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Abstract

Measuring conditional dependence is one of the important tasks in statistical inference and
is fundamental in causal discovery, feature selection, dimensionality reduction, Bayesian
network learning, and others. In this work, we explore the connection between conditional
dependence measures induced by distances on a metric space and reproducing kernels
associated with a reproducing kernel Hilbert space (RKHS). For certain distance and kernel
pairs, we show the distance-based conditional dependence measures to be equivalent to
that of kernel-based measures. On the other hand, we also show that some popular kernel
conditional dependence measures based on the Hilbert-Schmidt norm of a certain cross-
conditional covariance operator, do not have a simple distance representation, except in
some limiting cases.

Keywords: Conditional independence test, distance covariance, energy distance, Hilbert-
Schmidt independence criterion, reproducing kernel Hilbert space

1. Introduction

Measuring conditional dependence between random variables plays a fundamental role in
many statistical inference tasks such as causal discovery (Pearl, 2000; Spirtes et al., 2000),
supervised dimensionality reduction (Cook and Li, 2002; Fukumizu et al., 2004), conditional
independence testing (Su and White, 2007; Gretton et al., 2012), and others. Formally,
for random variables (X,Y,7), X is said to be conditionally independent of Y given Z,
denoted as X I Y|Z, if Pxy|z = Px|zPy|z a.s.-Pz, where the notation Px|; denotes a
regular conditional probability defined as Px|z(-) = E[1(X € -)|Z] a.s.-Pz, with Pz being
the marginal distribution of Z. Given a distance measure D on the space of probability
measures, D(PXy| 7, Px |z Py 7) measures the degree of conditional dependence between X
and Y given Z, with X I Y[Z if and only if D(Pxy |z, Px|zPy|z) = 0 a.s.-Pz. Some popular
choices for D include the Kullback-Leibler divergence (more generally f-divergence), total
variation distance, Hellinger distance, Wasserstein distance, among others.
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Recently, a class of distances on probability measures induced by a Euclidean metric
on R%—more generally by metrics of strongly negative type—, called the energy distance
(Székely and Rizzo, 2004) and distance covariance (Székely et al., 2007; Székely and Rizzo,
2009; Lyons, 2013) has gained popularity in nonparametric hypothesis testing (e.g., two-
sample and independence testing), because of their computational simplicity and elegant
interpretation. Wang et al. (2015) extended distance covariance to conditional distributions
on R? to obtain a measure of conditional dependence, called conditional distance covariance
(CdCov) and has been applied in conditional independence testing. We refer to these class
of probability metrics as distance-based measures and point the reader to Section 3 for
preliminaries on distance-based measures.

On the other hand, in the machine learning literature, measures of dependence have
been formulated based on embedding of probability distributions into a reproducing kernel
Hilbert space (RKHS; Aronszajn, 1950). This embedding into RKHS allows to capture the
properties of distributions and has been used in many applications including homogeneity,
independence, and conditional independence testing (for example, see Muandet et al., 2017
and references therein). Formally, given a probability measure v defined on a measurable
space 2", and a RKHS 77, with the reproducing kernel k, v can be embedded into 7%, as

Vi /% k(- x)dv(z) == ux(v) € G,

where ug(v) is called the mean element or kernel mean embedding of v. Using this notion,
the kernel distance, also called as the maximum mean discrepancy (MMD) between two
probability distributions P and Q is defined as the distance between their mean elements
(Gretton et al., 2007), i.e., D(P,Q) = || (P) — 11 (Q)|| s . The kernel embedding and the
kernel distance are well-studied in the literature and their mathematical theory is well-
developed (Sriperumbudur et al., 2010, 2011; Sriperumbudur, 2016; Szabé and Sriperumbudur,
2018; Simon-Gabriel and Scholkopf, 2018; Simon-Gabriel et al., 2020). Generalizing this
notion of kernel embedding to distributions defined on product spaces yields a kernel measure
of dependence, called the Hilbert-Schmidt independence criterion (HSIC; Gretton et al., 2005,
Gretton et al., 2008, Smola et al., 2007), which can then be used as a measure of conditional
dependence by employing it to conditional probability distributions (Fukumizu et al., 2004,
2008). Fukumizu et al. (2004); Gretton et al. (2005) provided an alternate interpretation for
HSIC in terms of the Hilbert-Schmidt norm of a certain cross-covariance operator, based on
which the Hilbert-Schmidt norm of a conditional cross-covariance operator (we refer to it as
HSCIC) is then proposed as a measure of conditional dependence. We point the reader to
Sections 4 and 5 for details and refer to these class of probability metrics as kernel-based
MEASUTES.

Sejdinovic et al. (2013) established an equivalence between distance-based and kernel-
based dependence measures (i.e., distance covariance and HSIC) by showing that a repro-
ducing kernel that defines HSIC induces a semi-metric of negative type which in turn defines
the distance covariance (Székely et al., 2007, 2009), and vice-versa. However, despite the
striking similarity, the relationship between conditional distance covariance and related
kernel measures is not known. The goal of this work is to investigate the relationship
between distance and kernel-based measures of conditional independence, and in particular,
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understand whether these measures are equivalent (i.e., the distance measure can be obtained
from the kernel measure and vice-versa).

