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Abstract

In proximal causal inference framework, the identification of average treatment effect (ATE) depends
on finding the bridge functions. The bridge functions are functions about proxy variables used in the
proximal standardization formulae. They are the solutions to two Fredholm integral equations of the
first kind, whose existence is determined by Picard’s conditions about the singular systems of two
conditional expectation operators. However, since singular systems required by Picard’s conditions are
hard to determine, it is an extremely tough task to solve the bridge functions directly from the integral
equations. Therefore, people turn to find estimators of the bridge functions. Many literatures have
provided approaches to the estimators under certain assumptions although which inevitably restrict the
feasibility of their application. In this thesis, we propose a kernel embedded estimator for the treatment
confounding bridge function (g-bridge function) based on a dual kernel embedding method, under the
assumption that there exist at least one bounded continuous g-bridge function for each treatment.
In addition, we show the consistency of the g-bridge function estimator and give a consistent ATE
estimator based on the proximal inverse probability weighted estimator.

Key words: Estimator; g-bridge function; ATE; Reproducing kernel Hilbert space; Fenchel duality;
interchangeability.
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Introduction

Causal inference has roots in ancient philosophy, where thinkers like Aristotle defined different kinds
of causes and David Hume questioned how we can justify causal claims beyond mere observation.
The statistical era began in the early 20th century, when Ronald A. Fisher formalized randomized
controlled trials and Sewall Wright developed path analysis to represent causal relationships mathe-
matically. Mid-century, Jerzy Neyman and Donald Rubin introduced the potential outcomes framework,
giving causality a precise probabilistic foundation. In the late 20th century, Judea Pearl’s causal dia-
grams and do-calculus revolutionized the field by unifying graphical models with statistical inference,
enabling rigorous causal analysis even from observational data. Today, causal inference is central
to fields from epidemiology to artificial intelligence, blending experimental design, econometrics, and
machine learning to answer questions about interventions, policies, and complex systems.

As the beginning of the thesis, we introduce the basic counterfactual model of the causal inference,
and then its evolution in problems with unmeasured confounders.

1.1. From basic model to proximal model

In the basic counterfactual causal setting, the binary treatment and the outcome are affected by a
common confounder. To better illustrate the details, we consider a scenario in which some patients
with serious heart diseases made decisions on whether taking heart transplantation surgeries or not
(adapted from [17]). After the surgeries, deaths and survivals happened.

In this story, we denote A to be the binary treatment variable taking 1 if the transplantation is received
and 0 if not. Y is the binary outcome variable representing a death if taking 1 and a survival if taking 0.
The physical condition L of the patients is crucial to the determination of accepting the transplantation
as well as the result of the treatment.

The directed acyclic graph for the model representing the relationship of all the three variables is given
in Figure 1.1.

A Y

Figure 1.1: A directed acyclic graph (DAG) for basic counterfactual model

Notice that the patient can’t be both treated and not treated at the same time, so the outcome variable
Y only reflects one possible result based on the decision made by the patient. However, this is not
enough to determine the effect of the transplantation surgery. Instead we introduce a set of counter-
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1.1. From basic model to proximal model 2

factual outcome variables {Y? : a € {0, 1}}. The counterfactual outcome variables follow their own data
generating schemes (or to say densities in continuous cases) but which are never observable. The
outcome variable Y takes one of the values Y° or Y after the patient determined whether to take the
treatment. The observable outcome Y can be written as 1,-,Y* and 1,-,Y° depending on the treat-
ment for each individual. This is the consistency assumption of the counterfactual model, which states
mathematically that

Assumption 1.1 (Consistency) On the event A = a, we have Y = Y2,

Now a group of patients are chosen if their physical conditions L are the same. The death rate (or
survival rate) of the patients who haven’t (have) taken the transplantation surgery would have been the
same as the patients who have (haven’t) taken the treatment, if they had (hadn’t) taken the surgery.
Mathematically, it can be represented by

pr{r®=1]A=0,L} = Pr{y°
Pr{yt=1|A=0,L} = Pr{y!

11A=1,L} =Pr{y° =1|L}
1|A=1,L} = Pr{r* = 1|L}.

The statement is equivalent to the conditional exchangeability assumption:
Assumption 1.2 (Conditional exchangeability) Y* 1 A|L,Va € {0,1}.

To emphasize the significance of the conditions of the patients, we assume there must be treated and
not treated individuals for any value of this confounder. Mathematically, it is the positivity assumption
of the propensity score:

Assumption 1.3 (Positivity) 0 < Pr{A = a|L} < 1,va € {0,1}.

To find the effect of the transplantation surgery on the patients with heart diseases, we need to deter-
mine the average outcome EY? to find the average treatment effect EY! — EY?. In fact, we can find it
through the standardization formula.

Theorem 1.1 (Standardization formula)

Under the consistency, conditional exchangeability and positivity assumptions, the average outcome
under treatment a is identified as
EY® = ELE(Y|L,A = a).

Proof:

By the tower property of conditional expectation, EY? = E; E(Y%|L). By the consistency and conditional
exchangeability assumptions, we have Y|L,A = a ~ Y?|L. So, E,E(Y%|L) = ELE(Y|L,A = a). This
leads to EY® = E;E(Y|L,A = a).

