Elementary Discrete Probability R. Inkulu

Events and probability distribution

An experiment is a procedure that yields one of a given set of possible outcomes. The sample space of an
experiment is the set of possible outcomes. Each outcome in a sample space is also known as a sample
point. A sample space is called discrete if it contains finite or countably infinite sample points. The
discrete probability is the field which studies the probability theory when the sample space is discrete.

Any subset of the sample space is known as an event. Each sample point is a simple (indecomposable)
event; otherwise, it is a compound (decomposable) event. Further, an event that comprise no sample point
is denoted by ¢.

For every collection F, F' of events of a sample space .S, event E/U F’ consists of all the sample points that
are either in F or in F', event F2 N F’ consists of all the sample points that are both in £ and in F', event
E consists of all sample points that are part of S but notin E, E C F denotes that all sample points of E
are included in I, etc.

For a discrete sample space S, consider any function p : S — [0,1] such that )~ _p(s) = 1. Then
p(s) is said to be the probability of sample point s. Further, the probability of any event F is defined as

Zsample point s€E p(s). Note that p(¢) =0.

The function p is called a probability distribution over the sample spce S.

If S is a finite nonempty sample space of equally likely sample points, and F is an event, that is a subset
of S, then the probability of E is p(E) = I%' The uniform distribution assigns the probability |—é| to each
outcome in the sample space .S. When the probability of choosing any element from a sample space S
is equal to the probability of choosing any other element of S, then the elements are said to be chosen
uniformly at random.

p(E) =1 - p(E).

- proof: since |E| = |S| — |E|, p(E) = [SI-1E]|

[S]

. . p(A) . p(A)
The odds ratio of an event A is (D) that is, (A"

If E C F then p(E) < p(F).

Inclusion-exclusion principle: p(Ey U Ea U ... U Ey,) = 3300 p(Ei) — 325 o5 (Eiy N Eiy) + ...+
(=) Y cipenci, DBy NE N 0B )+ 4 (1) p(Br N Ey NN Ey).

Union bound (a.k.a., Boole’s inequality): p(U,~q Ei) <> ;~1 p(Ei).
- proof: from the inclusion-exclusion principle

Two events 1, Eo are mutually exclusive (a.k.a., disjoint) if they cannot occur at the same time, that is,
p(E1NEy) = 0. Hence, for any finite or countably infinite sequence of pairwise mutually exclusive events
E1, By, Es, . .., Boole’s inequality reduces to p(|J,~; Ei) = >_;~1 P(Ei).

Typical pipeline of problem solving: find the sample space (tree diagrams help in understanding the
sample space), define events of interest, associate probabilities to sample points, and compute event prob-
abilities.
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Conditional probability

Let H be an event with positive probability. For an arbitrary event A, the conditional probability of A on
the hypothesis H (in other words, for a given H) is denoted by p(A|H), and is equal to p(;?i%[). That
is, the subsample space H becomes our new sample space with probabilities proportional to the original

ones, and p(H) is necessary in order to reduce the total probability of the new sample space to unity.

The conditional probability p(B|A) is called a posteriori if event B precedes event A in time. Otherwise,
it is called a priori.

Product rule of conditional probability: p(AN H) = p(A|H)p(H).

Generalizing the same yields, p(F1 N Ea N ... N E,) = p(E1|Ea N EsN...N Ey)p(Es|EsN...N

p(AU B|H) = p(A|H) + p(B|H) — p((AN B)|H).

The law of total probability: Let Hy, . .., Hy, be a set of mutually exclusive events that partition the sample
space, then for any arbitrary event A, p(A) = > ", p(A|H;)p(H;).

- proof: since p(A) =377, p(AN Hj)

Bayes’ rule: Let Hy, ..., H, be a set of mutually exclusive events that partition the sample space, then

for any arbitrary event A. Then, p(Hg|A) = %.
j J J

- proof: since p(Hy|A)p(A) = p(A|Hy)p(Hy), and due to law of total probability
Corollary: Suppose that E and F' are events from a sample space S such that p(E) # 0 and p(F') # 0.