As our contributions, first, in Theorem 1 (Section 4.2), we generalize the conditional
distance covariance of Wang et al. (2015) to arbitrary metric spaces of negative type—we
call this as generalized CdCov (gCdCov)—and develop a kernel measure of conditional
dependence (we refer to it as HSCIC) that is equivalent to gCdCov. Therefore, it follows from
Theorem 1 that CdCov introduced by Wang et al. (2015) is a special case of the HSCIC. In
fact, the HSCIC we obtain is exactly the conditional dependence measure recently proposed
by Park and Muandet (2020). Second, in Theorem 2 (Section 5), we consider the kernel
measure of conditional dependence based on the Hilbert-Schmidt norm of the conditional
cross-covariance operator (i.e., HSCIC) and obtain its distance-based interpretation. We
show that this distance-based version of HSCIC does not have an elegant interpretation,
except in limiting cases where it is related to CdCov and gCdCov (see Corollaries 3 and 4).

The paper is organized as follows. Definitions and notation that are widely used
throughout the paper are collected in Section 2. The preliminaries on distance-based and
kernel-based measures are presented in Sections 3 and 4.1, respectively, while main results
are presented in Sections 4.2 and 5.

2. Definitions & Notation

For a non-empty set 2", a function p: 2" x 2 — [0,00) is called a semi-metric on 2" if it
satisfies (i) p(z,2') = 0 < x = 2’ and (ii) p(z,2’) = p(2/,2). Then (2, p) is said to be a
semi-metric space. The semi-metric space, (2, p) is said to be of negative type if Vn > 2,
{zitie, € 27, and {au}y € R, with 370 ;= 0, 370 D70 auajp(2i,25) < 0. (27, p) is
said to be of strongly negative type if for all finite signed measures p such that pu(2") = 0,
[ [ p(z,y) du(z) du(y) < 0 for all 4 # 0. A real-valued symmetric function k : 2" x 2~ — R
is called a positive definite (pd) kernel if, for all n € N, {a;}?_; € R and {z;}}' , € 27, we
have szzl ajaik(x, xj) > 0. A function k : 2" x 2" = R, (z,y) — k(z,y) is a reproducing
kernel of the Hilbert space (74, (-, ), ) of functions if and only if (i) Vo € 27, k(-,z) €
and (ii) Vo € 27, Vf € A4, (k(-,x), f)n, = f(x) hold. If such a k exists, then /7 is called
a reproducing kernel Hilbert space.

Z, % and & denote Polish spaces endowed with Borel o-algebras. X, Y and Z denote
random elements in 2", # and %, respectively. X is defined as (X, Z), which is a random
element in 2" x 2. The probability law of a random variable X is denoted by Px, the
joint probability law of random variables X and Z is denoted by Pxz and the regular
conditional probability of X given Z is defined as Px|z(-) = E[1(X € -)|Z] a.s.-Pz such
that Px|z—. is a probability measure on 2" for all z € 2°. The symbol X Il Y|Z indicates
the conditional independence of X and Y given Z. ¢x and ¢y denote the characteristic
functions of X and Y respectively and their joint characteristic function is denoted as ¢xy.
The conditional characteristic functions of X, Y and (X,Y’) given Z are denoted as ¢ X|Z5
dy|z and ¢xy|z respectively. A measurable, positive definite kernel on 2" is denoted as ko
and its corresponding RKHS as .7#%-. Similarly we define ko, #%, ko, #Hy, ki and 5.
In this paper we assume that all involved RKHS’s are separable.

The space of r-integrable functions w.r.t. a o-finite measure,  on R? is denoted as
L"(R%, 1) and if p is a Lebesgue measure on R?, we denote it as L"(R%).
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3. Conditional Distance Covariance

Distance covariance was proposed by Székely et al. (2007) as a new measure of dependence
between Euclidean random vectors in arbitrary dimension. An interesting feature of distance
covariance is that unlike the classical covariance, it is zero only if the random vectors are
independent. Formally, the distance covariance (dCov) between two random vectors is
defined as the weighted L? norm between the joint characteristic function and the product
of marginal characteristic functions, i.e.,

2 _ 9o 1 loxy (t,5) — dx (t)dy (s)]?
VAXY) = oy = ox0v I = /] e avas,

where ¢xy denotes the joint characteristic function of random variables X € RP and
Y € R? with ¢x and ¢y denoting their respective marginal characteristic functions. Here

(p+1)/2 (g+1)/2 oy _g— .
¢ = T e = el and w(tys) = 7] with 2 = Y 62 for
t=(t1,...,tp). A particular advantage of distance covariance is its compact representation

in terms of certain expectation of pairwise Euclidean distances (Székely et al., 2007):
VA(X,Y) =E[E[|X - X'||[lY - Y'[|X, Y]] + E[X - X"|E[Y - Y|

—2E[E[||X — X|IXTE[]Y — Y'|[[Y]], (1)
where X & X7 , Y ey , which leads to straightforward empirical estimates by replacing
the expectations with empirical estimators. Such an estimator has been used as a test statistic
in independence testing and the resulting test is shown to be consistent if the marginal
distributions have finite first moment (Székely et al., 2007). As a natural generalization, Lyons
(2013) extended (1) to metric spaces of negative type and showed that the corresponding
distance covariance—obtained by replacing the Euclidean metric by a metric of strongly
negative type—is zero if and only if X and Y are independent.