O

However, the conditional exchangeability does not hold all the time. For example when there is another
factor called environmental impact that is strongly influential to the condition of patients (L), the decision
on taking the treatment (4) and the outcome (Y). This may cover the level of hygiene, the condition of
heart donators, the quality of medical devices and so on. To determine the average treatment effect,
by the standardization formula (1.1), the average outcome is given by

EY® = Ey,E[Y|U,L A = al. (1.1)

The standardization formula (1.1) works only when the confounder U is observable. However the
environmental compact is difficult to measure because it consists of various factors that are hard to be
represented mathematically. An alternative method to compute the average outcome in this case is to
identify by some measurable proxies of the unmeasurable confounder.

We can partition the confounder L into three factors (Z, X, W), where Z and W will only affect A and Y
respectively, while X will influence all factors except U. We call Z a treatment-inducing confounding
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A Y

Figure 1.2: A DAG for proximal counterfactual model

proxy and W an outcome-inducing confounding proxy. In other cases, both Z and W can be a group of
confounders with the same function [45]. The corresponding directed acyclic graph is shown in Figure
1.2.

Faithful to the random variables (U,Z,X,W, A4,Y), the DAG 1.2 implies two conditional independencies
forYand W: YL1Z|U,X,Aand WL(Z, A)|U,X. Adaptions of assumptions 1.2 and 1.3 are made to fit the
proximal counterfactual model. This gives the assumptions for proximal counterfactual models:

Assumption 1.4 (Proximal counterfactual model)
« Consistency: Y = Y4,
» Conditional independence forY: Y 1L Z|U,X, A,
» Conditional independence for W: W L (Z,A)|U, X,
» Conditional exchangeability: Y* L A|U,X,va € {0,1}
* Positivity: 0 < Pr(A = a|U,X) <1, Va € {0, 1}.

In this story, the unobservable confounder break the assumption of conditional exchangeability 1.2
and thus makes the classical counterfactual model fail. If people still apply the classical counterfactual
model to identify the average treatment effect regardless of the influence from the environmental im-
pact, the average treatment effect calculated from the observed data won'’t be consistent with the true
one. Hence, the use of proxy variables brings possibilities to find methods of standardization through
variables that inherit the information from unobservable confounder and directly affect the treatment
and outcome. This helps reduce the bias brought up by the confounders.

There are many methods related to proxies (negative control methods) that are proposed to deal with
the unobservable confounding. Flander et al.[14] used a so-called indicator variables to detect the un-
measurable confounder under a series of assumptions including linearity standardization formula and
conditional expectation of confounder under proxies. Moreover, based on negative control outcomes,
Tchetgen [40] proposed a control outcome calibration approach to correct causal effect estimates for
bias due to unobserved confounding, while Sofer [34] showed the negative outcome control approach
is equivalent to the difference-in-differences approach under certain circumstances. For more negative
control methods, Shi et al.[31] made a review of negative control methods in epidemiology, including
methods in bias detection, bias reduction and bias correction. Although these approaches are effec-
tive under certain assumptions, they are also restricted by the assumptions which narrow down the
applicable situations.

One of the most prominent methods based on proxy variables is given by Miao et al.[24]. The author
generalized the method of identifying the unknown data generation mechanism of Kuroki et al.[21]. In
this way, they put forward a standardization method through the outcome confounding bridge function
about proxies such that with at least two independent proxy variables satisfying certain completeness
assumptions, the causal effect could be nonparametrically identified without any prior knowledge on
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the distribution relevant to the unobservable confounder. Therefore, they changed the point of the
problem from the uncertainty in the unknown mechanism of confounders to solving the outcome con-
founding bridge function from integral equations, which provided more connections to operator theory
and inverse problems.

After the work of Miao et al., Tchetgen et al.[39] introduced a formal framework for proximal causal
inference, where they systematically gave the proximal assumptions and completeness assumption for
nonparametric identification. They also described the algorithm for estimating proximal g-formula under
a parametric model for outcome confounding bridge function. This spurs the later work on the proximal
causal inference for example identifying causality from treatment confounding proxy and finding the
g-formula through treatment confounding bridge function by Cui et al.[45].

1.2. Proximal standardization formulae

In this section, we will introduce the proximal standardization formulae through outcome confounding
bridge function by Miao et al.[24] and treatment confounding bridge function by Cui et.al [45]. The
proximal standardization formulae are based on the existence of bridge functions. The bridge functions
connect the average outcome and the proxies without the requirement of the information from the
unmeasurable confounders. To build up the proximal standardization formulae, we need the following
completeness assumptions 1.5 and 1.6, which are crucial for using the bridge functions to determine
the average outcome under certain treatment E[Y“].

Assumption 1.5 (Completeness)

For any square-integrable function g and for any a, x, E[g(U)|Z,A = a,X = x] = 0 almost surely if and
only if g(U) = 0 almost surely.

Assumption 1.6 (Completeness)

For any square-integrable function g and for any a, x, E[g(U)|W,A = a,X = x] = 0 almost surely if
and only if g(U) = 0 almost surely.

The square-integrable function g must not depend on Z or W if applied to Assumption 1.5 or 1.6.

Example 1.1 (Counter example)

Suppose square-integrable function g,(U) = U —Z and U|(Z,A = a,X = x) ~ N'(Z,1), Va,x, then
completeness assumption 1.5 fails for g,. In fact, E[g,(U)|Z,A=a, X =x]=Z—-Z =0 but g;(U) isn’t
almost surely a zero function.

