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ABSTRACT

In specifying a multivariate discrete distribution via the the NORmal To Anything (NORTA) method, a problem of interest

is: given two discrete unbounded marginals and a target valfiad the correlation of the bivariate Gaussian copula that
induces rank correlation between these marginals. By solving the analogous problem with the marginals replaced by
finite-support (truncated) counterparts, an approximate solution can be obtained. Our main contribution is an upper bound
on the absolute error, where error is defined as the difference betwand the resulting rank correlation between the
original unbounded marginals. Furthermore, we propose a simple method for truncating the support while controlling the
error via the bound, which is a sum of scaled squared tail probabilities. Examples where both marginals are discrete Pareto
demonstrate considerable work savings against an alternative simple-minded truncation.

1 INTRODUCTION

We consider a problem that arises in specifying a random vector via the NORmal To Anything (NORTA) ap@aactand

Nelson 1996 Cario and Nelson 1997 In this approach, the marginal (univariate) distributions and pairwise correlations are
specified, and dependence between components is induced via the normal (Gaussian) copula. More precisely, in dimension
two, given marginal cumulative distributiol’s andF,, a random vecto(X;, Xy) is specified as follows:

(X1, %2) = (F H(®(Z0)). F, H(®(Z2))),

where: (Z1,2,) is bivariate normal with zero means, unit variances, and correlatieh is the standard normal distribution
function (with mean 0 and variance 1); aﬁﬁl is the quantile function corresponding t&; (also known as the inverse

of ). The model is specified by solvingMORTA rank-correlation-matching problerfind p so that the rank correlation
between theX’s equals a given target. A related alternative specifies linear correlation instead of rank correlation. These
correlation-matching problems appear prominently in more general models, specifically in modeling random vectors whose
dimension is greater than tw&fHosh and Henderson 200&nd in modeling multivariate stationary time series with specified
correlation structureHiller and Nelson 2008 The correlation-matching problems for discrete marginals are studied in
Avramidis et al. (2009)

In this paper, we focus on the NORTA rank-correlation matching problem for discrete marginals having unbounded
support. We address this problem by solving a corresponding problem associated to finite-support counterparts of the original
marginals. Assuming that the unbounded marginals are used in the final model, a potential error is introduced. The error is
the difference between the unbounded-marginals rank correlation and the target. The issue of how to truncate effectively in
this setting is loosely touched IBhin and Pasupathy (2008)vhile studying methods for fitting bivariate distributions with
Poisson marginals and given linear correlation, they use method NA®raimidis et al. (2009gas a benchmark, choosing
the truncation points by exploiting the Chernoff bound on the Poisson tail probability. Over a large number of problems
sampled randomly, their implementation took up to 16 seconds. Poor truncation might have affected their timings, but we
are unable to assess this accurately.
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The main contribution of this paper is an upper bound on the absolute error due to truncation. Armed with the bound, one
can solve the NORTA rank-correlation-matching problem for unbounded marginals to any desired precision. We believe this
is the most important contribution; previously, solutions to any finite-support approximating problem had unknown accuracy
for the original problem. Beyond this, we also aim for economy of work subject to meeting a user’s need for precision. To
this end, we propose a simple heuristic that approximately minimizes the number of bivariate support points subject to the
bound being smaller than a user-specified error tolerance. We present a few examples in which the marginals are discrete
Pareto (so they are heavy-tailed). These examples show that compared to a method that truncates the supports heuristically,
our method can solve the problem much more efficiently, while maintaining the needed precision.

The remainder of this paper is organized as follows. In SecZiome develop finite-support approximations to the
infinite-support target quantities and the bound. The algorithm for selecting the support is described in3Sédtiorerical
examples appear in Sectidn

2 APPROXIMATION AND ERROR BOUNDS

2.1 Preliminaries

Without loss of generality, the support of each marginal is the set of nonnegative integer numbers. Our results can be adapted
to two-sided infinite support in straightforward manner. Denote the probability mass of matgihalas p.i, i =1,2,...,

for £ =1,2. The cumulative probability mass i = ZL:() Pek- Let ¢, be the bivariate normal density with zero means,
unit variances, and correlatign The rank correlation betweexXy and X, is

g(p) — u1lp

"x(p) = ComR (%), R(X)) = ===

where w;, = E[F(X0)] = 320 feipei, of = VarlF(Xo)] = 3iZo fZipi — uf, and g(p) = Cov(F1(X1),F2(Xz)). Based on
Avramidis et al. (2009)we have:

