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1. Introduction

Copulas were introduced in the literature by Sklar [38] in the 1950s. They were rediscovered in the 1980s and have since
generated a significant stream of academic literature. They have attracted the attention of practitioners, especially due to
their applications in actuarial science, biostatistics, economics, finance, hydrology, etc. By now, they have become a standard
tool in finance and insurance; see, e.g., [5,10].

Copulas are useful tools to model multivariate distributions. They are cumulative distribution functions (cdf's) on [0, 1]¢
for someintegerd > 1, with uniform margins. Basically, copulas allow one to replace a rather complex task (the specification
of a joint cdf) by two simpler ones: the specification of marginal distributions and of a dependence structure. For a discussion
of these ideas and many mathematical properties of copula functions, we refer to the books by Joe [17], Nelsen [29],
Embrechts et al. [9], among others. Recent developments in the theory of copulas can be found, e.g., in [6,12,20,22].

One limiting feature of copulas is the difficulty to use them in the presence of multivariate processes, say (X;)nez, With
X, € R% A common practical problem is to specify the law of this process, possibly through copulas. A first idea would be to
describe the law of the vectors (X, Xm+1, - - - , Xp) for every couple (m, n), m < n. This can be done by modeling separately
d(n—m+ 1) unconditional margins plus a d(n — m + 1)-dimensional copula. This approach seems particularly useful when
the underlying process is stationary and Markov; see [3] for the general procedure.

Darsow et al. [7] characterized univariate Markov processes induced by copula families. Their work was extended by
Ibragimov [16] in a multivariate framework. Recently, Beare [2] obtained sufficient conditions for geometric rates of mixing.
Unfortunately, the description of the law of the process (X,)ncz, or the simulation of its trajectories, is not significantly
simplified by this two-step procedure when the size of the relevant copula is “large” (i.e., d(m —n+ 1) > 3) and it becomes
impractical for dimensions d > 2.

An alternative approach would be to use information on the marginal processes. This requires us to specify conditional
marginal distributions, instead of unconditional margins as above. This approach is very natural because in practice
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univariate processes are often better known and studied than multivariate processes. For instance, financial firms can model
and calibrate easily univariate models for individual stock returns, because numerous liquid and reliable quotes exist in the
market. These models are implemented in the information systems of these firms. But typically, it is no more the case when
dealing with a basket of stocks. Therefore, it is tempting to use “standard” univariate processes as inputs of more complicated
multivariate models.

Apart from pricing and hedging of basket derivatives, this problem occurs, e.g., in risk management (joint behavior of
several market factors like stock indices, exchange rates, interest rates, etc.) and in credit portfolio modeling (e.g., the joint
default of several counter-parties). This means that we need to specify, for everyj = 1, ..., d, the law of X;, ; knowing the
past values X;,_1 j, X,—2j, . . . of this univariate process. The main issue is now related to the specification and the estimation
of relevant dependence structures, “knowing” these univariate underlying processes, to recover the entire process (X;)nez-

Using motivation similar to our second approach above, Patton [32,33] introduced so-called conditional copulas, which
are associated with conditional laws in a particular way. Specifically, let X = (Xi, ..., Xy) be a d-dimensional random
vector from (§2, g, P) to RY. Consider some arbitrary sub-o-algebra A C +y. A conditional copula associated to (X, 4) is
a 8([0, 119) ® 4 measurable function C such that, for any x;, ..., xs € R,

P (X < x|A) = C{P(X; < x1]4), ..., P(Xg < Xg|A)| A} . (1)

The random function C(-|A) is uniquely defined on the product of the values taken by x; = P(X; < x; | A)(w),j =1, ...,d,
for every realization w € «. As in the proof of Sklar’s theorem (see [29]), C(-|A) can be extended on [0, 1]¢ as a copula, for
every conditioning subset of events A C .

In the case of multivariate processes, we deal with vector-valued observations (X,).<z and we are often interested in the
copula of X;, given #, = 0 (Xp_1, Xn—2, - . .). Eq. (1) implies that it is necessary to know/model each margin, knowing all the
past information (vector-valued observations) and not only the past observations of each particular margin.

Nonetheless, as mentioned above, practitioners often specify and estimate marginal models, especially in a dynamic
framework. It is thus highly desirable to incorporate these models into a full multivariate model. With the previous notation,
users often have good estimates of the conditional distribution of each margin, conditionally given its own past, i.e.,
P(X,j < XjlAyj),j =1, ...,d, bysetting A,; = 0 (Xn—1, Xn—2,, - . .). And they would like to link these quantities with the
(joint) law of X;, knowing its own past.