_ p(E|F)p(F)
Then, p(F|E) = S G5 u(®) 10 B E(E)"

Let S be the set of balls in a bin and for every b € S let p(b) be the probability of selecting ball b from
S so that Y, «p(b) = 1. A random sample S’ is a subset of S, wherein each ball in S’ is chosen
according to the probability distribution function p. When the ball selected is not returned to the bin
before the next ball is selected then this sampling is termed as sampling without replacement. Typically
the probability of selecting a ball from the bin changes from one iteration to another. Otherwise, if the ball
selected is returned to the bin before the next ball is selected then this sampling is termed as sampling with
replacement. When compared with sampling without replacement, sampling with replacement is often
simpler to code and the effect on the probability of making an error is almost negligible, hence making it
a desirable alternative.

Two events A and H are said to be stochastically independent (or, independent) whenever p(A N H) =
p(A)p(H). For two independent events A and H with p(H) # 0, it is immediate that p(A|H) = p(A). In
other words, A does not depend on the occurance of hypothesis H. However, the definition of independent
events is accepted even when p(H ) = 0 (in which case p(A|H) is not defined).

If A and H are independent events, then so are A and H, H and A, and A and H.

- proof: immediate



We know, for any two disjoint events A and B, p(A N B) = 0. However, p(A)p(B) = 0 only if either
p(A) = 0 or p(B) = 0; that is, disjoint events are never independent unless one of them has probability
Zero.

* The set S of events are said to be mutually independent whenever for every subset E, Ef, ..., E/, (with
2 < m < n) of events from S, p(E}, ES, ..., El) = p(E{)p(ES) ...p(EL,). Intuitively, probability of
each event in S is same no matter which other events has occurred. For any mutually independent events
E4, E5, and Ejs, the following are mutually independent as well: Ey U Eq, Eg; Fq U Es, Eo; Eo U Es, Fy.

The events F1, Fo, ..., E, are said to be k-wise independent whenever every k-set of these events is
mutually independent.

A set S, with |\S| > 2, of events are mutually independent = S is k-wise independent for any fixed integer
ke [2,]5]].

A set S, with |S| > 2, of events are k-wise independent for some fixed integer £ € [2,|S]] # S is
mutually independent.

Random variables

* A random variable is a (total) function from the sample space of an experiment to the set of real numbers.
That is, a random variable assigns a real number to each possible outcome. (Significantly, the random
variable is a function, it is not a variable, and it is not random as well.)

Let X be a random variable and let z1, z9, . . . , be the values that it assumes. The aggregate of all sample
points on which X assumes a fixed value x; forms the event that X = x;, and the probability of this
event is denoted by p(X = x;). The function p(X = x;) is called the probability distribution of random
variable X or the probability mass function of X. Clearly, V;p(X = x;) > Oand >, p(X = z;) = 1.
Typically, probabilities are associated directly to the range of X.

For an event that either happens or does not happen, the former with probability p and the latter with
probability 1 — p, an indicator random variable (a.k.a., Bernoulli random variable) is a random variable
that is equal to 1 if the event happens and 0 otherwise. That is, an indicator random variable maps every
outcome of the sample space to {0, 1}.

* Consider two random variables X and Y defined on the same sample space, and denote the values which
they assume, respectively by x1, 2, ..., and y1, 2, . ... The aggegate of sample points in which the two
conditions X = z; and Y = y;, are satisfied forms an event whose probability is denoted by p(X =
xj,Y = y;). The function V; ;, p(X = z;,Y = y;,) is called the joint probability distribution of X and
Y. (This defintion can be extended to more than two random variables by obvious means.)

Clearly, V; . p(X = 2;,Y = y;) > 0, and Zj’k p(X =z;,Y =y,) =1.

The p(X = z;) (resp., p(Y = yy)) is called the marginal probability of X, to denote that there are more
than one random variable is involved:

* Forevery fixed j, > . p(X =z;,Y =y) = p(X = z;).
* Similarly, for every fixed k, ij(X =z, Y =y) =p(Y = y).



* Let X = x; be an event with positive probability. The conditional probability of event Y = y, given

. . Y=ypNX=a;
X = x; is denoted by p(Y = yi|X = x;), and is equal to p(p(y)’g—;j)xj).

Two random variables X and Y are said to be (stochastically) independent random variables whenever
Viep(X =2; NY =yp) = p(X = 2;)Y (Y = ).

A a set of random variables X7,..., X, are said to be pairwise independent set of random variables
whenever for any pair 4, j and any values o and 3, pr((X; = a) N (X; = B)) = pr(X; = a)pr(X; = B).

A collection of random variables are said to be independent and identically distributed (i.i.d.) if each
random variable has the same probability distribution as the others and are mutually independent.