Extending the idea of distance covariance, recently, Wang et al. (2015) proposed a
conditional version to measure conditional independence between random vectors of arbitrary
dimension. To elaborate, let X € RP, Y € R? and Z € R" be random vectors. The
conditional distance covariance (CdCov) V(X,Y|Z) between random vectors X and Y with
finite moments given Z is defined as

[bxv)z(t8) — dx1z(t) Py 2 (5)]?
cpcqllt|PH||s]jat

VAX.Y12) = oxviz — ox120v2 s = [ dtds,

where
dxy|z(t,s) =E [eﬁ(t’x>+ﬁ<s’y>|4 , Ox12(t) = dxy|z(t,0) and ¢y |z(s) = dxv|z(0, s).

As a crucial property, CdCov is zero Pz-almost surely if and only if X Il Y|Z. Similar
to distance covariance, one advantage of this measure is that its sample version can be
expressed elegantly as a V- or U-statistic, based on which Wang et al. (2015) proposed a
statistically consistent conditional independence test.

The conditional distance covariance defined above can also be computed in terms of the
conditional expectations of pairwise Euclidean distances:

VA(X,Y|Z) =E[E[IX - X'|[|Y - Y'|[|X,Y, Z]|Z] + E[| X — X" Z]E[|]Y - Y|||Z]
—2R[[E[|X - X'[[|X, ZIE[(|Y - Y'[[|Y, Z]| 2], (2)
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where (X,Y) and (X’,Y”’) are independent copies given Z. In the similar spirit of Lyons
(2013), CdCov can be extended to metric spaces of negative type through conditional
expectations so that (2) can be written as

V2 pe (XY Z) = E[E[par (X, X")pa (Y, Y")|X, Y, Z]| Z]
+E[pa (X, X) | Z]E[py (Y, Y")|Z]

_QE[E[p%(XvX/”Xv Z|E[pa (Y, YNy, Z)|Z], 3)

= Glpa (X, X)py (Y.Y')] =: G o [papy], (4)

where pg and psy are metrics of strongly negative type defined on spaces 2 and %
respectively with E[p%-(X,20)|Z] < oo a.s-Pz and E[p2,(Y,y0)|Z] < o0 a.s.-Pz for some
xo € Z and yg € . The moment conditions ensure that the expectations are finite. When
pa and py are strongly negative, then clearly (3) is zero if and only if X Il Y|Z.

4. Kernel Measures of Conditional Dependence

First, in Section 4.1, we present preliminaries on RKHS embedding of probability measures
and introduce kernel measures of dependence. Based on this discussion, in Section 4.2, we
develop a kernel measure of conditional dependence (we call it as Hilbert-Schmidt conditional
independence criterion—HSCIC) that is related to gCdCov (and therefore CdCov) discussed
in Section 3. We also present an interpretation for gCdCov through conditional cross-
covariance operator formulation for HSCIC.

4.1 RKHS embedding of probabilities

In the machine learning literature, the notion of embedding probability measures in an
RKHS has gained lot of attention and has been applied in goodness-of-fit (Balasubramanian
et al., 2021), two-sample (Gretton et al., 2007, 2012), independence (Gretton et al., 2008) and
conditional independence (Fukumizu et al., 2008; Zhang et al., 2011) testing. To elaborate,
given a probability measure P such that [, \/k(z,z)dP(z) < oo, its RKHS embedding
(Smola et al., 2007) is defined as

P up:= / k(-,xz)dP(x) € 4,
Zx

where 7 is an RKHS with k as the reproducing kernel. Based on this embedding, a distance
on the space of probabilities can be defined through the distance between the embeddings,
i.e., Di(P,Q) = |[up — pgllm,, called the kernel distance or maximum mean discrepancy
(Gretton et al., 2007). If the map P — pp is injective, then the kernel k that induces pp is
said to be characteristic (Fukumizu et al., 2009; Sriperumbudur et al., 2010) and therefore
Di(P, Q) induces a metric on /\/l,lg/2(55) = {P € ML(Z): [y VE(z, ) dP(x) < oo},
where M}F(% ) denotes the set of all probability measures on 2". Using the reproducing
property of the kernel, it can be shown that