We use the following Gaussian model to give a straightforward example of distribution families which
satisfy the two completeness assumptions.

Example 1.2 (Gaussian distribution)

U~ N (uy, Zy) € RG 11U,2,X) = .

(ko Zv) 4 fAl( | ) 1+exp{-llua+vazZ+vaixX+vauUll2} p
X|U ~ N (ux +vxjpU,Zx) € R*2 YHU, X, W ~ N (4g + v xX + yaqwW + v1uU, Z1) € R
Z|U,X ~ N (uz +yzuU + v7xX,2z) € R% YOIU,X,W ~ IV (uo + YoixX + YowW + YojuU, Zo) € R%

WU, X ~ N (uw +YwuU + YwxX, Zw) € R%

Table 1.1: Gaussian model in a proximal setting

Consider the two conditional distribution p(U|Z,A = a,X) (A.1) and p(U|W,A = a,X) (A.3) under the
Gaussian model in Table 1.1. The distribution families of T; (U) and T,(U), which are given by

Ti(U) = (W20 W20 U2, Y210 U N, (2, X0 U, Log fa(alU, 2, X))
T,(U) = (VI WxioUNZss Vo U2, 120 U N, W, X)TU, log TQU),

are all complete.
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Proof:
The statement is a direct result of Theorem 2.1.
O

From a view in functional analysis, for example in Assumption 1.5, the completeness assumption im-
plies that the conditional expectation operator E : L, (Pyja=ax=x) = L2(Pzja=ax=x) iS injective, since its
null space is just {0}. By Theorem 2.3, the range of E* : L,(Pzja=q,x=x) 7 L2(Pyja=qa,x=x) IS dense in
Ly (Pyja=a,x=x)- Usually, the completeness can be interpreted as the proxies capturing the variability of
the unmeasured confounder.

In the binary treatment cases, if the confounders are all categorical, the completeness assumption
is equivalent to assuming the category of the proxies are at least as numerous as the unmeasured
confounder to make sure the probability matrix is invertible and the redundant categories of the prox-
ies can be incorporated by some coarsening methods [24]. Suppose P (U|Z,A = a,X = x) represents
the probability matrix with entries Pr{u;|z;,A = a,X = x}, for i,j € {1,---,n}. And g(U) is the row
vector with elements g(u;), for i € {1,---,n}. The left hand side of the assumption 1.5 is equal to
Yi 9u)Pr{u|z,A=aX =x}=0,as. forj € {1,-,n}. By the invertibility of the probability matrix,
the null space is just {0}, which means g(U) = 0 almost surely.

If the confounders are continuous, in parametric and semiparametric background, the completeness
assumption usually requires certain density families to realize. In fact, many commonly used parametric
and semiparametric models such as exponential families [27][22] and location-scale families [18] meet
the demand. For nonparametric regression models, the results of [11] and [10] based on instrumental
variable estimation can be used to justify the completeness conditions.

With the help of the completeness assumptions, we can build the identification formulae of the average
treatment effect without any information from the unmeasurable confounders. Two standardization
formulae identifying the average treatment effect through bridge functions are elaborated in Theorem
1.2 and 1.3. The existence of outcome-inducing and treatment-inducing bridge functions are introduced
in Lemma 1.1 and 1.2, which are applications of Theorem 2.9.

Lemma 1.1 (Existence of outcome confounding bridge function)
Denote the singular system' of the conditional expectation operator T : L, (Pw,ax)) P La(Pz.ax)) by

(0y,u;,v;)i21- There exists a solution h for the integral equation:

E[Y|Z,A=aX] = fh(w,A,X)dF(w|Z,A =a,X) = E[h(W,a,X)|Z,A = a,X], (1.2)

if

Z I(E[Y|Z,A = a,X],v)|?

2
oi

< o, (1.3)

iz1

Theorem 1.2 ([24] Outcome confounding standardization formula)

Under proximal assumptions for counterfactual models and completeness assumption 1.5, if the solu-
tion of equation (1.2) exists, the proximal standardization formula is given by:

EY® = E[h(W,a,X)]. (1.4)
The average treatment effect is given by:

x = E[h(W,1,X) — (W, 0,X)].

Proof:
By the existence of h(W, a, X), we have

E[Y|Z,A = a,X] = E[h(W,A,X)|Z,A = a,X].

1See Theorem 2.8
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By the tower property of conditional expectation, the above equation becomes
Ey[E[Y|Z,A = a,X,U)|Z,A = a,X] = Ey[E[h(W,A,X)|Z,A = a,X,U]|Z,A = a,X]

=Ey[E[Y —h(W,A,X)|Z,A=a,X,U]|Z,A=a,X] =0
=Ey[E[Y —h(W,A, X)|A=a,X,U]|Z,A=aX]=0. W L(Z,A|U,X)
Here E[Y —h(W,A4,X)|A = a, X, U] is a function dependent only on U for a fixed X. So, by the complete-
ness assumption 1.5, we have

E[Y —h(W,A,X)|A = a,X,U] = 0,a.s.