It is tempting to write

P (Xn =< x|fA>n) = C* {]P)(Xl,n < X1|<A>n,1)a ey IED(Xd,n < xd|tAn,d)} (2)

for some random function C* : [0, 1] — [0, 1] whose measurability would depend on 4, and on the Anj,j=1,...,d.
Actually, if the latter function were a copula, then it should satisfy in particular

P (X1n < X1lAn) = C{PKyn < x1loAn1), 100, 1} = PXy 0 < Xq]oAn1),

for every real number x;. This means that as far as predicting the current value of the vector-valued process (X;,) is concerned,
its past values do not provide more information than the past values of the univariate process (X1 ) only. In other words,
the process (Xa.p, . . ., X4.n)nez does not “Granger-cause” the process (X1,n)nez. Obviously, a similar reasoning can be made
for every margin.

The assumption that each variable depends on its own lags, but not on the lags of any other variable, is clearly strong,
even though it can be accepted empirically; see the discussion in [34, pp. 772-773]. In particular, Patton [32] indicates that
“in our empirical application we find that, conditional on lags of the DM-USD exchange rate, lags of the Yen-USD exchange
rate do not impact the distribution of the DM-USD exchange rate”. Therefore, to fulfill (2), the concept of copula itself has
to be revisited. This is the main purpose of this article.

The remainder of the paper is organized as follows. In Section 2 we extend Patton’s definition to cover a much larger scope
of situations, and prove the equivalent of Sklar’s theorem. Then we deal with the nonparametric estimation of pseudo-copula
models and the important problem of goodness-of-fit tests in Section 3. Finally, in Section 4, we provide a modest simulation
study to evaluate the performance of our test statistic.

2. Conditional copulas and pseudo-copulas

A copula is a cdf on [0, 1]¢ with uniform margins. We will call a pseudo-copula a cdf on [0, 1]¢ with arbitrary margins.
As we will manipulate these objects in the same way as copulas, and given that they will be compared with the so-called
conditional copulas, we think it is valuable to introduce the term formally.

Definition 1. A d-dimensional pseudo-copula is a function C : [0, 1]¢ — [0, 1] such that

(a) For every u € [0, 1]%, C(u) = 0 when at least one coordinate of u is zero;
(byca,...,1nH=1;
(c) Forevery uand vin [0, 1]¢ such that u < v, the C-volume (see [29, Definition 2.10.1]) of [u, v] is positive.

Invoking the same type of arguments as in Sklar’s theorem (see, e.g., [29]), we get the following result.
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Theorem 1. Let H be a cdf on RY and let Fy,...,F; be d arbitrary univariate cdfs on R. Assume that for every
X=(X1,...,X), X=Xy, ...,Xq) € RY,

Fi(x) =F(x), 1<j<d = HX =H®X). 3)
Then there exists a pseudo-copula C such that

HXx) = C{Fi(x1), ..., Fa(xa)}, (4)
for every X = (X1, ...,%3) € RY C is uniquely defined on RanF; x --- x RanF,, the product of the values taken by the F;.
Conversely, if Cisapseudo-copulaandif Fy, ..., F;are some univariate cdf’s, then the function H defined by (4) is a d-dimensional

cdf.
Therefore, when C is a pseudo-copula, the function H, as defined below by (6), will be a valid cdf on R¢, but its margins
can be quite arbitrary (and different from the F; cdf in general).

Remarks. Obviously, condition (3) is satisfied if the distribution functions F; are invertible, in particular, if F; are strictly
increasing. If this condition it not satisfied, the knowledge of (F;(x1), ..., F4(xg)) is not sufficient to recover H (x), and then
the concept of pseudo-copulas fails.

Further note that if the pseudo-copula C in Theorem 1 is a (true) copula, then

H(+OO,...,X]',...,+OO)ZF}(Xj), (5)
foreveryj = 1,...,dand X = (x1,...,xq) € RY i.e. the marginal distributions of the joint cdf H are F,j=1,...,d.
Conversely, if (5) is satisfied and if the functions F;, j = 1, ..., d are continuous, then C is a true copula.

Finally, observe that pseudo-copulas should not be confused with quasi-copulas dealt with in the literature (see, e.g.,
Section 6.2 in [29]). Note that the pseudo-copula C above can be extended on [0, 1]¢, exactly as in the usual proof of Sklar’s
theorem; see [29].

Proof of Theorem 1. We prove the result for d = 2 only as the extension to higher dimensions is relatively straightforward.
Consider the function C : [0, 1]> — [0, 1] defined by

C(u, v) = H{F " (w), F{" (v)},

where Fj(_l)(u) = inf{t | F(t) > u}, j = 1, 2 are generalized inverse functions. Mimicking the proof of Sklar’s theorem, it
is easy to check that C is a pseudo-copula and we just need to prove is that C satisfies (4). In fact,

ClFi(x1), B2(x2)} = H{F{ " o Fy(x1), F "V 0 Fa(x2))
and
(-1 =) _
H{F; " oFi(x1),F,” " o F,(x2)} = H(x1, x2),

because Fj(x;) = Fjon(*U oFj(xj) forj = 1, 2 by assumption (3). Thus, the existence of a pseudo-copula is obtained. Moreover,

when C is unique, C = C. From Eq. (4), it is obvious that C is uniquely defined on RanF; x - - - x RanF,; and must be equal
to C.Indeed, ifu = Fi(x1) = F1(X1) and v = F,(x;) = F>(X,), then H(x1, x;) = H(X{, X) = C(u, v) for every pseudo-copula
C. The converse result is straightforward. O