Di(P,Q) = Exx/k(X, X') + Eyy/k(Y,Y') — 2Exyk(X,Y),

where X, X' M poand Y, Y’ i Q. Extending this distance to probability measures on
product spaces, particularly the joint measure Pxy and product of marginals Px Py, yields
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a measure of dependence between two random variables X and Y defined on measurable
spaces 2 and %, called the Hilbert-Schmidt Independence Criterion (HSIC), which is
defined (Gretton et al., 2005) as

DR ok (Pxy, PxPy) = ExyExiy ko (X, X' )kay (YY)
+ExEx ko (X, X" )\EyEy ks (Y,Y")
—2Exy[Ex ko (X, X' )Ey ks (Y,Y")] (5)

_ / (ko ko) (2,9, 2 ) d[Pxy — PxPy]2(x,y.2 o).

If the kernels k4 and kg are characteristic, then HSIC characterizes independence (Szabd
and Sriperumbudur, 2018), i.e., D, k,, (Pxy, Px Py) = 0 if and only if X 1L Y. An empirical
version of (5) has been used as a test statistic in independence testing and the resultant test
is shown to be consistent against all alternatives as long as k9 and ks are characteristic
(Gretton et al., 2008). An interesting connection between kernel-based HSIC and distance-
based dCov is shown by Sejdinovic et al. (2013) that dCov in (1) is in fact a special case of
HSIC and HSIC is equivalent to the generalized dCov introduced by Lyons (2013). This
result provides a unifying framework for the distance and kernel-based dependence measures.
With this background, in the rest of the paper, we explore the relation between distance
and kernel-based measures of conditional dependence.

4.2 Hilbert-Schmidt conditional independence criterion

For appropriate choice of kernels and distances, the following result provides a kernel-
equivalent of gCdCov, which we refer to as the Hilbert-Schmidt conditional independence
criterion (HSCIC).

Theorem 1 Let (27,p2) and (¥, pay) be semi-metric spaces of negative type. Suppose
E[p% (X,20)|Z] < 00 and E[p%, (Y, )| Z] < o0 a.s.-Pz for some xg € X', yo € ¥. If ky
and ky are pd kernels on Z and % that are distance-induced, i.e.,

ko (z,2") = pa(x,0) + par (2',0) — pa(,2)
and
ko (y,y") = o (y,0') + por (v, 0) — par (v, /)
for some 0 € & and 0' € %'. Then
VS ow (XY |Z2) =Golpapy] =Di 1, (Pxyiz, PxjzPyz), a.5.-Pz (6)
with
D3 o kw (Pxyiz: Px12Py2) = G o [kaky],

where G is defined in (4).

On the other hand, let kg and ko be pd kernels on 2~ and % respectively. Suppose
E[k% (X, X)|Z] < 00 and E[k%,(Y,Y)|Z] < 00 a.s.-Pz. If py and py are semi-metrics on
X and % that are kernel-induced, i.e.,

o k,@/(xa x) + k‘%'(l’l, 1'/)

po(wa) = . ~ ko (2,

6
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and ’oo
_ ko (yy) ke (v y)

105’7/(3/’ y/) - 2 - k{”/(ya y/)7

then (6) holds.

Proof Suppose k9 and kg are distance-induced. Then

D} ok (Pxy|z: Px12Py|2)
=Golkaky] =Glka (X, X ks (Y,Y)]
=G [(p2(X,0) + p2 (X', 0) — p2r (X, X)) (02 (Y. 0') + pr (Y',0') — pa (Y, Y"))]
=G [pr (X, X)pa (Y, Y] = V3, . (X,Y|Z)

PX P

a.s.-Pyz, where we used the fact that G[g(X,Y, X', Y’)] = 0 a.s.-Pz when g does not depend
on one or more of its arguments (for example, a constant function). On the other hand,
suppose pg and pg are kernel-induced. Clearly they are of negative type. Then

Vi e (X Y12)

PXPX

= Glpa (X, X )pa (Y, Y)]
e [(k’%”(XvX) the (XWX oy X’>> <’7@<Y, V) bk (VYY) Y’M

2 2
= Glka (X, X"Vho (Y,Y")] = D} 1, (Pxv|z, Px|zPy|2);

a.s.-Py, where we again used the above mentioned facts about G. |

Note that, while the quantities # and 6’ induce a family of kernels as 6 and 6’ range
over 2" and % respectively, all these kernels are equivalent in the sense that they induce
the same HSCIC as shown by the equivalence in (6). This means, CdCov is induced by
kernels of the form kg (z,2') = ||z — 0| + ||2’ — 0|| — ||l — 2/||, z,2" € RP and kg (y,y') =
ly=0+ 1y =0 —lly—9I, v,y € R? with § = #' = 0 being a popular choice—this choice
leads to covariance function of a fractional Brownian motion.