g(p) = Cov(F1(X1),F2(X2)) = i PLi+1 i P2.i+1Pp (zLi,22), 1)
i= i=

wherezy; = <D*1(fu), where ®~1 is the inverse ofd; Z 0= —o; and q_J,,(x7y) is the integral of¢, over the rectangle
[X, ) X [y,). The NORTA rank-correlation matching problem is to find ghehat satisfies

rx(p)=r
for r given. Barring degeneracy in the marginals, this equation has a unique solution forirafiyk (—1),rx(1)].
2.2 Bounding the Truncation Error
We begin by approximating the mean and the variance (&f), whereX is a discretenon-degenerateandom variable with
support on the nonnegative integers ands the cumulative distribution oK. The probability masses amg, i =1,2,...,

and the cumulative probabilities afe= zijzo pj. The mean i = 5{°, fipi and the variance is? = 5 f2pi — u2. The
approximations work by truncating these sums at an intagard adding the corresponding tail probability, i.e., the term

i>n
More precisely, define
n
fin:=Y fipi+tn
2
and
&2 = i — 2,
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Whereﬁ,gz) =S, f2pi +t, approximates the second moment about zero.
Bounds that will be used later are now obtained. Related properties are also stated.

Lemma 1 The sequencéii,}, n=1,2,... is non-increasing, hag as its limit, and satisfies

|ﬁn*l~1|§t§- @)
We have
o >0y, 3)
where
00 = /5 ~ B2~ 2fin +12)
Furthermore,
. Cnt?
— 0| < = 4
Gn G|_Gn+gn’ (4)
where ¢ = max(2— 2fi, +1t2,|1— 2fin —t2|).
Proof.  We have
O<in—p = > pi—) fip
i>n i>n
= Y@A=f)p
i>n
< (Q-f)Y p=t
i>n
This completes the proof of the first statement.
To prove @), we first obtain an upper bound @y — 62
Gi-0® = [’ —EF°(X) (i3 —p?)
= Y- fPpi—(An+u)y(1-fi)p
>n I>n >n
= > Pi(l—=fi)[1+ i — fin—p] ()
i>n
< S pi(l—fi)[2— 20 +tF]
i>n
< t2(2—2fin+12), (6)
where we useqt > fi —t2 in the first inequality. This completes the proof @).(
To prove @), write |6, — o = "fijj' and use 3) to see that the denominator is at most the denominatot)inThus,

it suffices to show that
|67 — 0?| < et @)

This bound will arise as the maximum absolute value of upper and lower boundg ew?. Using the equality%) and
noting that 4 f; — fin — u > 1— 2{i, —t,, we get

&i—0® > 3 pi(l-fi)(1- 20 —t]). ®)

i>n
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This lower bound has absolute value
S Pl fi)(1— 200 —t0)| < [1— 20 —t7| 5 pi(1— fi) < |1 2fin— 3] 2. 9)
i>n i>n

Now (7) follows from (6), (8) and ©). O

Remark 1 There exists an integetp such that the sequendé?}n-n, decreases t@? (and thusé? for n > ng is an
upper bound fors?). (An analogous property for the sequen{gé} was shown to hold witmg = 1.) To see this, define
A2 := 62— &2 ;. A straightforward calculation give&62 = pntn[fin + fin-1 — 1 — fn]. Sincep < 1 and iy — p asn — ,
the term in square brackets is negative forraiufficiently large, and s&é? is also negative. The claim is proven.

Next we approximate the covariance i) Gnd bound the error. L&, m(p) be the approximation obtained by truncating
the sum in {) ati =n and j = m respectively.