=E[Y|A=a,X, U]l =EhR(W,AX)|A=0aXVU]as.
The left hand side equals E[Y?|X, U] by consistency and conditional exchangeability. The right hand
side equals E[h(W,a, X)|X, U] since WL1(Z,A)|U,X. So, we have
E[Y%|X,U] = E[h(W,a,X)|X, U]
= ExyE[Y*|X,U] = Ex yE[h(W, a, X)|X, U]
= EY® = E[h(W, a,X)].

Lemma 1.2 (Existence of treatment confounding bridge function)

Denote the singular system of the conditional expectation operator T* : Ly(Pizax)) © L2(Pw,ax)) by
(o7, u;,v])i»1. There exists a solution q for the integral equation:

F@w,x) - fq(z,A,X)dF(ZIW,A =a,X)=E[q(Z aX)|W,A=aqaX], (1.5)
where f(a|W,X) = Pr{A = a|W,X}, if
| (Fw i)
Z <f( l(VZX;Z > < o, (1.6)

i1

Before giving the treatment confounding standardization formula, we introduce a useful result to be
used in the upcoming proof.

Lemma 1.3 Consider random variables X,Y and Z on a measurable metric space S. Let f(X|Y,Z) and
f(X|Z) be the positive conditional density of X relative to a o-finite measure v. If the base measure for
Y on S is the o-finite measure u, then the two conditional densities are connected through the following
equation )

fXIY,2)

Proof:

1= Ey[ fEXIY,2)1X,Z]

_1
f(X|Y,2)

1
B f ! A DFOIX2dri)

1
) f .y VD XIDAG)

= f(XIZ)Ey[
I S
fX1z) ~ VXY, Z)

1
Fay,zy 4

X, Z].
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Theorem 1.3 ([45] Treatment confounding standardization formula)

Under proximal assumptions for counterfactual models and completeness assumption 1.6, if the solu-
tion of equation (1.5) exists, the proximal standardization formula is given by:

EY* =E[Yq(Z, a, X)) =4] (1.7)
The average treatment effect is given by:

X =E[Y(14219(Z,1,X) = 14209(Z,0,X))] = E[(-1)' ™Y q(Z, A, X)].

Proof:
By the existence of q(Z, 4, X), we have

——— =E[q(Z,a, X)|[W,A = a,X]. 1.8
Notice that the left hand side is equivalent to E[f(a|1U ) [W,A = a, X] because
! Eyl W, A X] (Lemma 1.3)
= ) = a’ ) .
flaw,X) " f(alU,W,X)
1
Eylm—————=IW,A=a,X] = Ey| —————=<|W,A =a,X]. W .1(Z,A)|UX

Hence, Equation (1.8) is equivalent to

Eyl [W,A=aX]|=E[q(Z,a, X)|W,A=a,X]

f(alU,X)
=EylE[q(Z,a, X)|W,A=a,X,U]|W,A = q,X]
=EylE[q(Z,a,X)|A = a, X, U]|W,A = a,X]. W L (Z,A)|U,X)

Here E[q(Z,a,X)|A = a,X, U] is a function dependent only on U for a fixed X. So, by the completeness
assumption 1.6, we get

F@u,x) - E[q(Z,a,X)|A = a,X,U].

By consistency and conditional exchangeability,

EY® =Ey xE[Y|A = a,U,X]
=Eyx{E[Y|A =a,U,X]E[q(Z,a,X)|A = a,U,X]f (alU,X)}
=Eyx{E[Yq(Z,a,X)|A = a,U,X]f(a|U,X)} (Y LZ|U,X,A)
=Eyx {E[Yq(Z, a, X)1p=q|U, X]} (E[-|U,X] = E4[E[-|A, U, X]|U, X])
=E[Yq(Z,a,X)1,—¢4].

The average treatment effect y is given by E[Y (1,-,q9(Z, 1, X)—14-0q(Z, 0,X))] = E[(-1)'"4Yq(Z, A, X)].

O
The proximal standardization formulae (1.4) and (1.7) provide feasible methods to acquire the aver-
age treatment effect regardless the unobservable confounders. In faAct, Cui et al.[45] proposed three
ATE estimators based on the estimators of the two bridge functions h and §, named as proximal out-
come regression estimator, proximal inverse probability weighted estimator and proximal double robust
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estimator. They are given as follows.

n
1 ~ ~
Fror = Y (ROW, 1,X) = R(W;,0,X)

i=1

n
" 1 " "
Rerow = 5 > (Flams 020 1,X) = Yilay=o@(Z6, 0,X)) (1.9)
i=1
1 n
Roor = 5 . (DG, Ay XDLY, — ROW, 4, X0] + ROW, 1,X) = ROW;, 0,X)). (1.10)

=1

Among the three estimators, the double robust estimator (1.10) is able to tolerate situations in which
the existence assumptions of bridge functions fail. This means even if consistent estimator for h or g
doesn’t exist at the same time, only one consistent estimator for any of the bridge functions will preserve
the consistency of the ATE estimator.

