
Table of Common Distributions 

Discrete Distributions 

Bernoulli(p) 

pm/ P(X = x!p) = pz(l - p) 1-z; x 0, 1; 0 Sp S 1 

mean and 
. EX=p, VarX p(l-p) 

variance 

mg/ Mx(t) = (1 - p) +pet 

Binomial( n, p) 

pm/ P(X = xln,p) = (:)pz(l - p)n-z; x = 0, 1, 2, ... , n; 0 $ p $ 1 

mean and 
variance EX= np, Var X = np(l - p) 

mg/ Mx(t) =[pet+ (1 - p)]n 

notes Related to Binomial Theorem (Theorem 3.2.2). The multinomial distri
bution (Definition 4.6.2) is a multivariate version of the binomial distri
bution. 

Discrete uniform 

pm/ P(X = xJN) = -b; x = 1, 2,. .. , N; N 1, 2, ... 

mean and 
variance 

EX= Nf, Var X = (N+1i~N-1) 

1 .._..N it mg/ Mx(t) N L.,i=l e 

Geometric(p) 

pm/ P(X=xjp)=p{l-p)z-1; x=l,2,. .. ; 0$p$1 

mean and EX= l, Var X = !;! 
variance P P 



mgf 
f~~~~-~.. . ~)i:jrruBUTIONS 

Mx(t) l-(~-:Pi(! t < - ~fil,'¥ p) 

Y X - 1 is neg~t:iti~ai(l,p). The distribution is memoryless: 
P(X > s!X > t) = ~-t). 
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notes 

Hypergeometric 

pmf P(X=x!N,M,K)=T; x=0,1,2, ... ,K; 

M (N-K):$.x$M; N,M,K~O 

mean and 
variance 

EX_ KM 
- N' 

V X _ KM (N-M)(N-K) 
a.r - N N(N-1) 

notes If K «Mand N, the range x 0, 1, 2, ... , K will be appropriate. 

Negative binomial(r,p) 

pmf P(X = x!r,p) = (r+~- 1)pr(l - p)x; x = 0, 1, ... ; 0 :$. p $ 1 

mean and 
variance 

EX r(l-p) 
p , VarX 

mg/ Mx(t) = C-(l~p)el r' t < - log(l - p) 

notes An alternate form of the pmf is given by P(Y = ylr,p) = (~=~)pr(l -
p)y-r, y = r, r + 1, .... The random variable Y = X + r. The negative 
binomial can be derived as a gamma mixture of Poissons. (See Exer
cise 4.34.) 

Poisson(>.) 

pmf P(X =xi>.) = e-;/•"'; x = 0, 1, ... ; 0 :$. ).. < oo 

mean and 
variance 

EX = >., Va.r X = ).. 

mgf Mx(t) e>.(e'-l) 



TADLEOFCOMMONDmTRIBUTIONS 

Continuous Distributions 

Beta( a, fJ) 

pdf f(xla:,fJ) = B(~.mx°'- 1 (1- x).e- 1, O ~ x ~ 1, a:> O, fJ > O 

mean and 
variance EX= a:/3, 

.t M (t) _ 1 ~oo (I1.1:-1 _ltl!:..._) tk mgJ X - + Llk=l r=O a+/3+r If 

notes The constant in the beta pdf can be defined in terms of gamma functions, 
B(a, fJ) = w·2~~). Equation (3.2.18) gives a general expression for the 
moments. 

Cauchy((), O') 

pdf f(xlO, O') -oo < x < oo; -oo < (} < oo, a > 0 

mean and 
do not exist 

variance 

mgf does not exist 

notes Special case of Student's t, when degrees of freedom= 1. Also, if X and 
Y are independent n(O, 1), X/Y is Cauchy. 

Chi squared(p) 

pdf 

mean and 
variance 

f( xlp) = 1 x<P/2)-le-x/2. r(p/2)2P/2 ' 

EX=p, VarX = 2p 

mgf Mx(t)=(1~2tr/2' t<~ 

0 ~ x < oo; p = 1, 2, ... 

notes Special case of the gamma distribution. 