Lemma 2

SUPG(P) ~Gnen(p)] < o + B (10)
Proof. Sinceq_>p is nondecreasing ip, we have the bound

q_Jp(x,y) < dy(x,y) = ®(max(x,y)) forall p,

where® = 1— @, the standard normal complementary c.d.f.. Thus

SLJPIQ(P)*Qn,m(P)I < > PLivt %pZ,j+lq_)p(Zl,i722,j)+ > pz,j+120p1,i+1q_9p(21,i»Zz,j)
= =

i>n j>m

IA

> Priv J; P2 11®(z1)) + > P2t i;) PLi+1P(22))

i>n i>m

= > puistii+ Y Pjratz

i>n i>m
< o ttm
(It holds by construction thal_b(zm) =ty foralliand?). O
As mentioned earlier, the solution we deliver is a zero of the funcﬁqn(p) := Gnm(-) — fanflo,m —r61,nG2m. Our
main result is a bound on the absolute difference between the retained unbounded-marginals rank correlation and the target
valuer. For simplicity, we assume that the error made in approximating zerdsy ®fis negligible. This is reasonable

because the marginal cost of reducing this error is smaliamidis et al. 200R To state the result concisely, we introduce
the tail probabilitiesty , := S -n Prk for ninteger and for = 1,2.

Proposition 1 Let p;; ,, be a zero (root) ofnm(-) — i1nfizm —61.nG2m. Then

|rX (p;,m) - I’| < Kl,n,mtfn + Kz,n,mtim, (11)

where

1+ fiom+13 rlc +ii 5 e
KLnm= = n: 20 + iz =~ Konm= = Hin +71’n rlczm . (12)
- 01,n02m Ql,n(gl.n+cl,n) '

Gl,n&lm O1n gz,m(QZ,m + &Z,m)
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Proof.  To lighten notation, we drop the truncation subscripts in the symglg,, 61 andd(-), although the result shows
these indices explicitly. We have

oo |9p") — papz —ro102
(') 1| = \ o
alp ) +0(p*) — fufiz — 1616 + fiafip — palip +1 (6162 — 0107)
- 0102
< —G(p)|+18(p*) — .ul.uz—r6102|+|#1.uz—.ull12|+r|‘0102_1'_ (13)

010, 0102

In the above, there are four terms of the form “absolute value of a difference”, and each of these will now be bounded. The
first term is bounded as shown Q). The second term is zero by assumption. The third term is

|fafiz — papiz| < fia|fiz — po| + polfia — pa| < fiats + (fiz +t5)t5,
by using @). The fourth term is

6102
0102 -

o

2
O'1,n C2, mt2,m C1, nt1,n

< = =
O1nOom(Osm+02m)  O1,n(01n+ 0O1n)

by using @) and @). Plugging these bounds intd3), we obtain {1). O

Remark 2 To get an idea of the size of the constants multiplying the squared tailsl)n We consider the limit as the
maximum probability mass of each marginal goes to zero and the truncation imdaes$m go to infinity. In this limit,

fi. and 62 converge to the mean and variance of a Uniform(0,1) distribution, respectively (this is shown in the proof of
Proposition 5 ofAvramidis et al. 200Q Thus, . — 1/2, 62 — 1/12,¢. — 1, and sok. — 184 6|r|.

Remark 3 The bound in 7) is sharper than the alternative boutfd2 + 2fi, +t3) (which follows immediately from g)).
For comparison, in the same limit as in Rema&khe looser bound gives — 3 andk. — 18+ 18r]|.

3 CHOOSING THE TRUNCATION

We consider a user that specifies a maximum acceptable error (toler@noethe retained rank correlation. Subject to
meeting this requirement, it is natural to want to minimize the work involved. Methods for solving the finite-support problem
are detailed imPAvramidis et al. (2009) The work of these methods is very nearly linear in the number of bivariate support
points. Thus, we would like to minimize the number of bivariate support points subject to the requirement that the error
bound in the right side ofl(l) is at mosté.

Instead of seeking to solve this minimization problem exactly, we propose a simple heuristic that appears to be effective.
Start with a single-point bivariate support consisting of the pair of minima of the two supports. In the general iteration,
add one support point of that marginal whose contribution to the error bound is largest. Stop as soon as the bound is
under the tolerance. This is outlined as Algoritidmwith details of the update in line 3 missing to keep the presentation

simple. These details are given next. One compﬁt%nd ﬁ.(z) from the respective values for the next-smallest integer as
follows: fin = fin—1— pn(1— fn) andi? u,g 1~ Pn(1— f2), wheref, = fo_1+ pn. Thenk are computed as irLp), with
supporting formulae given in Sectich2.

4 EXAMPLES

The main purpose of this section is to demonstrate via examples that truncating supports via Algocghnmeduce the
solution work relative to a simple-minded alternative that does not exploit error bounds.