Now, let us discuss the link between conditional laws and pseudo-copulas. Consider Ay, ..., 44 and B, some sub-o -
algebras of . For instance, B could be the o -algebra induced by #41, ..., A4 (and that we denote by o (1, ..., Ag)), but
this is not required. The only restriction on these sub-o-algebras is that the “marginal” o -algebras +; do not provide more
information than the “global” o -algebra 8. That is, we will assume

Assumption (S). Foreveryj=1,...,d, A; C 8.

For convenience, denote A = o (A1, ..., #A¢). We have the following result.
Theorem 2. For any sub-algebras B, 41, . .., Aq that satisfy (S), there exists a random function C : [0, 1]¢ x £2 — [0, 1]
such that
PX < x| B)(w) = C{PX1 < X1 | A)(®), ..., PXg < Xq | Ag)(w), w}
= C {P(Xl S X1 | ‘Al)a ) ]P(Xd 5 Xd | ‘Ad)} ((,l)), (6)
for every X = (x1,...,x4) € RY and almost every w € $£2. This function C is B([0, 1]¢) ® 8 measurable. For almost every

w € £2,C(-, w) is a pseudo-copula and is uniquely defined on the product of the values taken by x; — P(X; < x; | Aj)(w),
j=1,...,d
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Proof. The proof is formally identical to that of Theorem 1, replacing distributions with conditional distributions. We check
(3)in this case. Forall x = (x1, ..., X4),X = (X1, ..., X¢) in R? and for any arbitrary event w € £2,

PO < % | A)(@) = BOG <X | AD@), j=1,....d
implies
PX <x|8)(w) =PX <X | B)(w).

Assume for convenience that X < X. If P(x; < X; < X; | 4;) = 0, then E{P(x; < X; < X; | 8)|4;} = 0 using Assumption (S).
Since the conditional probability is non-negative, we deduce that P(x; < X; < X;|8) = 0. Therefore,

d
|P(X§x|£)—1P(X§i|£B)|§Z]P’(xj<)(j§)?j|£)=0,
j=1

asclaimed. O

If C is unique, we will refer to it as the conditional (4, 8)-pseudo-copula associated with X and denote it by C(-|4, 8B).In
general, C(- | A, B)—or more precisely C(- | 4, B)(w)—is not a copula. Rewriting condition (5), C(-|#, 8) can be extended
(through Sklar’s theorem) as a true copula almost everywhere if and only if

PX; <X | B) =P(X; <x; | Aj) ae. )

forallj =1,...,dandx = (xq,...,%;) € R% This means that 8 cannot provide more information about X; than «;, for
every j. As mentioned above, this is clearly a strong requirement; see the example below. It is closely related to the Granger
causality concept in time series, when B contains +; plus some other variables (that may or may not cause X;). In this case,
the constraint (7) can be tested nonparametrically; see, e.g., [ 14,15,30].

In the sequel, we will use the term conditional copula if C is a true copula only. Patton’s conditional copula corresponds
to the particular case 8 = A1 = - - - = Ay, for which (7) is clearly satisfied.

Even V\(/jhen (S) is not satisfied, it is still possible to define a conditional (4, 8)-pseudo-copula C by setting, for every
ue [0, 1]%

Cu) =P{X; < FU P (uy| A1), ... Xg < FS (uglAq) | B}, (8)

Obviously, we have set F;(xj|Aj)) = P(X; < x;|#;) forj = 1,...,d. In such a case, relation (6) only holds on a subset in R?
(which may vary with w).

Typically, when we consider a (stationary or not) d-dimensional process (X;)nez, the previously considered o -algebras
are indexed by n. In practice, we assume most of the time that they depend on the past values of the process, even if we
could consider theoretically future values or both past and future values in the conditioning subsets. For instance, we may set
Anj =0 Xn—1j, Xn—2j, ...) and B, = o (X,_1, .. .). Thus, in general, we are dealing with sequences of conditional copulas
and pseudo-copulas, that depend on some index n and on the past values X,,_1, X,_», . . . of the vector-valued process.

When the process (X,) is k-order Markov, these conditional pseudo-copulas depend on the last k observed values only.
The most common choices for the sub-o-algebras, especially in finance, are A,; = o(X,—1;) foreveryj = 1,...,d
and 8, = o(X;_1). More generally, we could consider #4,; = o{(X,—1; € {,;)} for some oreveryj = 1,...,d and
B, = o{(Xn—1 € dn)}, where the 4, ; (resp. 4,) denote some measurable subsets in R (RY, respectively). For example,
the latter quantities may be some intervals or product of intervals as in [8]. The conditioning subsets could be related
to several lagged values. All these cases may be mixed yielding a large scope of possibilities concerning the choice of
(An,la D) eA’n,d, 0(Bn)-

The following examples show that even in very natural cases, conditional pseudo-copulas may not be copulas.