We would like to mention that a concurrent and independent work by Park and Muandet
(2020) proposed a criterion with the same name HSCIC, which is defined as the distance
between the conditional mean embedding of Pxy |z and the product of marginal conditional
mean embeddings of Py|z and Py |z, where the conditional mean embedding of Px|z is
denoted by ppy , and ppy , = Elkg (X, -)|Z] (the conditional mean embedding of Py|7 and
Pxy|z can be similarly defined). It is easy to verify that

VpQgg P (X7 Y’Z) = G[Pff (Xa X/)pgy(Y, Y,)] = G[k’?(Xa X,>k??(ya Y/)]
= |Elks (X, ) ® ky (¥, )|2] ~ Bk (X, )|2] & Elka (V. ) 2],
2

(7)

= ||up — WPy, @ WP, .
HIU’ XY|Z M x|z K Y|Z oo @y
While HSCIC is a natural measure of conditional dependence, in the kernel literature,
however, a different measure has been widely used (Fukumizu et al., 2004, 2008; Zhang et al.,
2011), which is based on the Hilbert-Schmidt norm of a certain conditional cross-covariance
operator. Before we introduce the conditional cross-covariance operator and these other
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measures of conditional dependence (which we do in Section 5), first we will briefly discuss
how HSIC is related to the Hilbert-Schmidt norm of a cross-covariance operator so that its
extension to the conditional version is natural.

For random variables X ~ Px and Y ~ Py with joint distribution Pxy such that
E[ka (X, X)] < oo and Elky (Y,Y)] < oo, there exists a unique bounded linear operator,
called the cross-covariance operator (Baker, 1973; Fukumizu et al., 2004), ¥y x : 74, —
iy, such that V f € 4, , g € I,

(9, Xvx ), =Ef(X)g(Y)] - E[f(X)E[g(Y)].

In fact, using the reproducing property that f(x) = (f, k%("gj)>%%7 Ve 2 and g(y) =
<g,k@/( Y)) Ay 5 , Vy € &, it follows that

Yyx —//k@ ) @ ko (-, 7) dPxy (7,y) /k y) dPy (y /k% )dPx(x), (8)

where ® denotes the tensor product. Clearly, Yy x is a natural generalization of the finite-
dimensional covariance matrix between two random vectors X € RP and Y € R?. Based on
(8) and the reproducing property, it can be verified that

2

rzyqusH [ [rrtn) @ ba o dey - PeR)

HS

////k% ) @ky (- y), ko (-, 2") @ ko (-, y)) ms d(Pxy — Px Py)(z,y)

X d(PXY — PXpy)(.Z‘/, y’)
where || - ||gs denotes the Hilbert-Schmidt norm. Since HSCIC is a conditional version
of HSIC and since the latter is the Hilbert-Schmidt norm of the cross-variance operator,

it is natural to extend Xy x to its conditional version as a Pz-measurable bounded linear
operator Xy x|z : Hi., — Hhiy such that V f € ., , g € H,,

(9:Syx12f) 4, = EIf(X)g(Y)|Z] — E[f(X)|Z]E[g(Y)|Z], as-Pz,
thereby yielding
Syxjz = Elka (-, X) © ko (-, Y)|Z] = E[ka (-, X)|Z) © E[ka (-, Y)|Z].
Similar to (9), it is easy to verify that
HEYX\ZH%JS = D%}ggk@/ (Pxy|z: Px|zPy|z)

a.s.-Pz. Therefore if kg and ks are characteristic, then X Il Y|Z <— ZYX|Z =0, Pz-a.s.

However, in the kernel literature, to the best of our knowledge, besides the concurrent
and independent work by Park and Muandet (2020) in which a quantity similar to HSCIC
is proposed, HSCIC has not been used as a measure of conditional independence probably
because it is a random operator. We can obtain a single measure of conditional dependence
by considering the expectation of HSCIC over Z ~ Py, i.e.,

Dp, (Pxy|z, Px|2Py|z) = Ez[| Sy x|zl 715 (10)

This single measure of conditional dependence by taking HSCIC over Z is not discussed in
Park and Muandet (2020).
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5. Relation between RKHS and Distance-based Conditional Dependence
Measures

Instead of ZYX| 7, Fukumizu et al. (2004) considered an alternate operator, called the
conditional cross-covariance operator, which is defined as follows. Suppose Ex ko (X, X)] <
00, Ey ks (Y,Y)] < oo and Ez[k#(Z,Z)] < co. Then there exists a unique bounded linear
operator Yy x|z such that

(9, %vx12f) ., = BIf(X)g(Y)] — E[E[f(X)[Z]E[g(Y)|Z]]
= E[Cov(f(X),9(Y)|2)]

for all f € 74, and g € 7., . As above, using the reproducing property, it can be shown
that

