX):i P (X )
SOy vl
i(@()(ﬁsyx n-x

= ([3_5 +7/) 5\9 @)/\nm?;l TELMKM«\'. 4‘%%"/'

8M5

Gy (§)= G)J Jrﬁ/\n
@lk Ya ]R _

X ~ Bin(n=4, p=0.2) oM S € IQ .
Check Gx(0): < \ T
qy(o\: (P*O Jﬁ?/\"‘ Aﬁ
= 5{/"\ . © ;
= (l=p) .
- |P(X = D) \/ -20 -10 0 10
Check Gx(1): s

(D)= (pr 1 +1)
= (p+g)Y

= i"‘
=1 /
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PCF) Gy C) :E(SX) aﬁomu Se R afaf Wha diy o ConVerges.

Example 2: Poisson Distribution

T

A
Let X ~ Poisson(\), so P(X =z) = —'e_A forx =0,1,2,....

Gy (9= E(XY = S s Px-d)

= " S 0S
- 9‘/‘)
F”’ww)\ i
¥
X ~ Poisson(4) -
Gx (<)
° N9
-1.0 -0.5 0.0 0.5 1.0 15 2.0

S

Example 3: Geometric Distribution/’x, &NW Lr‘ﬁ*"" ¢ Aoy Smecess
Let X ~ Geometric(p), so P(X = z) = p(1 — p)* = pq* for z = 0,1,2,.. .,

~ @ = —
CI\X (&) X~-Geom(0.8)>< a OM( P S )

G(9) to infinity f

So 97¢
IS

1
Eor |s|<7/

—

| as long s las] < 4

=5 is a prasalility (921-p), 50 9 >0
So wq;kuk | <| \2 1/9, . v



R
-
NEW ZEALAND
73

S P(Xen) <
KjMUW\‘a

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,
Jrven O’\\Lj fle PQF) Qx (s) = E(SX)) e can ecovu ol H

Prolade iU e P X =) for all L.
For shorthand, write p, = P(X = z). Then

Y Y / / ‘L
“‘ng(guE(SX);%pxs = (3 +p S +Pgl+\033+‘3gtr
=0 ) ‘ B 3 "
‘l'f\,vw

s P, = P(X=0) =04y (o). Phkpsrfv:\iia +m

First derivative: q; (g—) - P,‘ + Q_F < -|-3P S 4 4_') 534_"‘]
o r

2

e

T po= [P(X=1)- Gy (0) = 40

)

£=0

Second derivative: Cl‘)(” (53: 2‘{’1 L (3*1)'0 PN (4;;#3)‘3 Sl+,--_
— WMV 9 ¥

e g, - Pl - [l ) - 4 8

pa O{\SL

S=o0

Third derivative: qu (&) - (3*2*]> P 4 (Q*B* Z)P S + ...
A~ G,

L
3[ 0(83’

Thus [93 = F(XZBU: gl—qum(0> =

S=0

In general:

fo-POGA) - 560 L L6
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Example: L¢t X be a discrete random variable with PGF[Gx(s) = 2 + 357)

Find the 1str1but10n of X. ¢ Hy rmolq o L Res-

LG, (0)- P(xe0) = O

-it Ctx (0) = P(X'D - %

> (o) = P(X=2)=0
qu(S): —L;-g-_- o _L.Qm(o)—?x 3) BLTS'g Z

() .
X (5):’00601‘4‘24;,, \rl ()() fP( ):O m.l.{
-~ 0@ >
LoX = % Lowtpmt ¥s "
Uniqueness of the PGF 3 Wil el 3w

1\ )y
The formula p, = P(X =n) = —'> Gg()(O) 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 unique 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 {{yq froo ardonn

Vvt Ay have Ha sarme AistAnbion.

