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Motivation
Object orientation in S / R
Example: arithmetics for distribution objects

Motivation I

Situation: algorithm / program shall cope with any distribution
How to pass a distribution as an argument?
Construction up to now:

a lot of distributions implemented to R
— Gaussian, Poisson, Exponential, Gamma, etc.
for each:

cdf [=̂p]
density / probability function [=̂d]
quantile function [=̂q]
function to simulate r.v.’s [=̂r]

Naming convention: <prefix><Name>
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Motivation II

e.g. to get the median of a general distribution:

mymedian ← function ( v t l g , . . . )
{ eval ( parse ( text =

paste ( " x = q " , v t l g ,
" (1 / 2 , . . . ) " , sep = " " ) ) )

return ( x ) }
better idea: having a “variable type” distribution
and functions p, d, q, r defined for this type
then: q(x) returns the quantile function 

median←function(X){q(X)(0.5)}

=⇒ Development of this concept in package distr

packages distr, distrEx: published on CRAN; current version
1.6; extensive documentation available (see references)
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Object Orientation in S/R

particular version of object orientation:
Function-orientated- FOOP as opposed to COOP

methods are not part of object but are managed by generic
functions
depending on the arguments different methods are dispatched
example: plot

from version 1.7.0 on, R realizes the S4-class concept, c.f.
Chambers[98]

distr: distributions are classes with slots/members p, d, q, r

arithmetics for distribution objects realized by FOOP
CAVEAT: arithmetics operates on underlying random variables,
not on distributions
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Example: arithmetics for distribution objects

> require("distr")
Loading required package: distr
[1] TRUE
> N <- Norm(mean = 2, sd = 1.3)
> P <- Pois(lambda = 1.2)
> Z <- 2 * N + 3 + P # exact transformation
Distribution Object of Class: AbscontDistribution
> plot(Z)
> p(Z)(0.4)
[1] 0.002415384
> q(Z)(0.3)
[1] 6.70507
> r(Z)(10)
[1] 11.072931 7.519611 10.567212 3.358912
[5] 7.955618 9.094524 5.293376 5.536541
[9] 9.358270 10.689527
> Znew <- sin(abs(Z)) # by simulations
> plot(Znew)
> p(Znew)(0.2)
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Contents of distrEx

Package distrEx extends distr and includes
a general expectation operator to a given distribution F
several functionals on distributions like the median, MAD and
IQR
several distances between distributions (e.g.
Kolmogoroff–distance)
(factorized) conditional distributions
(factorized) conditional expectations
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Example: expectation operator

for a normal variable D1 try to realize E D1, E D2
1 , and for some

m1 ∈ R, E(D1 −m1)
2

require ( " d i s t r E x " )
D1 ← Norm(mean=2)
m1 ← E(D1) # = 2
E(D1, function ( x ) { x^2 } ) # E(D2

1)

now —without changing the code— the same for a Poisson
variable; this gives the same calls but different dispatched
methods

D1 ← Pois ( lambda=3)
m1 ← E(D1) # = 3
E(D1, function ( x ) { x^2 } )
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Illustration 1: CLT —under arbitrary distribution

we want to illustrate the Lindeberg-Lévy theorem
input should be any univariate distribution Distr

notation: Xi
i.i.d.∼ F , Sn =

∑n
i=1 Xi , Tn = (Sn − E Sn)/

√
Var Sn

output: sequence of length len of plots of L(Tn)

realized in illustrateCLT ( Distr , len)

essential code
a function for standardizing and centering

make01 ← function ( x ) ( x−E( x ) ) / sd ( x )

update in a loop starting with Sn← 0

Sn ← Sn + D i s t r
Tn ← make01 (Sn)
## here : D i s t r i s abso lu te l y cont inuous
dTn ← d ( Tn ) ( x )

Peter Ruckdeschel, Matthias Kohl S4 classes for distributions and extensions
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Illustration 2: Minimum-distance- and ML-functionals

we want to estimate the parameter θ in a parametric family
methods: minimum-distance and ML
in both cases in an optimization a member in the class is
distinguished as “closest” to the data

input: data and parametric model
output: estimate

implementation: parametric model as class (compare M. Kohl’s
talk), which has slots

name, distribution ,
+ additionally: a slot modifparameter, a function realizing

theta 7→ Ptheta
generic functions MDE(model,data,distance), MLE(model,data)
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Illustration 2: Minimum-distance- and ML-functionals II
essential code

to fit a distribution distr to data according to criterium ( distr ,data)
we use

f i tParam ← function ( model , data0 , c r i t e r i u m . . . . )
{ # def ine a f u n c t i o n i n the ta to be opt imized :

f t oOp t im ize ← function ( the ta )
{ Ptheta ← modifparameter ( model ) ( t he ta )

c r i t e r i u m ( Ptheta , data0 ) }
# i n one dimension use " opt imize " , i n h igher " opt im "

{ i f ( dimension ( param ( model ) ) == 1)
the ta ← optimize ( f = f toOpt imize ,

i n t e r v a l = search in te rva l0 , . . . ) $minimum
else

t he ta ← optim ( par = i n i t v a l 0 ,
f = f toOpt imize , . . . ) $par }

return ( the ta ) }

criterium can be the negative log-likelihood or a distance of the
theoretical distribution to the empirical distribution like
Kolmogoroff-distance
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Illustration 3: Deconvolution I

Situation: X ∼ K , ε ∼ F , stoch. independent; Y = X + ε

goal: reconstruction X by means of Y
methods: E[X |Y ], postmode(X |Y )

input: any univariate distributions K = Regr, F = Error

output: mappings y 7→ E[X |Y = y ], postmode(X |Y = y)

realized by means of PrognCondDistribution(Regr, Error)

 generates L(X |Y = y) where y is coded as parameter cond
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Illustration

Illustration 1: CLT —under (nearly) arbitrary distribution
Illustration 2: Minimum-distance- and ML-functionals
Illustration 3: Deconvolution

Illustration 3: Deconvolution II

essential code
filling of the slots r, d, p, q for some machine-eps

r f← function ( n , cond ) cond − r ( E r ro r ) ( n )
df← function ( x , cond ) d ( Regr ) ( x ) ∗d ( E r ro r ) ( cond−x )
qf← function ( x , cond ) cond−q ( E r ro r )(1−x )
pf← function ( x , cond ) i n t e g r a t e ( df , low=q ( E r ro r ) ( eps ) , up=x ,

cond=cond ) $value

conditional expectation E[X |Y = y ]

PXy ← PrognCondDis t r ibut ion ( Regr , E r ro r )
E(PXy , cond=y )

posterior mode postmode(X |Y = y)

post .mod ← function ( cond , e1 ) {
optimize ( f = d (PXy ) , c (q (PXy ) ( eps , cond ) ,

q (PXy)(1−eps , cond ) ) , cond = cond ) $maximum}
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