* If X, Y, Z,... are random variables defined on the same sample space, then any function f(X,Y, Z,...)
is again a random variable. Its distribution can be obtained from the joint distribution of X, Y, Z, . . ..
Expectation of a random variable

* The expected value, also called the expectation or mean, of a random variable X on the sample space S is
equalto E£(X) = > g p(s)X(s). (We assume this series converges, and hence X has finite expectation.)

If X is arandom variable and p(X = r) is the probability that X = r, sothatp(X =r) = ZSESX(S):T’p(S)’
then E(X) =}, ¢y (g P(X =71)r.

- proof: p(X = r) is the sum of the probabilities of the outcomes s such that X (s) = r
If X is a random variable with a uniform distribution on {a1, as, . .., a,} then B(X) = @td2t...4an

n

* The expected value of an indicator random variable I for an event is equal to the probability p of that
event.

- proof: E[I] =0-p(I=0)+1-pI=1)=pI=1)=p

* Let X be a discrete random variable that takes on only nonnegative integer varlues, Then, F[X] =
Zz?il p(X >1)

- proof: 3772, p(X > i) = 3772, Zjoiz p(X =j)= Z;i1 22:1 p(X =j) = Zjoi1 Jp(X =j) = E[X]

e Let X, X1, Xo,..., X, be random variables on S. Then, the linearity of expectations says the following:
@EX1+Xo+...+ X)) =E(X)) + E(X2)+...+ E(X,),

 proof: generalize the following, E(X1 + Xa) = 3, p(s)(X1(s) + Xa(s)) = Doeg p(8)X1(5) + Tac p(5)Xa(s)
(b) E(aX +b) = aB(X) + b, and

- proof: B(aX +8) = X, e p(8)(aX (s) + ) = a5 p(5)X () + b g pls) = aB(X) + b
© EQC, aiXs) = > a;E(X;) for constants a1, as, . .., an € R.

- proof: from the proofs of above two propositions

* Let X,Y be independent random variables. Also, let f, g be any functions. Then, f(X) and g(Y") are
independent.



- proof: pr((f(X) = a)(g(¥) = b)) = pr((X € f7'{a})(Y € g7 ({t}) = pr(X € f~ ({aPpr(Y € g7'({t})) =
pr(f(X) = a)pr(g(Y) = b)

e Let X, X1, Xo, ..., X, be mutually independent random variables defined on the sample space S. Then,
E[H?:1Xi] = H?:lE[Xz‘]-

- proof: for pairwise independent random variables X and Y,
BIX-Y]=3252@5) p(X =)0 (Y =7)) =320 -7) - p(X =) -p(Y =7) = ;- p(X =9)(>2;7-p(Y =
i) = BIX]- B[],

* A weaker version of Jensen’s inequality: E[X?] > (E[X])%.
- proof: consider the random variable Y = (X — E[X])?; since Y is nonnegative, 0 < E[Y]

Jensen’s inequality: For a convex function f, E[f(X)] > f(E[X]).

- Two definitions for a function to be a convex:
A function f : R — Ris convex if, forany z1,z2 and 0 < A < 1, f(Az1 + (1 — N)z2) < Af(z1) + (1 = X) f(z2).
If f is a twice differentiable function, then f is convex iff f’/(x) > 0.

- proof: Assuming f has a Taylor expansion and p = E[X], there is a value c such that
F@) = F(w) + /()@ — ) + L@ > 54y 1 /() (@ — ). since f/(c) > 0 by convexity.
Then, E[f(X)] > E[f (1) + f'(w)(X — w)] = E[f (W] + /(W) (E[X] = p) = f(n) = F(E[X]).

* The deviation of X at s € S'is X(s) — E(X). Let X be a random variable with probability distribution
{f(z;)}, and let r > 0 be an integer. The r'" moment of X (about the origin) is E(X"), which is equal
to >, % f(zj). (We assume E(X") exists.)

Let F(X) and E(X?) be the first and second moments of a random variable X. Then, the variance
(ak.a., dispersion) of X, denoed by Var[X] or 0%, is defined as E((X — E(X))?). This characterizes
how widely a random variable is distributed: small variance indicates large deviations of X from p are
improbable; large variance indicates that not all values assumed by X lie near the mean.

The standard deviation of X, denoted by ox, is \/Var[X]. This measures how spread out the distribution
of X around its mean; useful as its units are same as E(X).

A few properties of variance:
(a) Var[X] = E[X?] - (E[X])*.