Another way of expressing this is to say that flw PQF aa— X t s ws ,buz,\rj |’L“‘\,5
Here S l”o [Qf\ow P\-Laou’\’ H/JL A;S’l‘f:rL,u\,HaA cré, X
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E (X) Z P(x=) - jm X

X~ Poisson (>\\ YNPo’Isso/\(/,\)
POXere2) = B, § P(Xey - 7] Cj,if,
- ; IP(XP(:E | \r{j) @(Y::D
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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 maan | veiance, ek

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

LOE(O) = G (1) = 45

=1 .
k
2 ('Q\ A
ES X (x-)x) .. (x- mg Gy O{j;
2 ' S=|
€9 E{ X(X—QB = Qx (1) - A Gy
=2 0(51 S=.
Proof: (Sketch: see Sﬁﬁwmore details)
N C{ (g\ z_‘o M_QS‘*’\’J"’S?,) X ~ Poisson(4)
/ ooxro o / ;%:j%kpg'@
So Qx('qﬁ Z%Sl']P .
W =0 2 o
\ / = ~
g Clx (i\:Z-IP - EX O -
9 G@(s):dk%“) = Y @ -1z -2)... (¢ —k+1)s""p,
so GY(1) = Y a(@-1)(=—2)... (s —k+1)p,

— E{X(X—1)(X—2)...(X—k+1)}. O
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Example: Let X ~ Poisson()\). The PGF of X is Gx(s) = e’*~Y. Find E(X)
and Var(X). X ~ Poisson(4)

X~ Prseon (/\)

Solution:

E(X)- 6 (1)
Now QX (S):6X(5~13 :@MFX;QMQHX N
S Gl () =220 g e e

| J
E00- /(0 -2 e o T O

or VDJ‘(XX , ConSidas
E% X(X~|\\g = Clx M—)

©

<

G(s)

’L )(S l\l

§=1 = A

80 VM()(): E%XE (H:X) /
] EFX(¢N+X)
= E(X(x-0) + EXO) - (ExY ~ £ /xe
Y - £,

= X
4.5 Probability generating functlon for @@en’c} V.S

One of the PGF’s greatest strengths is that it turns a sum into a product
Lo\j( ab) =

E (S(X1+X2)> =E (5X15X2> : . (aJL,

w~ oM ce”pt

Naansr

This makes the PGF useful for finding the probabilities and momentsz#
ond 2bpecially, fle wlolt Ausbabnbm, ot a Sum of TNDEPE NOENT
'K A Oran Vam ﬂJvLQ 9,
Theorem 4.5: Suppose that X, ..., X,, are tndependent random variables, and
let Y =X, +...+ X,. Then

GY () = TE GXL(S) -

e BT - G (9 = G (6 (9 G (9= T ES)

IS\
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JE( S><.+....+><n>

JE(SY' K SX“) alwﬁgs

= E(SX')E(SXI)_-‘E(SX") Lj_‘ji“"(”fm""“

= WG)(L (Q X \fb?/w‘me”’f ]

(=)

i1

Proof: Q\( (SW

N

Example: Suppose that X and Y are independent with X ~ Poisson(A) and
Y ~ Poisson(u). Find the distribution of X + Y.

Solution: C;X (s) = G, (D Go(s) by i _
+yY ) x}\(m) Y/“ o Y Mu,r
- e e
o\j_f oS
:7@{4»%5 anl el /L\aw QO&/VIXS_])

81/\)( s s H»{ PCUC od— ﬂ,{ po?SSaA (kﬁ-/v\) «/L:Jlf.f\) So (9\9
lA/\]’,/UAI/\LS_S ﬂa’ PQE) X4Y ~ Po TS,SO/\()\-L//\) |

14 q; c ks /L\ow

4.6 Randomly stopped sum (pn QW pma s - _

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 + ... + Xu.
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.
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In Chapter 3, we used the Laws of Total Expectation and Variance to show
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 ol AstAL wl=on oa— T

Theorem 4.6:

Let X1, X5,... be a sequence of independent and identically dis-

tributed random variables with common PGF Gx. Let N be a random variable,
independent of the X;’s, with PGF Gy, and let Ty = Xi+.. .+ XN 1= i1 X
Then the PGF of Ty is:

GT; () = CN(QXM> . Knews foss

Proof:

|

L.o.T.€.

Prook

G (= E(W) - E(.$X.+Xl+-..+><mf’_“\wmﬂ{m

N

%Lm
N

= B, {EGTT )

Qo cond hon on |\

Eoecowuﬁc x‘,xv} - E\; g U:'—(wa-wxm)l e N is ongiheed

indp¥ + N

Fxed n He e §-F

E EEE . B byt

G G T G X

R ETIR E, (£")=6,,(9
b N
i QN(QX“’} (0{%“%%&3

e €26, (9))

]
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FExample: Let X, Xg, ... and N be as above. Find the mean of T).