The estimator for ATE depends on at least one of the consistency bridge function estimators. Ghas-
sami et al.[16] and Kallus et al.[19] used minimax optimization of the two bridge functions restricted
to reproducing kernel Hilbert spaces to get the estimators. Ghassami et al. constructed the minimax
optimization through the double robustness of the influence function that the expectation of the per-
turbation of influence function at point (q¢rye, h) O (q, Atrye) toward (qerye, B O (@, Atrye) should be
zero. While the motivation for Kallus et al. is based on the following equalities

EfXOIY] =0 E[gNfX)] =0 soup )(E[g(Y)f(X)])Z. Vg € Ly(Py). (1.11)

They also gave the estimators for the two bridge functions after restricting them into reproducing kernel
Hilbert spaces. Although their methods are efficient in determining bridge functions in nonparametric
models, they also need the assumptions for the existence of the two bridge functions to hold at the
same time. However, this is quite challenging in real cases because the Picard’s conditions are hard
to verify.

There are many other results for estimating the ATE through bridge function estimators. Mastouri et
al.[23] used a two-kernel-based approach to estimate outcome confounding bridge function, where in
the first stage the conditional covariance operator is learnt from the first group of samples, and in the
second stage the estimator for outcome confounding bridge function is derived from a ridge regression
problem. Similar to the second stage of the method by Mastouri et al., Singh [32] proposed a family of
algorithms based on kernel ridge regression for learning nonparametric treatment effects with negative
controls. In addition, Kompa et al.[20] combined (1.11) and reproducing kernels to use neural network
to find the estimated outcome confounding bridge function under a loss function transformed from
(1.11). Furthermore, beyond the binary treatment, Wu et al.[44] derived a double robust estimator under

continuous treatment with a kernel function K, (A —a) := %K(ib;a) approximating the indicator
function 1,_, as hy,, — 0. This helps identifying the treatment effect when A is continuous.

Although estimating the ATE only depends on one of the estimated bridge functions and many litera-
tures have already find the right ways to estimating the outcome confounding bridge function, it is still
intriguing to find the estimator of the treatment confounding bridge function. Hence, in Chapter 4, we
will discuss the approach to estimating the treatment confounding bridge function q.



Mathematical preliminary

This chapter aims at introducing all the mathematical preliminaries that are needed in other chapters.
Section 2.1 introduces the definition of complete distribution family and gives a theorem about the
completeness of exponential family, which is useful for the explanation of the two completeness as-
sumptions determining the standardization formulae. Section 2.3 introduces the Picard’s condition for
the existence of the solutions to the Fredholm integral of the first kind. For example the existence of the
two bridge functions by Lemma 1.1 and 1.2. Section 2.2 focuses on the basic knowledge in functional
analysis on Hilbert spaces. The spectral theorems about compact operators are the most important
points in this section because they will be widely used through out the whole thesis. Section 2.4 is one
of the core parts of the Chapter 2, it includes the Moore-Aronszajn theorem 2.14 which is the key to un-
derstanding the structure of reproducing kernel Hilbert spaces. The kernel embeddings are also crucial
since they are the basis for the kernel method used for estimating the treatment confounding bridge
function. Section 2.7 systematically introduces the results in convex analysis from semi-continuity to
the interchange of minimization and integration. These helps explaining the series of transforms given
in Chapter 4 combining the ERM theorem 2.18 given by Section 2.6. The rest two Sections 2.5 and 2.8
are designed to illustrate the existence of Fisher information mentioned in Chapter 3 and the derivative
of inner product when deriving the closed form expression of extremal value points in Chapter 4.

2.1. Complete distribution family

This section is a brief introduction to complete probability distribution families based on the section 4.3
of [22], which helps explaining the completeness assumptions 1.5 and 1.6.

Definition 2.1 (Complete distribution family)

A probability distribution family P is complete if Vp € P, any measurable function g satisfying Ep[g(X)] =
0 implies P {g(X) = 0} = 1.

An classical example of the complete distribution families is the exponential family, which is given by
the following theorem.

Theorem 2.1 (Completeness of exponential family)
Suppose X is a random vector with density

Po(x) = C@) exp] ) OT;() .
i=1

Let Pr be the distribution family of T = (Ty,++,T,). if 6 = (64,-++,0,) contains a n-dim rectangle, then
Pr is complete.

An application of the completeness of exponential family can be found in Example 1.2, in which the
theorem is used to verify the completeness assumptions 1.5 and 1.6 of a Gaussian proximal model.

9
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2.2. Functional analysis on Hilbert spaces

In this section, we set K € {R, C}, H to be a Hilbert space of functions f : § —» K and L(H) to be the
set of all bounded linear operators from H to itself. We choose S to be a compact subset of K¢ and
denote the linear space of all square integrable functions by L, (S). Without additional statements, the
measure used in the L, space is the Lebesgue measure. The following basic definitions and theorems
about Hilbert space and operators in Subsection 2.2.1, 2.2.2 and 2.2.3 are introduced based on [26]
and [6].

Definition 2.2 (Hilbert space)

A Hilbert space is a linear space equipped with an inner product (-, -) that is complete relative to the
induced norm || - ||.

Classical Hilbert spaces include L, (S, i) for any measure pu.

2.2.1. Basic definitions and theorems

In this part, we mainly introduce the definitions of adjoint and compact operators through dual spaces
and Riesz representation theorem.

Definition 2.3 (Linear operator)
An operator T : H » H is said to be linear if

T(af +Bg) =aT(f)+BT(g), Vf,gE€H, a,f EK

Definition 2.4 (Bounded operator)
An linear operator T : H — H is said to be bounded if there exists a positive C € K such that

IT(MWla < Clhll, Yh € H.