Example 1. Consider, for instance, the simple stationary bivariate process

Xy = aXp—1 + &n
Yy = bXy—1 + Y1 + vy,

for every n € Z, where the sequences of residuals (e,)nez and (v,)nez are independent standard Gaussian white noises. Set
An1 = 0 Xn_1), An2 =0 (Yp—1) and B, = o {(X, Y)n_1}. After some calculations, one gets

P{Y, <y | X, V)1 =& Y1} =D (Y —bxp_1 —cy,—1) and

[ 1—a?
P{Y, < Yoo1 =V} =@ — CYp— _
{n_}’| n—1 Yn 1} (y Yn l) 1_a2+b2
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It is clearly impossible to make P(Y, <y | 8,) and C{1,P(Y, < y | +p>)} equal for all triplets (x,—1, yn—1,y) and any
copula C, when it should be true if C were a 8,-conditional copula. In this case, the underlying pseudo-copula is given by

1—a2+b2

Clu, vI(X, V)ney = (X Y1} = u 1 71 0)) [ ———

— bxp—4

Example 2. Invoking relation (8), it is easy to encounter pseudo-copulas that are not copulas. For instance, consider the
Gaussian pseudo-copula family

Culy*) = @5 {@ 7 () + M@, .... &7 () + na(¥")}

where @ denotes the cdf of a standard Gaussian random variable & (0, 1), @5 denotes the cdf of a Gaussian vector with
correlation matrix X, whose margins are (0, 1), and the functions 71, ..., ng are arbitrary. The simplest choice of the
latter functions could be some “index functions” n;(y) = ijy, j =1,...,dfor vectors y;. A similar construction may be
used to build the Student pseudo-copula family, by replacing @ (resp. @5 ) by the cdf of a univariate (resp. multivariate)
standard Student distribution.

Example 3. Archimedean pseudo-copulas constitute another example. Let ¢ : [0, 4+00) — [0, 1] be the generator of
an Archimedean copula. This function is continuous and strictly decreasing. It satisfies ¥ (0) = 1, and limy_, 1o ¥ (x) = 0.
Kimberling [ 19] proved that ¥ generates a (true) copula in every dimension if and only if v is completely monotone, i.e., iff y
has derivatives of all orders on (0, +00) which alternate successively in sign. For conditions needed in a specific dimension,
see [26]. We will impose ¢ > 0. Then, an Archimedean pseudo-copula with generator v is defined by

Culy®) = ¥ {y "w)m@" + -+ v u)na(y")},

for any positive functions 7;.

Example 4. Tail dependence measures and, more generally, co-movements of extreme fluctuations of random variables and
processes are some of the most important concepts from copula theory in financial and economic applications of copulas.
They can be extended when models are defined through pseudo-copulas. For instance, consider a bivariate random vector
(X1, X2), with margins F{" and F;. A new concept of lower tail dependence could be defined by

) P{Fi(X1) < u, (X)) < u}
A = 2lim
ulo P{F1(Xy) < u} + P{R(Xz) < u}
. C(u, u)
lim 5 —
w0 FfoFy "(u) +F oF, (u)

if C is the pseudo-copula associated to F; and F, (no conditioning here). Unfortunately, since A; depends on the (true) margins
Fj*, the relevance of such an indicator becomes questionable.

Now, we recall a general recipe to build numerous (discrete time) multivariate processes (X;),>1 with time-dependent
copulas.

1. Identify a particular parametric copula family {Cy, 6 € ©}.

2. Knowing the past observations X, _; = (Xn,—1, Xs—2, . . .), define a functional relation between 6 and X, _;.

3. Set the d conditional marginal distributions x; — P(X,; < Xj|+nj), where 4, ; is a subset of o(X,,_,). For instance, a
natural choice could be 4, ; = o (X, _;),j = 1,..., d, but this is not mandatory.

4. The conditional law of X, is given by

P(Xn < xIX,_;) = Cox, ) {PK1.n < x1lAn1), ..., PXan < XgloAna)}

This strategy allows for the analysis of dynamic dependence structures, but by staying in a given copula family. This
natural idea has already been used in the literature; see [32,18,39] among others. In his study of the dependence between
Yen-USD and Deutsche mark-USD exchange rates, Patton [32] assumes a bivariate Gaussian conditional copula whose
correlation parameter follows a GARCH-type model. Jondeau and Rockinger [18] estimate similar models by specifying a
copula parameter that depends linearly on the previously observed joint large deviations. Alternatively, van den Goorbergh
et al. [39] postulate Kendall’s tau is a function of current conditional univariate variances. We refer to Patton [34] for
other references and applications in finance. In risk management particularly, the copula concept is very relevant; see, e.g.,
[21,23-25,28]. Note that Acar et al. [1] have discussed the nonparametric estimation of the function 6 above.