E (T, G- C (1)
G, (e (D)) 6/ (1)

O, (0= 6y (6:0) G, © =61, (50)¢!

L/-uyvu— T
- IE (X Lo to ,
i r.v.:jx (ﬂ ( -) [LW o A@

=0, (D) EX T ey
:(ﬂ;]\)) (EX\ o Seme answom g In CLL2

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! )
N vi¢iks

Let N be the number of times the heron visits the pond
during the neighbours’ absence. Suppose that N ~ Geometric(1 — 0),
sow forn =0,1,2,.... When the heron visits the pond
it has probability p of catching a prize goldfish, indeWs
on any other visit. (This assumes that there are infinitely many goldfish to be
caught!) Find the distribution of D

T = total number of goldfish caught.

Solution: Ldﬂ X - 1 ;(f- haron eabdbas & Ef’“\ﬂ" onvisik

0 oHwwise
_ITM_/\ T = X +X1 T X (FMAOM\lj \S}aﬂg,uk SW’V\).
Se (=G (qx(q) Newe Ko i of T 7

N v J:b (‘”MAO’"\ Crwmbfhf) c & v v .- N = j‘a'-
= A canghl /Ui o 1 41 0 4 -

T:Mﬂ\ Hpncangts T = 0 4 (41 4 041 on His oxample .
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Q\
G
N
fﬁ
~
[V3)
>
P
[
S

= 4ok (l-p) + s p q
ax(6) = L-p +ps. KBl )
Ao, G (r) = i P (N=n N~ Geam( 1-9)
N n=o ) ]P(f\]:/\\: (l:'ﬁ’)%’n
= > 7 (-9)% nETh -
- (1-9) f;(@r\“ CiesrmetAc Sefhes
[
(l"_B) [~ o oS {.0/\30\:9 '%’r‘ <4
o G (r\ = v : ®

\—Dr

Now G (s = G, (@(ﬂ) Ly Reh Shugped S Tom bt
[FVJ( \ -Qx(s\]

| — O :
. N L, w}H« Y_:G (\S
ENARNEY “—r_‘_‘m v O x (9
- 1-9 nora Gy ()= [=p+pr aboyg
|"®”€l—|§+f>§j \/‘\j * (e
E -9 ) attade T tiade |- & +9p, st
l-%-rc&f_%f,_q F£SC&~4LL+‘ 1.

Couhd Has Le Cl{,omdr%c’7 Ts G- (s) = I-m aﬁorSDM&Tl?]
1_(]& So , fun NQUM - T) |- T

(- %r)/{: o +9p 3 Divide avuyliy
{oD |——°B’+CDIA

| D+ ©
pow 1 ¢ g W l—~‘8’+‘5’f
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[}y (u'_\/ &

(-9 +D S Hus ,.I__
( |- T <
- +9p £or Some T
La% T = _EEL_ﬁ_
I—% +%p J,
Tlen \=T = |- T Fop - 9/9 = -v = Nwurafor
=+ op |- D +9p @

C\FMI go C[T (gj _ (— 77
\— T "%‘4'%‘3

Tlos is fhe PGF t Geom(1om) diha, so [OJ INTINPIRY
06' PQE) e ' ve f)/\ovd

~ Cl Lory ke ( B T)
{" [ ~ CIQO/‘M/T“Q
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. PGF's are very useful for dealing with sums of random variables,
which are difficult to tackle using the standard probability function.

l——%ﬁ)(s

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

e Let N ~ Geometric(1 —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);

o Let T'= X1+ ...+ 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 7" 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 Fa\!‘}-n Ron svu a{/.‘“ﬁ,fy\,k Vedes Dar N

P(T=¢) = Z P(T=¢ IN="YP(n=mYy @

N=o0

Here, we are [MCIQ J 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
o k]

[T,N:/\] ~ @]/\oM‘]J(n) 0())

For most distributions of X, '1V WOV\\”\ Le A Q"M* o/ ”"’LP933 Ll JF
wﬁ)ra a{aw/\ o S)Mfu do&ﬁ)\-’(g—or‘m WF/‘E&SioA gpf t (N r\)-

we would have to use an expression like

t—x1 —(x14..FxH_2)
P(Xi+...+ Xy =t|N=n)= ZZ 3 {P(Xlle)x
Ir1= OIEQ 0 $n71=0

P(Xy = 2) X ... X P(Xp_1 = 2p1) X P[Xp =t — (w1 + ...+ 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