The norm ||T|| ¢y of T on L(H) is defined to be the smallest constant C.

The definition gives the inequality || T(RW)|lg < Tz IRl 4-
Furthermore, the definition also implies that for linear operators boundedness is equivalent to continuity.

Example 2.1 (Integral operator on L,(S))

Letk(:,-) € L,(5%) : SXS = K. The integral operatorT : L,(S) = L,(S), withT(f)(x) = [¢ k(x,y)f (¥)dy,
Vf € L,(S), Vx €S, is bounded by ||k||,.

Proof:

2
ITCHIE = fs ( L k(m)f(y)dy) dx

Sf(f |k(x,y)|2dy> (f |f(y)|2dy) dx (Cauchy-Schwartz inequality B.1)
S S S

=<LLIk(x,Y)I2dde> (L If(J/)IZdY>

= lkIZIfII3-

Hence, we get IT(A)ll, < lIkll2lIfllo. For f with nonzero L,-norm, we have % < |lkll,. When
2
taking the supremum over all f with ||f]|, < 1, we finally reach the upper bound of ||T||:

TPl
ITI= sue =

< lIkll2-
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Theorem 2.2 (Riesz representation theorem)
Ify : H » K is a bounded linear functional, there exists a unique element ) € H such that

¥(g) = (9.9), Vg € H.

Since every closed subspace of H is also a Hilbert space, the Riesz representation theorem can be
applied to any closed subspace of H with the same bounded linear functional if the functional is well-
defined everywhere on H. The Riesz representation theorem is not only vital in unveiling the isometri-
cally isomorphic essence in Hilbert space and its dual space, but also quite useful in computationally
finding the uniquely existing representative elements in a Hilbert space given a bounded functional. The
example of the later statement can be found in finding the efficient influence function of an estimator
which is shown in Chapter 3.

Definition 2.5 (Dual space)
The dual space of Hilbert space H is the Hilbert space H* := L(H, K).

Since the dual space is always complete, H* is also a Hilbert space. The Riesz representation theorem
implies there exists a bijective map between H and H*, thus H* can be canonically identified with H.

Definition 2.6 (Adjoint operator)

Let H; and H, be two Hilbert spaces. Suppose T € L(H4, H,), then its adjoint operator T* is the linear
operator belonging to L(H,, H,) and satisfying

(Thl, hz) = (hl,T*h2>, Vhl € Hll hz € Hz.
IfT € L(H), and T =T", then T is self-adjoint.

After introducing the adjoint operators on Hilbert spaces, we state a useful decomposition result based
on the range and the kernel space of bounded linear operators and their adjoints. The theorem can be
used to explain the completeness assumptions 1.5 and 1.6.

Theorem 2.3 (Orthogonal decomposition)
If T is a bounded linear operator in L(H,, H,), then H; and H, have orthogonal decompositions

Hy = Null(T) @ Range(T*), H, = Null(T*) @ Range(T).
In particular,
» T (or T*) is injective if and only if T* (or T) has dense range;

» T (or T*) is surjective if and only if T* (or T) is injective and has closed range.

Definition 2.7 (Compact operator)

A bounded operator T is compact if it maps any bounded sets to relatively compact sets, i.e. sets with
compact closures.

Example 2.2 (Finite rank operators)

A bounded operator is said to be finite rank if its image belongs to a finite-dimensional space. We claim
that any finite rank operator is compact.

Proof:

Any bounded set in a finite-dimensional space is relatively compact. Since finite rank operators are

bounded, they map any bounded set to bounded set. This means finite rank operators are compact.
O

The finite rank operator can be used to approximate a compact linear operator, as shown in the following
theorem.
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Theorem 2.4 (Finite rank operator approximation)
An linear operator is compact if and only if it is the uniform limit of some finite rank operators.

Example 2.3 (Hilbert-Schmidt operator)

Every Hilbert-Schmidt operator (Definition 2.8) is compact and can be approximated by finite rank
operators in Hilbert-Schmidt norm. One can check Proposition 14.5 in [26] for details.

Example 2.4 (Hilbert-Schmidt integral operator)
The Hilbert-Schmidt integral operator Ty, : L,(S, 1) » L, (S, ) is given by

T (HH(x) = fsk(x,Y)f(Y)d#(Y), Vf € Ly(S, ),

where u is a Borel finite measure on S. The function k(-,-) € L,(S?,u ® p) : S X S » K in the integral is
called Hilbert-Schmidt kernel function. Any Hilbert-Schmidt integral operator is bounded and compact.
If the Hilbert-Schmidt kernel function is symmetric, the operator is self-adjoint.

Proof:

Since the boundedness has been proved in Example 2.1 and that the Hilbert-Schmidt integral operator
is self-adjoint is a direct result of the symmetry of the Hilbert-Schmidt kernel function, we only prove
that Hilbert-Schmidt integral operator is compact.