In all these cases, only “true” copula families were used, even after conditioning by the past values of the process. It is
then possible to build (often by simulation) multivariate models by stating independently and successively the models of X,
knowing its past values. This methodology works well because it is assumed (more or less explicitly) that P(X,, ; < xj|A, ;) =
P(X,; < x;|8,) for all j and x;, as discussed above.
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We see that, although pseudo-copulas have been used implicitly, they have not been introduced properly. We argue
that the previous framework can be revisited: instead of the first two steps, consider conditional (4, 8)-pseudo-copulas
and follow the same steps. Unfortunately, the statistician no longer has the freedom to choose all these pseudo-copulas

arbitrarily.
To illustrate this idea, consider again the previous recipe, but now with a bivariate pseudo-copula family (Cy). Set
Anj=0X,_1,),i=1,...,d, By = 0(X,_). Assume the process is Markov of order 1. Then, we must have

PXn <Y | X1 =X) = Co {PKny1 < Y1 | Xno11 =%1), PXKn2 < V2 | Xn12 = %2) | Xpo1 =X},

for all y and x. This implies, for every u € [0, 1] and every X,

u= /CQ(X) (us 1 | XT!—] = X) dPXn,l,z\ Xn,1,1:X1 (XZ)

Clearly, it is difficult to guarantee that a given parametric family (Cy) will satisfy such constraints exactly. A solution could
be to exhibit highly flexible families that satisfy these constraints approximately. Another solution would be to work in a
fully non-parametric way, as detailed in Section 3.

3. Estimation and goodness-of-fit testing

One key issue is to state if pseudo-copulas depend really on the past values of the underlying process, i.e., to test their
constancy. This assumption is often made in practice; see, e.g., [4,36]. Here, we estimate non-parametrically conditional
pseudo-copulas, including Patton’s conditional copulas as a special case. We test their constancy with respect to their
conditioning subsets.

For a stationary process (X;)nez, We restrict ourselves to conditional sub-algebras 4, and 8B, that are defined by a finite
number of past values of the process, typically (Xn—1, Xn—2, ..., X;—p) for some p > 1. Since we will often identify the
random variables and their realizations, the known value of the latter vector will be denoted by y. Obviously, we could set
Anj = 0(Xp—1;) and B8, = o (X,_1), but other specifications are possible, like A4, ; = o*(Xn,kj,j) for some k; € {1, ..., p}
andsomej=1,...,d.

Here, the sub-indices n are irrelevant due to the stationarity assumption. The dependence of A and 8B with respect to
past values y will be implicit hereafter. Formally, we would like to test the null hypothesis

Jt’él) : Foreveryy, C(- | A, B) = Co(+),
against
H, : Forsomey, C(- | A, B) # Co(-),

where Cy denotes a fixed pseudo-copula function. The null hypothesis means that the underlying conditional (A4, 8)-
pseudo-copula is in fact a true copula, independent of the past values of the process.
There are other interesting null hypotheses such as

Jt’éz) : There exists a parameter 6 such that C(-|A, 8) = Cy, € C, foreveryy,

where € = {(y,0 € O} denotes some known parametric family of pseudo-copulas. We may extend this assumption by
allowing the parameter 6 to depend on past values of the process, to test, say,

Jt’ég) : For some function 6(y) = 6 (4, 8) we have C(-|4, B) = Cyy) € C, foreveryy,

where C = {Cy, 6 € ®} denotes a family of pseudo-copulas.

The latter assumption says that the conditional pseudo-copulas stay inside the same pre-specified parametric family of
pseudo-copulas, for different observed values in the past. These three null hypotheses are nested and may be easily rewritten
when the conditioning subsets contain more than one past observation.

To our knowledge, only parametric copula families ¢ whose parameters depend on past values of the underlying process
are considered in the literature. We propose a fully nonparametric estimator of the conditional pseudo-copulas, and derive
its (Gaussian) limiting distribution. This allows us to build some goodness-of-fit test statistics.

We use the short-hand notation X, for the vector (Xp, Xm+1, - . . , Xy). Similarly, we write X';L i= (Xm.js - - - » Xn,j). AsSsume

that every conditioning set 4, ; (resp. 8;) is related to the vector XZZ;J (resp. Xﬂ:; ). Specifically, we consider the events

(XZ::, =Yy*) € B;, withy* = (y1,...,¥p),and (XZ:;J =V;) € Ay, with yf = W1 - Ypj)-

With similar techniques, we could extend the framework so that past values of a given margin are integrated into the
conditioning subset of other margins. Since this necessitates the introduction of alternative estimates and notations would
become tedious, we prefer to concentrate on the most standard situation in practice.