HP(T:ﬂN:n): (?)pt(l—p)”_t fort=0,1,...,n

Continuing from (x):
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= ...7
AR

As it happens, we can evaluate the sum in (xx) using thefact“that Negatlve

Binomial probabilities sum to 1. You can try thls if you like, but it is quite

tricky. [Hint: use the Negative Binomial (£t + 1,1 — 6(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. ;

l/\lxﬂfx.ov\j( N'}:j HAQ PCLF e l/wwﬂ. 7L'wo /V\.&L\jjof' 0&4&;10\/\““%

U
1. (-/JF;J’:O Aown (P (T:k (f\):/\} ‘
2. E\/&L»J\H,\\D R Slw oV N A @

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)

s L
Probabilities: P(X =n) = HG%)(O)
Sums: Gx+y($) = G)((S)Gy(s)
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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 w) will work for all non-defective random variables X.
—I<s <1
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. G (9) /P"“' ! !

conv 34 ‘ div.
‘[Q o + ’Q
(No general statement is made about what happens when |s| = R.)

—

> S

]Q: ”("\A/“"“q 16, N

Fact: For any PGF, the radius of convergence exists. (o Auu-f)mcﬁf '
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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ﬁin Section 4.2, A OJ( HN\£ Oﬁ ~ PF_ : !

%) = ]__7/3
Gx(s) =) s%(0.8)(0.2)" = 0.82

=0 =0 ——

0.8
= for all h that0.2 1.
[ —ogs rorallssuchthaf0.2s| <1.

AT

This is valid for alls with |0.2s| < 1, so it is valid for alls with |s| < 55 = 5.
(i.e.—5 < s <5.)

The radius of convergence is= 5.
L

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. S

CL (D Geometric(0.8) probability generating function CL () = 4
G(s) to infinity f =

b~ oA C‘X (Q

o kg

( -5 J 0 S >S5 s )
Radius of Convergene

Tlonle
@thls regio p/(l q )remalns finite and well-behaved, Ja, — GC(Q ol ~
but it is no lon ual to B{( -
' %WMA cyﬂj ﬁ’f)r_f N HAL troan
At the limits of convergence, strange things happen: v S= -G

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

ql\ continuous and passes through 0.4 when s = —5. However, when s <
( ‘J\Dj(o"b —5, this function no longer represents Gx(s) = 0.8 > (0.25)", because
v o ]0.2s] > 1.
GQN\ Additionally, wh = =5, Gx(=H) = o o(=1)* i
y, 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:
lin}) Gx(s) =04 # Gx(—H).

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

FExample 2: Binomial distribution /j

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

AS in Section 4.2,

Gx(s) = zn:S“’ (Z)pxq”_x

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

This is true for all-oo < s < oo, S0 the radius of converge%ceﬁﬁ 00,

Abel’s Theorem for rigorous proof that E(X) = G- (1) =)

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

lim G (s) # Gx(~5).

Abel’s theorem states that this sort of effect can never happen at s = 1: that
is, Gx(s) is always left-continuous at s = 1. So Lor kst Q

lg%lllGX(S) = Gx(1) always, even if Gx(1) = oo. R = rading _,6,

DAV UBAL
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Theorem 4.8: Abel’s Theorem.

0.9]

Let G(s) = Zpisi for any po, p1, p2, ... with p; > 0 for all 1.
i=0 /wfw

Then liTI{l G(s) = Zpi = G(1), whether or not this sum is finite.
° 1=0

—-7Wa{'?nm*d OLJf' N

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. For any other value of R, we
can not be sure that the PGF will be continuous at the s ==
lower limit —R}

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

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

(e.¢]

GX(S) = Z Sxpxa

=0

o0
SO Gy (s) = Z rs" ', (term-by-term differentiation: see below).
=1

Abel’s Theorem gets us to the next step:
lim Gy (s) = G%(1)

/ _ o0
N é,;ﬁ\ \:)L.mo '~ E(X) Gy (1) wihefined .

because Abel’s Theorem applies to G’y (s) = Y o xs* !p, and therefore proves
that G’y (s) is left-continuous at s = 1. (Without Abel’s Theorem, we could not
be certain of this whenever the radius of convergence is R = 1.) Thus overall,
we can be confident that G’y (1) exists and is equal to E(X).