Fix e > 0. Since for a compact S and a finite Borel measure y, the linear space of all continuous functions
on §2: ¢(5%) is dense in L,(5?), we can find a function k € ¢(5?) such that ||k —k||, < €. By the uniform
continuity of k, there exists a § > 0 such that |k(x,y) — k(x',y")| < €, where |x — x'| + |y — y'| < 6.
For a large n > 2, the compactness of S implies there exists a finite open cover {6; : 1 <i <n} of §
with diameter at most %5. Define B, = 6,, B, =60, — 6,,+,B; = 6; —Zl_l 6;,+, so that B, n B, = @, for

j=1
i # k. We know B;, for 1 < i < n, is with diameter at most %6 such that S = UL, B;. Next set

n
kn(ry) = Y > k(v 15,0015, 0), xi € By, ¥, € B,

n
i=1j=1

Then k;, is a kernel function since the symmetry and positive semi-definiteness is guaranteed by the
kernel function k. We denote the corresponding integral operator by T,, which is given by, for any
fELy(S),x€ES,

T (HH(x) = L kn (e, ) f (V) du(y)

Y| kG o)) |is,6o0.

i=1 \j=1"5J

The range of T, is contained in the linear span of {]131, ~~,]an} and hence T,, is finite rank. Now apply
the result in Example 2.1, we have

1Tk = Tall < Ik = knll2
< llk =kl + Ik = Kyl

1

n n 2 2
<e+| [ [ =D ks s, 00 | dxay
s7s i=1j=1
1
n n 2
<e+( DD sup [kGny) - kG v PuBIRE)
l_ljzl(xy)EBiXBj

<e(l+u(s)
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This shows that T}, is the uniform limit of some finite rank operators since ¢ is arbitrary. So, the Hilbert-
Schmidt integral operator is compact by Theorem 2.4.

O
An application of Example 2.4 is to verify that the conditional expectation operator is compact.

We use L, (P) to represent the Hilbert space consisting of square integrable functions with probability
measure P.

Example 2.5 (Compactness of conditional expectation operator)

Suppose X and Y are two random variables on a measurable space (Q, A) with o-finite measures u

and v. Their probability distributions are Py and P, respectively. By Radon-Nikodym theorem, their
density functions fy and f, exist as % and ‘%". We claim that the conditional expectation operator
E : Ly(Py) = Ly(Py) is compact, with E(g)(y) = [, 9()fiy (x|Y)du(x), Vg € Ly(Px), Yy € Q, if

fxy(x.y) :
k(x,y) = —="—"==—€L,(Py XPy), i.e.
W) = 7 oree & LePx X Py),ie

L fﬂ (k(x,y))* dPydPy < oo.

Proof:
Forany g € L,(Px),y € Q,

E(9)(y) = fng(x)fm(xly)du(x)

=f fxy (X, Y)
a fxfy ()
zf fxy(x,Y)

a fx®fr(y)

= [ kCuyg@aps.
Q

9 fx () dpu(x)

g(x)dPy

Since k(x,y) € L,(Px X Py), by Example 2.4, the conditional expectation operator is compact.

2.2.2. Hilbert-Schmidt operators

In this subsection we introduce the definition and basic properties of the Hilbert-Schmidt operators. Let
H and F be two separable Hilbert spaces with orthonormal basis (e;);>1 and (1;);»1 respectively.

Definition 2.8 (Hilbert-Schmidt operator)
A bounded linear operator T € L(H, F) is Hilbert-Schimdt if its Hilbert-Schmidt norm is finite, i.e.

ITls = Y ITeqll? < oo

i=1

Example 2.6 (Hilbert-Schmidt integral operator)

The Hilbert-Schmidt integral operator T, : L,(S,u) = L,(S,u) in Example 2.4 is a Hilbert-Schmidt
operator.

Proof:
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Suppose (£;);»1 is an orthonormal basis of L, (S, ).

ITillys = > ITeillZ, 50 = fs | fs k(e )& du)| dutx)

i=1 i=1
= L D D, 6O, 50 D)
iz1

= f ke (x, DN, (5,00 A1) (Parseval’s identity B.2)
S

— 2
- ”k”Lz(SZ.u®M) < @

Example 2.7 (Rank-one operator)

Forany h € H, f € F, the tensor product (Definition 2.18) operator f @ h is a rank-one operator from
H to linear expansion of f, which is a 1-dim subspace of F. The operator is given by

fF ®h)(9) =(g,h)y f, Vg € H. (2.1)

The tensor product operator is a Hilbert-Schmidt operator.

Proof:

If ® Rllhs = ) I @ WeillE = Y Il (head, fIIE

i1 iz1
2
= ey IR
i21

= |hlZIIf|IZ < co. (Parseval’s identity B.2)

O

Moreover, all Hilbert-Schmidt operators in L(H, F) forms a Hilbert space denoted by HS(H, F), equipped
with inner product -, -),s. Suppose Ty, T, € HS(H, F). The inner product is given by

(T, Ty)ys = Z (Trei, Trei)p (2.2)
i21

which is well-defined by the symmetry, linearity and positive definiteness of the inner product defined on
F. From the definitions, it is clear that the Hilbert-Schmidt norm || - || 45 is induced by the Hilbert-Schmidt
inner product (-, -}, ;. Below we give an equivalent expression of the Hilbert-Schmidt inner product.