Yyx|z =E[Eky (Y) @ ky (-, X)|Z] = E[ko (-, X)|Z] @ Elky (-,Y)|Z]] = Ez[Zy x2].
However, unlike 3y x|z, the conditional cross-covariance operator Xy x|z does not character-
ize conditional independence since Xy x|z = O—assuming k2 and kg to be characteristic—
only implies Pxy = Ez[Px|zPy|z] and not EYX‘Z = 0, a.s.-Pz (Fukumizu et al., 2004,
Theorem 8). Therefore, Fukumizu et al. (2004, Corollary 9) considered Z as a part of X
by defining X := (X, Z) and showed that EYX|Z = 0 if and only if X Il Y|Z, assuming
ko, ko and kg to be characteristic. This is indeed the case since if kg, ko and ks are
characteristic, then ¥y ¢ , = 0 implies E Z[ZY £ ) = 0 and therefore

EE[LI{X € A,Y € B, Z € C}|Z]]
—E[E[I{X € A,Z € C}|Z]Ey|z[I{Y € B}|Z]]
=E[I{X €AY eB,ZecC}|-E[E[I{X € A, Z € C}|ZIE[1{Y € B}|Z]]
=E[E[1{X € A, Y € B}|Z|1{Z € C}]
—E[E[1{X € A}|Z]1{Z € C}E[1{Y € B}|Z]]

— E[[Pxy(2(A x B|Z) — Py 7(A1Z)Pyi7(BIZ)11Z € C}] =0,
for all A € By, B € By and C € By, where By, By and By are the Borel o-algebras
associated with 27, % and Z respectively. This implies,

Pxy z(A X B|Z) — Px|7(A|Z)Pyz(B|Z) =0, as-Pz,

implying X 1L Y|Z, a.s.-Pz. Hence HEYX\ZH%IS can be used as a measure of conditional

independence, which we refer to it as HSCIC. )
The goal of this section is to explore the distance counterpart of HSCIC and understand
how it is related to CdCov, gCdCov, and Dp, defined in (10). To this end, we first provide

an expression for ||X,, % 4113 in terms of kernels, using which we obtain an expression in
terms of distances.

Theorem 2 Suppose Ex[k% (X, X)] < oo, Ey[k% (Y,Y)] < oo and Ez[k%(Z,2)] < .
Denote X = (X, Z) Then

1Ty %121 s = EzEz [/fff(Z Z') <2yx\z, ZYX|Z’>HS}
=EzEzky(Z,2"0(Z, 2", (11)
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where }L(Z7 Z/) = FYXIZ]FY/XIIZ/ [kggf(X,Xl)kﬁy(Y, Y’)], Fy)qz = EXY|Z — Ey|ZEle and
Exy|z := E[|Z] (Ey|z and Ex|; are defined similarly).
Suppose kg and kay are distance-induced, i.e.,

ko (v,2") = pa (2,0)+p2 (2',0)—pa(z,2') and ky(y,y") = pu (y,0')+p2 (¥, 0")—pa (y.¥)
for some 0 € 2" and 0' € %'. Then MZ,Z") = Fy x| ;Fyrx11z:/[pa (X, X )pa (Y, Y')].
Proof Note that
2YX|Z = E[ZYX\Z]
=E[E[ky (-,Y) & (kakz) (-, X)|Z]] - E[E[ky (-, Y)|Z] @ E[(kokz) (-, X)| Z]]
=E[E[ky(Y)®@ka (- X)|Z] @ ke (-, Z)]
—E[E[ky (-, Y)|Z] © Efk (-, X)|2]
= EZ[EYX\Z ® ke (-, Z)).

Therefore,

. 2
19y 512l = [EBvxiz @ ko (5 2]
= <EZ[2YX|Z R ky(, 2)],Ez[Syxz ® k(- Z)]>HS
= / ) o - ) / ar (- /
=EzEz <EYX|Z Qky(,2), Yy x|z @kz (-, Z )>HS
f— ‘ ‘ . . /
=EzEz <ZYX|Za EYX|Z’>HS (kx (-, 2) k2 (-, 2)),,

=EzEz <2YX|Za2YX|Z’>HS ko (Z,2"). (12)

Note that EYX|Z =Fyx|z[kz (,Y) @ ko (-, X)]. Therefore,

<2YX\Za 2YX\Z’>HS = (Fyxiz ko (,Y) @ ko (-, X)], Fy x|z ko (-, Y) @ ko (-, >HS
= (Fyxiz ko (,Y) @ ko (-, X)], Fyrxrz0 [k (-, Y) @ k?%(' M s
=FyxzFyxiz [(ka (YY) @ ko (-, X), ko (- Y) @ ko (-, X)) 16
= Fyx1zFy x|z [<k@(.,y),k@(.,y’)>%@ <k%'("X)7k%('le)>%%}

= ]FYX|ZFY’X’|Z’ [k’yf(X, X,)kWL/(Y, Y/)] = h(Z, Z/),

using which in (12) yields the result. If kg and kg are distance-induced, then using the
fact that Fy x|zFyx/2[9(X, X', Y,Y")] = 0 when g does not depend on one or more of its
arguments—basically, the same argument that we carried out in the proof of Theorem 1—we
have

h(Z, Z/) == IFYX|ZIFY’X’|Z’ [pggj (X, X/)pay(Y, Y/)],
and the result follows. [ |