- proof: Var[X] = E[(X — E[X])?] = E[X? - 2X E[X]+ E[X)?] = E[X?] -2E[XE[X]|+ E[X)? = E[X? - 2E[X]E[X] +
E[X]? = E[X?] - (B[X])*.

(b) Var[X + Y] = Var[X] + Var[Y] + 2E[(X — E[X])(Y — E[Y])].

- proof: Var[X +Y] = E[(X+Y - E[X +Y])?] = E[(X+Y — E[X] - E[Y])?] = E[(X - E[X])2+ (Y - E[Y])? +2(X —
EXD(Y - E[Y])]

(c) VarlaX + b] = a®*Var[X].
- proof: — homework —

(d) Bienayme’s formula: If the X s are pairwise independent, then Var[ X +Xo+...+X,] = Var[X ]+
Var(Xs] + ...+ Var[X,].



- proof:

weknow Var[X +Y] = E[(X +Y — B[X + Y))?] = B[(X +Y — E[X] - E[Y])?] = B[(X - E[X])2 + (Y — B[Y])? +
2(X - BEIX]))(Y - E[Y])] = E[(X - E[X])?] + BE[(Y - E[Y])?] + 2E[(X — E[X])(Y — E[Y])];

since X and Y are independent, X — E[X]and Y — E[Y] are - hence, E[(X — E[X])(Y — E[Y])] = E[X — E[X]|E[Y — E[Y]];
for any random variable Z, E[Z — E[Z]] = E[Z] — E[E|Z]] = 0;

therefore, Var[X + Y] = E[(X — E[X])?] + E[(Y — E[Y])?] = Var[X] + Var[Y]
* If X and Y are two random variables with joint distribution, the conditional expectation of Y for a given
X = zj, denoted by E(Y'|X = x;),18 }_ crange(v) Y6P(Y = yx|X = z;). Essentially, the expression

E(Y|X) is arandom variable f(X) that takes on the value £(Y'|X = x;) when X = z;. The conditional
expectations are quite useful in dividing the expectation calculation into simpler cases.

The law of total expectations: For any random variables X and Y,

- proof: 35 p(Y = y)EX]Y =] = 3>, p(Y =y) X, op(X =z|lY =y) =3, > ap(X = 2lY = y)p(Y =y) =
Yeryep(X=znNY =y) =3 2p(X =2) = E[X]

For any finite collection of discrete random variables X, X», ..., X,, with finite expectations and for any
random variable Y, E[Y """ | X;|Y = y| = > | E[X;|Y = y]. (That is, the linearity of expectations
extends to conditional expectations.)

- proof: — homework —
For random variables Y and Z, FE[Y]| = E[E[Y|Z]].
- proof: since E(Y'|Z) is a random variable f(Z) that takes on the value E(Y|Z = z) when Z = z,
E[E[YIZ” = Zze'range(z) E[Y‘Z = Z}p(z = Z) = E[Y}
Tail bounds

The tail inqualities help in deriving bounds on probabilities when only the mean and variance of a proba-
bility distribution are known.

* Markov’s: Let X be a random variable that assumes only nonnegative values. Then, for all a > 0,
E[X]
p(X >a) < -

- proof: let Y be I{X > a}, where [ is an indicator random variable;
E[X
then, p(X > a) = E[Y] < E[%] — El ];

here, Y < % since if % > 1,then Y = 1; otherwise, 0 < % <landY =0

Corollary: If X is a nonnegative random variable, then forall ¢ > 1, p(X > cE (X))

IN
Q=

* Chebyshev’s: Forany a >0, p(|X — E[X]| >a) < V%Q[X]

- proof: p(|X — E[X]| > a) = p(X — E[X])? > a?) < EIX=EXD? _ VarX]

a2 a?

Corollary: Forany a >0, p(|X — E[X]| > cox) < &.

= 2



* Chernoff’s:
(a) Let X be a random variable.
tX
Foranyt > 0, p(X > a) < E[:m I
[e'X]

In particular, p(X > a) < ming~g EeT

Ele!X]

eta

- proof: p(X > a) = p(e!X > et?) <

Forany t < 0, p(X < a) < E[:;X}

B X
In particular, p(X < a) < ming<g EE; }

E[etx]

eta

- proof: p(X < a) = p(e!X > e®) <

X
While the value of ¢ that minimizes E[::a } gives the best possible bounds, often one chooses a value of ¢

that gives a convenient form.