THE UNIVERSITY

bo / bo o OF AUCKLAND \
G (5) - ;ﬂ S GO Tas M@
- n=0

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, "7 |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 ng 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 J

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 =), and let s < R.

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

(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.
+1

(term by term integration).
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4.9 Using PGFs 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 ¢.

ﬂr\\ Our interest is to find the distribution of Tj;, the VIMML{F 867 S]'Efu taleen £
(tadn Stafe s)mrlmifj o stte

T;; is called the fﬁmt rgawtj Frime %M 3}1,1»@ L ‘{'a stete \) )

We will demonstrate the procedure with the simplest case of a symme‘gran—

dom walk on the integers. e
P( fL(H'): J~
Let tbe o0ne -step V.V, JoQ_ ( r ¢ 13 . FL
—_— F dzo &P [P(ﬁowr - —%’

YL - {___, WIS fvoL :J_;_
Lok 0 ¥a o be tdey | P A

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

LE/{’ Xo =0 onk X& Z_Y aﬂ)r é>o
Tee stochodhc process i %VL& Ko, oo}
X, represents the drunkard’s loosihox\oai[f '{—: " z_ /.t - :

Deﬁnez-gl: :’#j}—% talron o W?‘/\DM Srafe O to State /_[_ ;

What is the PGF of Ty, E (5T01)? X“] = |

Arrived!

X,=0 ¥,7 | X=X =0 :

TASY (,\,Jg
J = ﬂ:s)l‘e_,fj to F(RIT Vead 4 Place to Le,({,l( . :Si—; %Urzit mlw

Lk soome oSt ﬂl«wh”\
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Ly T Le & Cu, ;j‘wf“cﬁ fﬁ:@hfu to \7@5 0N flkbt +o rlJL\L-)
8’!7"\’\0 m\ij»U‘e. (e. j«vm-&]’«*t % fo G\}W{'C ’7(~’r|\.

So T, ~ T “To s dishAlubd as T

So E{ST"'\ = E(ST)_ Py € FI_U\MLSGMLJQ&]‘,
O ELEY e PP T Gr )

Solr\ S}'UB leQ/ ((/QM yow uf;)rc A AU{*/EXWV\B
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- (/ *wo More ]'NL{D( f‘“ljjmod
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4.10 Defective, or improper, random variables

\

Defective random variables often arise in stochastic processes. They are random

variables that M@ talee e vele oo |

For example, consider the first reaching time 7j; from the random walk in
Section 4.9. There might be alchance that We Ao yrady Si-hk'c, J g‘l—zfi—i@
é)/bf"\ \S\F’Vh, Lo POSJhUL

Ifsothen_r CM*‘A-D/LLM l/alMLDO_

‘)
Alternatively, the process might guarantee that We Wil alw Vead- Sttt
. wednally, shrbing roam state U S

can NOT 1“&0/&4’[,\& valre 290 .

In that case, '_)-l .
J

Definition: A random variable T is defective, or improper, if 1~ can 17"('”-& fle

T p{L&QO":UQ ‘;&_ F(T:(}OB > O .
/Kmoﬁ' > H

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

Although it seems strange, when we write S°° P(T' = t), We are NOT
N ading He w&u\&, £t =00,

T o s Lo 5 Gt P(Te6) Wi coainnons af =)
sty ¢=0
({’ H«L {f Do J’Umu o/wtreag !:w)r /{A.rcw\b/\l«.otg Qyﬁrs mdp\plu\,
=0 for Isl< | ad 82°=4 for 5=,
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The sum@ontinues without ever stopping: at no point can we say we have

‘finished” “at-the finite values of ¢ so we will now add on t = oco. We simply
s

ﬂwofji){’ o £ =oc Wk e tebie g
=0
For a defective random variable T, this means that

f_ P(T=t) < 1

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

All probabilities of T" must still sum to 1, so we have
o
L= ZP(T=0 + P(T=00)
=0
in other words

i;ﬂ)(m 4 - P(Tew)

PGFs for defective random variables

When T is defective, the PGF of T' is defined as
it
_ Ty _ _ t
Gr(s) =E(s") = E P(T'=t)s" for |s| < 1.