While h(Z, Z') has a distance interpretation as shown in Theorem 2, |3, £ 41135 does not

10
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have an elegant representation in terms of distances. Suppose ks is also distance-induced,
ie, ky(z,2)=px(2,0") + pr(x,0") — px(z, 2) for some 8" € Z. Then

IZysizlBrs = [ [ 1l b (21 2) dPa(z) aPa(z)
://[pg(z,e”)mg(x’,e”)—pgp(z,z') h(z, ') dPy(2) dP4 (). (13)

Unfortunately, (13) cannot be related in a simple manner to gCdCov or HSCIC. However,
some simplifications occur based on certain assumptions on ks, as shown in the following
corollaries. Under an appropriate choice of k4, Corollary 3 shows HSCIC to be asymptotically
equivalent to the weighted average of HSCIC (equivalently, the weighted average of ngCov)
defined in (10) while Corollary 4 shows the asymptotic equivalence between HSCIC and
CdCov.

Corollary 3 Suppose the assumptions of Theorem 2 hold and Py has a density pz w.r.t. the
Lebesgue measure on R such that h(z,-)pz is uniformly continuous and bounded for all
z€eRE Fort >0, let

1 !
kf(Z,Z,) = ﬁw (th> ) 272/ S Rda

where 1 € LY(RY) is a bounded continuous positive definite function with Jrath(z)dz = 1.
Then

lim HEmZH%s =Ez[12y x1zI5rs p2(Z)] = Dpz (Pxy|z, Px|zPy|z)-

Proof Define v;(z) := t~%) (%) From (11), it follows that

”EYX|Z||%{S =E Bz [ (Z — Z"h(Z,2")

= [oete) ([ st = e et ') s
= [ b2 < bz ) )

where * denotes convolution. Taking the limit on both sides as ¢ — 0 and applying dominated
convergence theorem, we obtain

i 12, s s = lmy [ p2(:) o (e, Ip2) ()0 = [ () isa(o (b, ) o)

t—0

The result follows from Folland (1999, Theorem 8.14) which yields lim¢_,o (1% (h(z, - )pz)(2) =
h(z,2)pz(z) for all z € R? and by noting that h(Z, Z) = 12y x1zllHs- [ |

Corollary 4 Suppose the assumptz'ons of Theorem 2 hold with py (z,2') = ||z —2'||, z,2’ €

R? and Pq(y, ) - Hy - y || yay € RY. Let ]ﬂg)(Z, Z/) = 77(2)77(3/)’ 272/ € R4 fOT some
real-valued function n on R% and

Ez {\U(Zﬂ loxv)z — ¢X|Z¢Y|ZHL2(M)] < 0. (14)

11
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Then
||Zyx\z|\%fs = |z [n(2) (0xv|z — dx120v|2)) HQLz(w) ; (15)

where w(t,s) = ﬁ”t”‘p_lﬂsﬂ_q_l, t € RP, s € RY. In particular, for t > 0 and some
a € R if n(z) = t%@ (“?Z) .z € RY where 0 is a bounded continuous function with
[0(z)dz =1 and Pz has a bounded uniformly continuous density pz on R? such that

/eSSZSup |0xv12(t.5) — bx12(E) by 2(5)] du(t,s) < oo, (16)
then
lim I1Zy %2l Frs = PZ (VA (X,Y|Z = a). (17)

Proof In the following, we show that
WMZ,Z") = (bxy|z — Ox|2Pv|2: Oxv|2 — ¢X|Z'¢Y|Z'>L2(w) (18)

and therefore (15) follows by using (18) in (11) with k(z,2") = n(z)n(z’) and applying
dominated convergence theorem through (14). We now prove (18). Consider

(dxviz — Ox|12%v |2, Oxv |z — <Z5X\Z/<Z5Y|Z'>Lz(w)
= //w(f» s) [oxyz(t,s) — dxz(t) by |z (s)] [ﬁbxy\z'(tas) — ¢x12/(t)Py |z (s)| dtds
_ //w(t, SA(t, s) di ds, (19)

where

At,s,2,7') = [oxviz(t, 8) — dx12(t) Py z(s)] [¢XY|Z/(757 s) — ¢X|Z/(t)¢Y\Z'(S)]
— [E [ez‘<<t,x>+<sx>>| Z} _E [ei<t,X>| Z} E [€i<s,y>| Z”

. [E [l X)) 2] —E [¢i0X) | 2] E [ei(s,Y)‘Z/H

= Exy|zBxnyr 2 X XYY Ry B 7By e (X XY =)

_EX‘ZEY|ZEX/Y/|Z/€i(<t7X*X/>+<s,Y7Y/>)
+EXleYIZ]EX/|Z/H“‘3y/\Z/ei(<t1X—X’>+(s,Y—Y'>)
- IE?YXIZIFY'X’|Z/6"(<12X—X'>+<57Y—Y'>), (20)

where IFYX‘Z = EXY|Z — EY|ZEX|Z USil’lg (20) in (19), we obtain

//w(t,s)A(t,s,Z, A dtdSZ//IFYXZIFy/X/Z/ cos(t, X — X') cos(s, Y =Y"Yw(t,s) dt ds
(21)