(b) Let X1, Xo, ..., X, be independent Poisson trials such that p(X; = 1) = p;. Also, let X =>"" | X
and u > E[X].
8

Forany 6 >0, p(X > (1+4d)u) < (m)#‘

=6
e
Forany0<5< 1, p(X S (1_(5),&) < (m)“.
- proof: — not proved in class though used them in solving a couple of problems —

- For large n, Chebyshev’s tail inequality yields tighter bounds to Markov’s. And, Chernoff bounds yield
tight (exponentially small) bounds as compared with the polynomially small bounds via Markov’s or
Chebyshev’s tail inequalities.

* Hoeffding’s: Let X1, X2, ..., X,, be independent random variables with E[X;] = p; and p(a; < X; <
bi) = 1 for constants a; and b;. Then, p(| > i X; Y iy pi| > €) < 226"/ iy (bimai)?,

- proof: — not proved in class though used it in solving two problems —

Popular distributions

* Bernoulli distribution: Repeated independent trials are called Bernoulli trials if there are only two possible
outcomes (success, failure) for each trial and their probabilities, p and ¢ respectively, remain the same
throughout the trials.

For a Bernoulli random variable X that has value 1 if the result is heads and 0 otherwise, E[X| = p and
Var[X] =p(1l —p).
- proof:
EX]=p-1+(1-p)-0=p=p(X =1)
Var[X] = E[X?] - (B[X])* = (0° - p(X = 0) + 1% - p(X =1)) — (p)®
* Binomial distribution: The probability that n Bernoulli trials with probabilities p for successand g = 1—p

for failure result in & successes and n — k failures, denoted with b(k; n, p), is (Z) pFq™ k. (This assumes
order of successes in n trials does not matter.)



Since Y1, b(i;n,p) = 1, b(k;n, p) is a probability distribution.

For a binomial random variable X that has value 7 if there are i successes, E[X] = np and Var[X]| = npq.

- proof:
E[X} = Z;L oj(n)pj 1 *p)nij = Z;L oj#!])vpj(l - )nij = Z] 1 (G- 1)1((57 11))‘ (],1))gpj71(1 *p)<n71)7(j71)
= npzk 0 kl((&ﬂ 11)) 1pk(1 _p)(n71 = an ( ) (1 - )(n D=k = np

. . X . n! 22 . p—
BIX?) = oo ()P0 = p)"75% = i TPt (1= p)" (2 = 5) + ) = Sfeo Bladtpd (1 - p)» 7 +
S o P (1= p)" ™ = n(n = )p? STy s Zls I =21 = p) T b Yy ey T (= p) I =
n(n — 1)p? +np

Var[X] = B[X?] — (E[X])? = n(n — 1)p* + np — n?p? = np — np? = np(1 — p)

* Poisson approximation to binomial distribution: Let X,, be a binomial random variable with parameters
n and p, where p is a function of n and lim,,— o mp = A is a constant that is independent of n. Then, for

. — A\ k
any fixed k, lim,, oo p(X,, = k) = )‘
- proof:
n k —pn —pn k
P =) = (pF(—p)" < gt (e < O T = S

v

k k k
p(Xn =k) = (1)pFA —p)n* %pk(l —p)m > we—pn(l —p?)n > e—pn%(l — p2n)

e P (np)k 1

k

hence, limp 00 =7~ 755 = limn o0 p(Xpn = k) > limp oo e‘pnw(l —p?n)
. e e— M2k . =Mk

since, as n approaches inf inity, p approaches zero, <7~ > limn o p(Xn =k) > < A

And, the empirical evidence shows that the Poisson’s distribution very well approximates the binomial
distribution.

. 2\ )\k . -
Since > 77 e ”,‘7! = 1, p(k; \) can be conceived as the probability of exactly k successes, called as
Poisson distribution. (A sequence of independent Bernoulli trials with success probability associated to each specific trial is called a

Poisson trial; note this is different from the Poisson approximations/distribution.)
For a Poisson random variable X that has value 1 if there are i successes, E[X] = A and Var[X]| = \.
- proof:
EIX] = Cpso bfAfe™ = A Ty gtV = Ae A 5500 3 = e ded =2

BIX?] = Yook gAte ™ = Ae7? ZkZIk(k—ll)!)‘k_l = AN Cps1(k = Vg 11)1 A4 S (kjl)!Ak_l) =
)\6_)‘()\2;@22 ﬁ)\k—Q +Zk21 ﬁ)\k—l) - )\e—A()\ZZ>O Z,)\ + Z]>0 J,AJ) =Xe At +eM) = AN +1)

Var[X] = A2+ A= X2 =)

* Geometric distribution: A geometric random variable X with parameter p is given by the following
probability distribution on n = 1,2,...,: p(X = n) = (1 — p)" !p. That is, for the geometric random
variable X to equal n, there must be n — 1 failures followed by a success.