Double exponential(µ, O') 

pdf f(xlµ, O') = 2~e-lx-µl/o-, -oo < x < oo, -oo < µ < oo, O' > 0 

mean and EX Var X = 20'2 
variance = µ, 

mgj Mx(t) 1_r,;t)2, Jtl < ~ 

notes Also known as the Laplace distribution. 
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Ezponential(f3) 

pdf f (xif3) 

mean and EX a ·u X 
/J, var variance 

mgf Mx(t) = 1!.Bt' 

0::; x < oo, 

t < l .8 

notes Special case of the gamma distribution. Has the' memoryless property. 

F 

pdf 

mean and 
variance 

moments 

Has many special cases: Y X 1h is Weibull, Y J2X//3 is Rayleigh, 
Y =a rlog(X/,B) is Gumbel. 

0 ~ x < oo; 

(mgf does not exist) n < !'f 

notes Related to chi squared (F.,i. 112 = ( ~) / ( ~), where the x2s are in

dependent) and t (F1,11 = t~). 

Gamma(a,/3) 

pdf 

mean and 
variance 

EX 

0 ~ x < oo, a,/3> 0 

a/3, VarX 

mgf Mx(t) = ( 1!.at) °', t < l .8 

notes Some special cases are exponential (a = 1) and chi squared (a = p/2, 
fJ = 2). If a ~' Y .,/J[ffi is Maxwell. Y = 1/ X has the inverted 
gamma distribution. Can also be related to the Poisson (Example 3.2.1). 

Logistic(µ, ,B) 

pdf 

mean and 
variance 

f(xjµ,,B) 

EX=µ, 

1 e-(.,-µ)/fl 
~ [i+e-(.,-µ)/13]2, -OO < X < 00, -OO < µ < 00, ,B > 0 

VarX 7r2 µ2 

3 
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mgf Mx(t) = e"tr(l - ,Bt)r(l + ,Bt), ltl < ~ 

notes The cdf is given by F(xJµ, /3) = i+e-1!.-ii)/.8 • 

Lognormal(µ, u 2) 

pdf 

mean and 
variance 

moments 
(mgf does not exist) 

0 ~ x < oo, -oo < µ < oo, 

notes Example 2.3.5 gives another distribution with the same moments. 

Normal(µ, u2 ) 

pdf f( xjµ u2) = 1 e-(x-1.)2 /(2<Y2) 
' &(Y ' -oo < x < oo, 

mean and 
variance 

mgf 

(1 > 0 

EX=µ, VarX = u 2 

notes Sometimes called the Gaussian distribution. 

Pareto( a:, ,B) 

pdf f (xja:, (3) = !S:.r, a < x < oo, a: > 0, (3 > 0 

mean and EX _ /Ja 
variance - /J-1' (3 > 1, ~Q2 Var X = (tJ-1 2(/3-2), (3 > 2 

mgf does not exist 

t 

-oo < µ < oo, 

pdf -oo < x < oo, I.I = 1, ... 

mean and 
variance EX 0, v > 1, VarX = v~2• v > 2 

moments 
(mgf does not exist) 

EX"' 

EX"' 

notes Related to F (F1,v = t:). 
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Uniform( a, b) 

pdf f (xJa, b) b~a, a :5 x :5 b 

mean and 
variance 

Ex - li.r! 
- 2 ' 

VarX 

,/ M ( ) - ebl-eB' mg; x t - 1b=aJt 

(b-a) 2 

12 

notes If a 0 and b = 1, this is a special case of the beta (a {3 = 1). 

Weibull( 'Y, {3) 

pd/ f(xi"f, {3) = ~x-r-Ie-x"' !fl, 0 :5 x < oo, 'Y > 0, {3 > 0 

mean and 
variance 

moments 

EX = (31hr (i + ~) , 

Exn = 13nhr ( 1 + ~) 

Var x = f32h [r ( 1 + ~) 

notes The mgf exists only for 'Y ~ 1. Its form is not very useful. A special case 
is exponential ( 'Y = 1). 