Our nonparametric estimator of the pseudo-copula is based on a standard plug-in technique that requires estimates of
the joint conditional distribution

mx |y) =P (% < x| X" =y")
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and of conditional marginal cdf’s
m(x; | y;) =P<ij <X |Xﬁ;1 =y}‘), j=1,....d.
We will use the following set of assumptions.

Assumption (M). The sequence (X,),cz is stationary and strongly mixing, i.e., there exists a function «(n) defined on N
witha(n) | 0asn — ooand

sup [P(AN B) — P(A)P(B)| < a(n)
k

forallA € o(Xy,...,Xy) and B € o (Xg1n, Xkrnt1, - --) and n is a positive integer. In addition, we assume that for some
0<d<1,

o0
Z AP0 () < 0.
=1

Assumption (R1). The random vector (Xy, ..., Xp+1) has a bounded density with respect to the Lebesgue measure. The
density of (X, ..., X,) is bounded away from zero in some open neighborhood of a given vector y* < RPY. The vector
(X", X’l’iz) has a continuous density in some open neighborhood of (y*, y*) for every m > 1. The density of X, ; knowing
Anj is strictly positive at x; = mj_l(uj | Anj),j=1,...,d whereu = (uy, ..., ug) denotes some given vector.

Assumption (R2). For each x € RY, m {x|F{1(t1), ...,Fcf(tpd)} with 0 < t; < 1 is twice continuously differentiable in
t € V, where V denotes some open neighborhood of a given pd-dimensional vector

(F1y11)s - Fav1a), Fi(v21), - - s Fa02a), - - F1 1), - - o FaWpa)),

and
2

max supsup
1<i,j<pd tey x 8tiatj

m{X|Fy (1), ... F; ' () }| < oo

Assumption (K). K (resp. K) is a probability kernel function on RP? (RP, respectively), twice continuously differentiable,
vanishing outside a compact interval and satisfying [ vjK(v)dv = 0for 1 < j < pd ([ vK(v)dv = Ofor1 < j < p,
respectively).

Assumption (B). The sequence of bandwidths h,, satisfies 0 < h,, — 0, nhﬁdH“L‘S — oo and nhﬁd+4 — 0asn — oo, where

. . . = . o - Zp+2-+8 Fp+4
§ is as given above. Moreover, the bandwidth sequence h,, satisfies 0 < h, — 0, nhﬁJr 5 coand nhﬁJr — 0asn — oo,
where § is as given above.

Actually, we may assume the sequences mhﬁdJr4 and nf_lﬁ+4 tend to some non zero constant as in [27]. Then, the limiting

distribution in Theorem 3 would become non centered. Nonetheless, under zero Assumptions Jf’él) (or Jf’éz) ), this would
change nothing because the latter additional term would be zero; see Theorem 3.1 in [27].

Let F,; be the (marginal) empirical distribution function of X;, based on the (X, ..., Xy ). Set
_ X1 Xnd - - - (X1 X
1<x=hpd1<<—,...,i), Koo =hPR(2,....2).
n(X) P p 7 (%) p p

For every x € RY and y* € RP, we can estimate the conditional distribution m(x | y*) = P (Xp <x|X'= y*) by

1 R _
ma(x | ¥9) = - Y K XX < %),
{=0

where

KaX; ™™ = Kn{Fn Xer) = Fn0/10), - - - Faa(Xea)
—Foa1a), - Fit Xep=1),1) — Fir p1)s - -+ Fad Xeqp—1),d) — FraVpa) }-

Similarly, for all x; € R and y]?" € RP, the conditional marginal cdf's

mi |y =PXy <x | X5, =y
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can be estimated in a nonparametric way by

=

1 &
n—p

foreveryj=1,...,d.
We propose to estimate the conditional pseudo-copula by

my (x| y)) = Ki{FojXe) — Faj 1) - - - FojXep—1) — Fnj@p)} 1K < X)),

o~
I
-

o~ _ —1 —1
Clu | X, =y") = mufm " 1)), .. omy e |y 1y} 9)
Obviously, we use pseudo-inverse of conditional empirical functions in the latter equation.

Theorem 3. Assume that the Assumptions (B), (K), (M), (R1), (R2) and (S) hold. Then, under J(’é]), for allu e [0,1]% and
y* = (YL . ',yp) € dev

VCu | X' = y*) — Go(w)) —> N[0, o (w)]

asn — oo, where o (u) = Co(u){1 — Co(u)} [ K2(v) dv.

This result can be extended to deal with different vectors y* simultaneously. Moreover, we can consider the null

hypotheses J{’éz) and JféB), provided we have an estimator of the true parameter that tends to the true value (in probability)
faster than the estimators m, and m, ;.