12



DISTANCE AND KERNEL MEASURES OF CONDITIONAL DEPENDENCE

by noting that sin(t, X — X’} and sin(s, Y — Y”) are odd functions w.r.t. ¢ and s respectively.
Since cos(t, X — X')cos(s,Y —=Y') =1— (1 —cos(t, X — X")) — (1 —cos(s, Y = Y")) + (1 —
cos(t, X — X'))(1 —cos(s,Y —Y")) and

Fyx|zFy xz - [f(X, X, Y, Y')] =0

for f(X, X YV,Y) =1, (X, X" YY') =1—cos(t, X — X') and f(X, X" YV,Y') =1-—
cos(s, Y —Y'), (21) reduces to

//w(t,s)A(t,s,Z,Z’) dt ds

1—cos(t,X —X') 1—cos(s,Y —Y")
= [ B [ = e

=Fy x| 2Fy x 2 (| X = XY = Y]]
— (2,2,

where the last equality follows from Lemma 1 of Székely et al. (2007) through f - ﬁ?ﬁ:ﬁ) dt =

|z, thereby proving the result in (15). By defining 6;(z) = t~%6 (%), we have

Ez[n(Z) (¢xv|z — dx120v|2)] = O * ((dxv|2 — dx|20v|2) PZ) (a),

which by (Folland, 1999, Theorem 8.14) converges to (¢Xy|Z:a — QSX‘Z:aQSylZ:a) pz(a) as
t — 0. Using these in (15) along with dominated convergence theorem combined with (16)
yields (17). |

Remark 5 Informally, the result of Corollary 3 can be obtained by choosing ke (z,2") =
§(z—2"), 2,2 € R, where §(-) is the Dirac distribution. Since such a choice does not corre-
spond to a valid reproducing kernel—Dirac distribution is not a function but a distribution
that does not belong to an RKHS—, the rigorous argument involves considering a family of
kernels indexed by bandwidth t which in the limiting case of t — 0 achieves the behavior of
the Dirac distribution. Similar argument applies to Corollary 4 as well.

6. Discussion

Conditional distance covariance is a commonly used metric for measuring conditional
dependence in the statistics community. In the machine learning community, a conditional
dependence measure based on reproducing kernels is popularly used in applications such as
conditional independence testing. In this work, we have explored the connection between
these two conditional dependence measures where we showed the distance-based measure to
be a limiting version of the kernel-based measure, where we may view conditional distance
covariance as a member of a much larger class of kernel-based conditional dependence
measures. This may enable to design more powerful conditional independence tests by
choosing a richer class of kernels.

Having understood the relation between these various measures of conditional dependence,
an important question to understand is the statistical behavior of conditional independence
tests based on these measures. Fukumizu et al. (2004, Proposition 5) provides an alternate
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representation for the conditional covariance operator, X, x|z in terms of only covariance
operators (this is reminiscent of the situation when (X,Y, Z) are jointly normal so that
the conditional covariance matrix can be represented in terms of the joint covariance
matrices) as EYX\Z = Yyx — Eyziglzsz where iglz is the right inverse of ¥z7 on
(Ker(Xzz))t. The advantage of this alternate form is that 3, %|z can be estimated from

data (X;,Y:, Zi)i, L Pxyz by simply estimating the (cross) covariance operators ¥y 3,
Yyz, Y,%, and replacing 2212 by an inverse of the regularizefl version of an e“mpirical
estimator of ¥zz. Using these, a plug-in (biased) estimator ||EYX|Z”%{S of HSCIC (i.e.,
12y | 7|135), can be shown to be consistent and to have a computational complexity of

O(n3), where XA]YX‘Z = iYX—iyz(f]ZZ—i—/\I)_lflzX and A > 0—these claims can be proved
using the ideas in Fukumizu et al. (2008) where such claims are proved for a normalized
version of ¥y ¢ /. Similar results are shown for the kernel version of HSCIC (see (7)) by
Park and Muandet (2020). To elaborate, (Park and Muandet, 2020, Section 5.2) proposed a
biased estimator of HSCIC (see r.h.s. of (7)), which is based on Gram matrices on 2", % and
% and associated regularized inverse, yielding a computational complexity of O(n3). On the
other hand, Wang et al. (2015) proposed a (biased) estimator of CdCov—the same idea can
be used to estimate gCdCov and therefore HSCIC—based on a Nadarya-Watson type density
estimator of Pyy|z, where it can be shown that HSCIC can be consistently estimated with
a computational complexity of O(n?). This means, all these different estimators of HSCIC
and HSCIC are consistent and have same computational complexity. However, the statistical
performance of these estimators as test statistics to test for conditional independence remains
open.
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