For a geometric random variable X, > ., p(X = n) = 1. That is, success is guaranteed to occur
eventually (considering there are infinite number of trials).

- proof: p3S, 5 (1 =p)" =p(1=p)°+ (1 -p)' +...) =1

Memoryless (a.k.a., Markov’s) property: for a geometric random variable X with n,k > 0, p(X =
n+klX > k) =p(X =n).



_ pl‘OOf: p(X — n+k|X > k!) — p((X=n+k)N(X>k)) _ p(X=n+k) _ (1,p>n+k—1p _ (17p)n+k—1p _ (17p)n71p :p(X _

p(X>k) T op(X>k) T Y2, (1-p)ip T (1—-p)k -
n)
For a geometric random variable X that has value i if the success occurs at " trial, E[X] = % and
— _p
VarlX] = =L
- proof:
since p(X >4) =302 ;(1-p)" " 'p=(1-p) L EX] =2, p(X 20 =321 -p)"! = 71—

BIX?] = Yo KPapb = p Xy KPap ™ =p(% —

Var(X] = BIX2) — (BIX])? = p(3 — 1) ~ (i=0=)" = B2

* Negative binomial distribution (a.k.a., Pascal distribution): The probability distribution of the number
X of Bernoulli trials needed to find the 7 success at the trial number n = r + k, when the success
probability of a Bernoulli trial is p. The probability p(X = r 4 k) that the 7" success occurs at the trial
number n = r + k (where k = 0,1,2,...), denoted by f(k;r,p), is (T+l,§_1)p’"(1 — p)*. Since this is
equal to (37)p"(—¢)", this distribution is named so.

(7n)(7n71;c4!..(7n7k+1) _ (_1)k n(n+1)..k.!(n+k71) _ (_1)k (ntk—1)! (_1)k(n+}]:_l)

- proof: (3) = Rl (n—1)!

Observation: For r = 1, any negative binomial distribution is essentially a geoemtric distribution.

For p > 0, since Y 32, f(k;7,p) = 1, the eventual success of the geometric distribution, that is, the "
success is guaranteed to occur eventually.

- proof: due to binomial theorem, p” Y32, (_kr)(—q)’C =p"(1—q) " =p"p "=

The sum of geometric random variables follows the negative binomial distribution.

- proof:

say, for any i, the iterations following the i*" success and ends with the (i 4- 1)/ success are said to be in an epoch; that is, an experiment
is partitioned into epochs;

hence, the overall number of trials needed to achieve k successes is the count of trials in each epoch;

since the number of trials in an epoch is a geometric random variable, leading to the observation stated

For a negative binomial random variable X that has value n if the " success occurs at the trial number

n=r+k E[X]=7andVar[X] = ;—g.

- proof:

since p(X = k) = ¢Fpwhere k = 0,1,2,..., E[X] = gp(1+2¢+3¢>+...) =qp(1 —q) "2 = %

let X; be a random variable denoting the number of Bernoulli trials to be performed to succeed for the i*" time after having succeeded
¢ — 1 times; then, X; is a geometric random variable with probability of success p; hence, the variance of X is 11);27’; since X;s are all

independent Var[X] = Var[Y0_, X;] = 37_, Var[X;] = r - 119;213

Let X be a negative binomial random variable with parameters  and p. Let Y be a binomial random
variable with parameters n and p. Then, pr(X > n) = pr(Y < r). (This is quite useful since finding the
right tail of a negative binomial distribution directly from its definition is very difficult.)

- proof: since X is the minimum number of trials needed to get  successes and Y is the number of successes in n trials, X > niff Y <r



* Multinomial distribution: Consider events /1, Fo, . . ., I/, whose probabilities are respectively p1, p2, . . . pyr.
The probability that in n independent trials, F/; occurs k; times, F2 occurs ko times, etc., for k; + ko +
...+ k, = n, denoted by m(k1, ko, ..., kr;n,p1,02, ..., Pr), 18 mpflp? phr

- proof: obvious from counting lectures

The expected number of times the outcome ¢ was observed over n trials is E[X;] = np; and its variance
Var[X;]is np;(1 — p;).
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