Corollary 1. Assume that the above assumptions hold for q different vectors y; € R® k = 1,...,q and that the vector
(X", X‘iiﬂ) has a continuous density in some open neighborhood of (y;,y;) foreverym > 1,k, £ = 1, ..., q. Then, under

75> and for all u € RY, we have

Vi (Ceu |y} — G, ). ... C(u | y}) — G ()} —> N[0, Z(w.y}.....y)].

asn — oo, where
X(u,yj,...,y,) = diag (Cg(y;f;)(u){l — oy (W)} / K*(w)dv, 1<k< q) ,
for some consistent estimators ék such that
b =00)+0,n"", k=1,...,q.
Each kth term on the diagonal of X' can be consistently estimated by
& (w) = G ({1 — Gy (w)} / K?(v) dv.
Note that, in the corollary above, the limiting correlation matrix is diagonal because we are considering different

conditioning values y7, ..., y, but the same argument u. At the opposite, an identical conditioning event but different
arguments uq, Uy, ... would lead to a complex (non diagonal) correlation matrix, as explained in [11].

Proof. Under the above assumptions, Mehra et al. [27] proved that, for every x € R? and every real number t, we have

P |:\/ nhgd {mn(x |y") —m(x | y*)} = tfx,y*i| — @(1), (10)

where @ (t) is the cdf of the standard Gaussian distribution, and

oy =mx | y) {1 —mx |y} [I(z(v) dv.

Similarly, it follows that

Vil {me (i 1 ¥) — Fx; 1)}

converges to a Gaussian limit. Since K > 0 (K is a probability density), m, is monotone increasing. Consequently, the
convergence in (10) holds uniformly in the argument ¢.
Careful inspection of the proofs of Lemmas 3.1 and 3.2 in [27] reveals that

sup |my(x; | y) — Fi(x; | y)| — 0,
Xj€R
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in probability, as n — oo, where we used Fy;(x;) — Fj(x;), in probability, asn — oo, uniformly inx;, 1 < j < d. The
conditions on Fj and a standard technique (see, e.g., [35, Example 1, p. 7]) implies that

mG @i |y = | y)), (11)
in probability, asn — oo.The theorem follows immediately from the weak convergence (10), the convergence in probability
(11) and the continuity of the normal distribution. O

Asin[11], a simple test procedure may be based on

4 {Cu | X' =y —C (w)?
Ty, ...,y = @)y ] -
k=1

A 2 b

O—y,t (u)

for different choices of u and conditioning values y;. Under J(’(()U , the term on the right-hand-side tends to a qu distribution
under the null hypothesis.

Note that this test is “local” since it depends strongly on the choice of a single u. An interesting extension would be to
build a “global” test, based on the behavior of the full process

Yl CE X =y — G ().

But the task of getting pivotal limiting laws is far from easy, as illustrated in [11]. Most of the alternative GOF test statistics
rely on the (non-smoothed) empirical copula process and are bootstrap-based (see [ 13] for a survey). Whether some of them
can be adapted in the pseudo-copula framework remains an open question.

In the case of parametric pseudo-copula models Cy with § € ® C RY, a semi-parametric estimation procedure can
easily be implemented, as in [3]. Indeed, the log-likelihood can be split still into a part involving a pseudo-copula and a part
involving the marginal distributions. For instance, we can estimate the marginal cdf’s by the functions m, ; above, and find

o by maximizing (over 6 € ®)

n
k—1 k—1 k—1
Z Inzy {mn,l(xk.] | x]:_pj)’ ey My g (Xieg | Xk_p,d)lxli_p} )
k=p
with
d

T uX,) = w@mwﬂy

ouy---9 k—p

We leave the study of such a procedure for further research.

4. A small simulation study

We evaluate the power of our test statistics 7 in the case of a bivariate stationary process (d = 2). We restrict ourselves
top = 1, i.e,, only the last observed value is assumed to influence the dynamics of the dependence between X, ; and X, ,.
The null hypothesis states that the bivariate pseudo-copula of (X, 1, X5 2) is independent of the past values (Xp,—1.1, Xn—12)
and that it is a Gaussian copula, viz.

Ho : C(uly) = Cc(u) forallu € [0, 1] and y € R? for some Gaussian copula Cg.

Note that the Gaussian copula above does not depend ony.
The data are generated from the bivariate auto-regressive process

Xn1 = aXn—1,1 + bXn_12 + €n 1,
Xn2 = bXn_11+ aXn_12 + €n2,

where the residuals are standard correlated white noises, with corr(e, 1, &y.2) = p8n for all n and n’. We assume that
a+b < 1and that p = 0.5. The initial vector (Xo 1, Xo,2) is drawn from the stationary law. We choose a set of past observed
values to set the conditioning arguments y; = (i,j), i,j € {—1,0, 1}, for 1 < k < 9. This provides a 9-point grid (g = 9 in
the notation of the previous section).