In the examples, both marginals come from a one-parameter family of distributions péwher-lawtype, also known
aszetaanddiscrete Pareto This is a family of discrete heavy-tailed distributions. The gejadistribution with parameter
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Algorithm 1: Truncate

Input: Probability masse$p,k}x_, for £ =1,2; tolerances > 0.
Output: Integersn andm, the truncation points for marginals 1 and 2, respectively.
1n—0;, m<0
2 repeat
3 Updatexinm, K2nm tn, andtym
a i kpamt?, > K‘z’nﬁmt%’m then /* majority of error is due to marginal 1 */
5 n« I’]y—l— 1
6 else I* majority of error is due to marginal 2 */
7
8
9

m—m+1
end

unt'l K-]_’n,mtjz_.n + Kz_nﬁmt227m < 6

o > 1 has support on the positive integers and probability magspadportional tok~* for k=1,2,.... The normalizing
constant is¢(a) = S¢_; k™%, Riemann’szeta function For small ¢, the quantile function grows very fast near 1. For
example, fora = 2, the quantile of order 4 102 is 61 whereas the quantile of order-1.0-° is 607927.

The truncation alternatives we consider are as follows. Method C is casual: it truncates each support at the quantile of
order 1— p, where p is small and, for lack of better knowledge, chosen casually. Method B is bound-based: it truncates
according to Algorithml, where 6 is a user-specified minimum solution accuracy. With either truncation method, the
resulting finite-support NORTA correlation-matching problem is solved via the most efficient method of those studied in
Avramidis et al. (2009)named NI3.

Table 1 summarizes results. Comparisons between the two truncation methods are made by solving the same problem
instances for two pairingsd(= 102, p=10°) (panel one) andy = 10~%, p=10"°) (panel two). We report the following:
parametersy; anda, specify the two marginals)c is the number of bivariate support points by methodgijs the number
of bivariate support points by method B; is the minimum number of bivariate support points such that the error bound
(the right side of {1)) be no larger thad; the solution (correlation parameter of the Gaussian copula) obtained under the
two truncations; the work of method C in CPU seconds; and the ratio of work (CPU time) of method C over method B. For
the pairings considered here, the bound-based truncation results in significant work reduction while guaranteeing (at least)
the specified solution accuracy. Furthermore, the proximitpgofo n, suggests that Algorithii is effective in the sense
that the loss in efficiency compared to the optimum is very small.

Table 1: Comparison of methods B and C for selected zeta marginals. The target rank correlation is 0.5. CPU times were
measured in MATLAB. Bivariate normal integrals were evaluated by wriipgx,y) = [~ [~ ¢, (z, w)dzdwand evaluating
the latter integral via MATLAB’s functiormvncdf to tolerance 10°.

6 p o o nc Ng n, Solution Solution CPUof C CPU
via C via B ratio

102 10% 5 5 484 25 25 0.8295 0.8323 2.7 8

5 4 1496 40 40 0.8279 0.8307 5.9 26

5 3 14190 88 88 0.8932 0.8987 522 104

4 4 4624 49 49 0.7802 0.7835 21.1 54

4 3 43860 102 102 0.7695 0.7735 197.6 264

3 3 416025 182 180 0.7055 0.7095 1637.1 1231

104 10° 5 5 144 90 90 0.8295 0.8296 1.0 1.6

5 4 372 162 152 0.8279 0.8280 1.7 2.1

5 3 2448 528 528 0.8932 0.8933 10.7 4.1

4 4 961 240 240 0.7802 0.7802 5.4 3.4

4 3 6324 770 714 0.7695 0.7696 35.0 6.8

3 3 41616 1806 1804 0.7055 0.7055 2069 17.4
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5 SUMMARY

In specifying a multivariate discrete distribution with unbounded marginals via the NORTA method, a problem that arises is
to find the bivariate Gaussian copula that induces a given rank corretabietiveen two specified marginals. An approximate
solution can be obtained by solving an analogous problem in which the marginals have been replaced by finite-support
(truncated) counterparts. Our main contribution is an upper bound on the absolute error, where error means the difference
betweenr and the resulting rank correlation between the original marginals. The bound involves tail probabilities of the
original marginals and was obtained by bounding differences (separately for the means, the variances, and the covariance
that enter the rank correlation formula) between the original and truncated marginals. We also developed a simple method
for choosing truncation points while controlling the error via the bound. Examples where marginals are discrete Pareto
demonstrated that this method yields considerable work savings against a simple-minded choice of truncation points.
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