t=0

o
This means that: QT (1) = Z }P(T: b = j_— f(r:%
t=o
e the term for P(7" = 00)s™ has been missed out;

C\T‘{i\:l e G7(s) is only equal to E(s) for |s| < 1, because s* = 0 when |s| < 1 so
r‘&_ the missing term doesn’t matter;

' fb/\or,(; e for |s| > 1, E(sT) is infinite or undefined because s* is infinite or undefined.
oo The function Gr(s) might still exist and be well-behaved for |s| > 1, but
it is no longer equal to IE(ST).l

——-——_---——'_'é i

1 S5
/ . B :
v > I .
Or (9= (T Isle) E(sT) infinibe or mndeffined
Conhanous, wul-Aefine (S|>1
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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 G (s) i]P’ — P(T = o0),

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 QT (1)< 1.

;
not <L
Summary of defective random variables: ( ie. Mg’g - 4 A,‘sc,ox\hf\m in EC 5-)

= |
The concept of defective random variables might seem hard to understand :5 oL
However, you only have to remember the following points. af T’f%.

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

2. If Gr(1) < 1, then the probability that T takes thejue 00 18

[P(T=2) = L= G, (1)) —(Lewn

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

following: not du%co{-, ve /lzz‘{—(/ ez

e First check whether T is defective: is ( jD =1 or G-(1)L |

o If T'is not defective (Gr(1) = 1), then £ (T7) = Cl; (1) as nSted -
o If T is defective (Gr(1) < 1), then there is a positive chance that
T) oy I = oco. This means that ET =00, VGJ“(T) AnA

—

— &
Vor () = o= E(T") 200 o any prue o
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(7p;) 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 Tj;: /
1- [1-<"
PC.Fagr T,, = H( = \/:\_ fr |s|< 1.

We now wish to use the PGF to find E(7(;). We must bear in mind that T;l is

n Cradn 1~e, o b M“ﬁ\,& Le a&Lde_dﬁve " Hewre gt Le

o faoSJ”.L.i thy k' we never Cead, strake 4 Shfﬁf—:j
from stre O

Questions:
a) What is E (75;)?

—D b) What happens if we try to use the Law of Total Expectation instead of the
PGEF to find E (T()l)?

T,, s &@{Lulfiue, ok by i Lim H) < 4

Bk fim H()= H(y= LI
st 1 1

Se T, is NoT Aefechve Se e can proceed witia f‘%@
E(TM\ = ;Lr‘\""t H/ (‘S} :
sT

\
|
N
n

S'L.

—$T - Jz-, (Svl—\j”l (~15*3>

So E(TO,):}{/{MH(/Q: Lo T~ \
sT s’Mi ?L+ 53,_;_{_\‘3:%.

Now  H(s) - D= o MRS SLLZS‘"‘LI\\S

So H(
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So,tvm\’kovlf\ [P(To,:m\:o) Hee

) R N o €.a. 8 0l
Upecksion I infinter E(TY=00 | pi RIS
g uSL [ .o.T.E, C.OADU\H@/\:ﬁ o~ e (P T’(’) J&ZEJ?
@lA’COMQ 9’6’ M 6“"5} S}tf) o Conv s

\,/)3 bt @(T)riﬁ??(T:t):leZJl’é
‘ t=o Aiv _
I uau

[P - BTN )

. |
L+ s {ﬂ-HE'f":.,ﬂ’*L I
} AT T

_LL ll + %ﬂ:((al)nLﬂ:_( \3 o« A
E(Tom . E (T J}
O = | 77 No, beeaste E(To, ) mudk Le oo .

We can Atdince df“""" E(—‘:.) = L+ E(T.)) twt E(To.\:‘%)
le,ecpw\g& L .o T E. o/b P\f(;,l,‘\‘g A 0/}_,ﬂ‘l+c e/,(fgof—z\ﬁa/g)
Qo fle Coakmo{/loh‘oq O =" LY VS JEF(’T},) -

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(s4) sud-
denly flips from the — root to the 4+ root of the quadratic. This explains how
E(sTi) 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.

E(To\ = EY {LE(—[T’*

"

A

+

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

E(s™)HE = DIE g pgcy 89
—_ ~ ‘S ~ _ 2o
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