Moreover, to assess the sensitivity of our results with respect to the choice of u, we choose nine different values for
this bivariate vector u = (uq,up) : u; € {0.1,0.5,0.9},u, € {0.0,0.4, 0.8}. We consider time series of length N. The
bandwidths h and h have been chosen by the standard “rule of thumb” [37], as if we were dealing with the densities of
the “pseudo-sample” (Fy 1(Xn,1), Fn2(Xn2)),n = 1,..., N. All the considered kernels are Gaussian. Since the empirical
standard deviation & of the two previous marginal distributions are the same, we set

B 20 =2 .
N1/6° N1/5
Here, with a sample size of N = 5000 points, & ~ 0.288, h* ~ 0.139 and h* ~ 0.0524.
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Table 1
Percentages of rejection of #, at 5% level with N = 5000 and 500 replications (test statistic 7).
(a, b) u
(0.2,0.1) (0.2,0.5) (0.2,0.9) (0.5,0.1) (0.5,0.5) (0.5,0.9) (0.8,0.1) (0.8,0.5) (0.8,0.9)
(0,0) 10.2 11.4 14.2 13.8 12.0 11.8 10.0 9.2 14.4
(0,0.2) 89.4 97.2 98.4 99.2 98.6 99.4 99.2 98.4 99.2
(0,04) 99.0 99.8 100.0 100.0 99.8 99.8 99.6 99.6 99.6
(0,0.6) 99.6 100.0 99.8 100.0 100.0 100.0 100.0 100.0 99.4
(0,0.8) 99.4 100.0 100.0 100.0 100.0 99.8 100.0 99.8 100.0
(0.3,0.0) 7.0 6.2 9.2 9.0 10.4 6.2 6.8 7.6 5.6
(0.3,0.2) 97.2 99.8 100.0 99.8 100.0 100.0 100.0 99.6 100.0
(0.3,0.4) 99.0 100.0 99.8 100.0 100.0 100.0 99.8 100.0 100.0
(0.3,0.6) 99.4 100.0 100.0 100.0 100.0 100.0 100.0 100.0 99.6
(0.6,0.0) 6.2 438 40 6.8 3.0 3.8 42 42 3.2
(0.6,0.2) 95.8 100.0 99.8 100.0 99.8 100.0 100.0 100.0 99.4
(0.9,0.0) 5.0 2.6 6.6 2.8 4.2 3.6 2.0 2.4 4.0
Table 2
Percentages of rejection of #, at 5% level with (a, b) = (0.3, 0.2), for several sample sizes N and 500 replications (test statistic 7).
Sample size u
(0.2,0.1) (0.2,0.5) (0.2,0.9) (0.5,0.1) (0.5,0.5) (0.5,0.9) (0.8,0.1) (0.8,0.5) (0.8,0.9)
200 19.8 41.8 90.2 48.0 23.6 83.6 77.0 63.8 53.2
1000 49.0 92.2 97.2 81.6 80.6 99.0 98.4 99.0 88.4
5000 97.2 99.8 100.0 99.8 100.0 100.0 100.0 99.6 100.0
Table 3
Percentages of rejection of #, at 5% level with (a, b) = (0.3, 0.0), for several sample sizes N and 500 replications (test statistic 7).
Sample size u
(0.2,0.1) (0.2,0.5) (0.2,0.9) (0.5,0.1) (0.5,0.5) (0.5,0.9) (0.8,0.1) (0.8,0.5) (0.8,0.9)
200 14.4 14.8 14.0 12.0 9.8 8.4 14.0 16.8 10.2
1000 10.4 10.2 10.0 9.2 8.4 7.2 12.0 6.6 5.8
5000 7.0 6.2 9.2 9.0 10.4 6.2 6.8 7.6 5.6

In each case, we calculate the test statistics 7 (u, y*) and compare it with the 0.95 quantile of a chi-square distribution
with 9 degrees of freedom. Table 1 provides the proportion of rejection of this test. In average, this proportion is close to
5% of the times when Hy is true (b = 0). More precisely, it is higher for small a, and smaller for high a. Otherwise, the test
rejects the null hypothesis most of the time (for different values b # 0).

We observe that the frequencies of rejection are almost independent of the value of a and that it is slightly increasing with
b, what is in line with intuition. The performances depend a bit on the chosen argument u. The best ones are obtained for u
values that lie far from the boundaries of the unit square [0, 1]. This may be due to the well-known bias of kernel estimates
on the boundaries of finite support distributions. Here, the test could surely be improved by modifying our kernels in the
lines of Omelka et al. [31]. Overall, the power of our test seems to be reasonable, keeping in mind the complexity of the test
procedure.

Clearly, to get reliable results, this test procedure must be led with sample sizes larger than several thousand points, as
it is shown in Tables 2 and 3. Of course, as usual in such kernel-based tests, our results depend on the bandwidth choices.
We have observed that the performances of our previous test does not seem to be too sensitive to the choices of h* and h*,
when they remain “reasonable”. This is particularly true concerning the power of this test. When we “over-smooth” the joint
underlying distribution and “under-smooth” the margins, we tend to falsely reject more frequently the null hypothesis. In
practice, we advise to perform the test 7 (u, y*) for several values u and several bandwidth choices.
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