Proposition 2.1 (Equivalent expression of Hilbert-Schmidt inner product)
The Hilbert-Schmidt inner product (2.2) is equivalent to

(Ty, Ty)ys = z z (Tyeu ;) (Trew ), . (2.3)

=1 j=1

Proof:
Since T;e; and T,e; are elements in F, Vi > 1, we suppose their representations are given by

fe = A0 o= 100,

k=1 k=1
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where 19,y® € K, vi, k > 1. By (2.2),

(T, T2)ys = Z (Tie;, Tre;)p = z ZAU)I z Y(l)l

i21 i1 |j=21 k=1

ZZA(Z) l Zy(l)l
i=1 2 k=1

— ®,,®

IR
i21 j=21

= Z (Tlel,l ) (Tzel,l >F .
i21 j=21

[l
The equivalent expression of the Hilbert-Schmidt inner product (2.3) is crucial for the following property.

Proposition 2.2 (Irrelevant orthonormal basis)
The definition of the Hilbert-Schmidt operator is irrelevant to the choice of the orthonormal basis.

Proof:

Suppose (e;);»1 and (Zi)izl are also the orthonormal basis of H and F respectively. Denote the adjoint
operator of T, and T, by Ty and T5.

(T1, To)ys = z z <Tlei’zj>p <Tzeijj>p

=1 j=1

= Z Z <T1*Z]-, ei>H <T2*Z]-, ei>H (Adjoint operators 2.6)

721 i=1

= Z <T1*Z]-, T;E)H (Proposition 2.1)

j=1

=Y > (e (rl.e)

721 i=1

>3 (i), ),

=1 j=1

=) (BE. T, (2.4)

ix1

where the last three lines use the repeated trick of the first three lines. Comparing (2.2) and (2.4), we
find that the choice of orthonormal basis doesn’t influence the definition of Hilbert-Schmidt operator.

O

Proposition 2.3 (Hilbert-Schmidt inner product between operators)

Consider the tensor product operator f @ h in Example 2.7. For any L. € HS(H, F), the Hilbert-Schmidt
inner product between L and f Q h satisfies

(L, f ® h)yg =({f,Lh),. (2.5)

Proof:
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Given the orthonormal basis of H (e;);»1, h has the representation

h= Z (h e, e (2.6)
The left hand side of (2.5) becomes
(Lf @ hlys = ) (Lew (f ® e, (By22)
i=1
= > Lewthedy f),
i1
= D (hey (Lew g @7)

iz1

The right hand side of (2.5) becomes

(FiLh)y = \f,LQY. (hoeny e0)

iz1
F

=D (hedy (Lew Dy (2.8)
=1
Comparing (2.7) and (2.8), we get the identity (2.5).
O

An crucial application of Proposition 2.3 is to find the equivalent expression of Hilbert-Schmidt inner
product between two tensor product operators. Substituting L by another tensor product operator f' ®
h', where f' € F and h’ € H, we have the following equation

("N, f @M ys =(ffp(hh)y. (2.9)

2.2.3. The spectral theorem for compact operators

In this part, the final aim is to introduce the singular value decomposition theorem for compact operators.
To achieve this, we start from the definition of spectrum and explain how the set of eigenvalues of a
compact operator composes its spectrum. This leads to the spectral theorem for compact self-adjoint
operators showing that a self-adjoint compact operator in a Hilbert space can be represented by the
combination of its eigenvalues and the outer products between its eigenfunctions. From this important
theorem, we are able to introduce the general representation theorem for compact operators.

Definition 2.9 (Spectrum)

The spectrum o(T) of a linear operator T € L(H) is the set of all A € KK such that Al —T is not boundedly
invertible, i.e. there is no bounded linear operator U € L(H) such that

UAM-T)= QI -T)U = 1.

For self-adjoint operator T € L(H), its operator norm is chosen from the maximum value between the
absolute of infimum and supremum of its spectrum.

Theorem 2.5 (Norm of self-adjoint operators)
If T is self-adjoint on H, then

T ey = “Shlﬁg |{Th, h) | = max{|m]|,|M|}

and {m,M} € o(T) € [m, M], where m = inf =1 (Th,h)y, M = supp=1 {Th, h)y.
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The set 0,,(T) of all eigenvalues of T are composed by 4 € K such that Th = Ah for some nonzero h € H.
Since Al — T is not injective and thus not boundedly invertible if 1 € 0,,(T), we have 0,(T) < o(T). In
finite-dimensional cases, the eigenvalues of linear operators are equal to their spectrum, like matrices
acting on R™. However for linear operators acting on infinite-dimensional spaces, a,(T) & o(T), which
means the points in spectrum don’t have to be eigenvalues. When linear operators are compact, the
relationship between their sets of eigenvalues and spectra is clearer, as shown below.

Theorem 2.6 (Riesz-Schauder theorem)
LetT € L(H) be a compact operator. Then:

1. Every nonzero A € o(T) is an eigenvalue of T and the eigenspace E, := {h € H: Th = Ah} is
finite-dimensional;

2. for every r > 0, the number of eigenvalues satisfying || = r is finite;
3. if there exists a sequence of eigenvalues (1,),»1 Such that lim,,_,, 1, = 4, then 1 = 0;
4. ifdim(H) = oo, then 0 € o(T).

The Riesz-Schauder theorem shows that the nonzero part of the spectrum of a compact operator is
discrete and consists of eigenvalues. The only possible accumulation point zero belongs to (T) only
if H is infinite-dimensional. This can be shown by its converse-negative proposition that if 0 ¢ o(T),
then T is boundedly invertible and so does T~1. Since T is compact, that the unit ball B = T(T~!B) is
relatively compact implies dim(H) is finite. When dim(H) = oo, 0 € g,,(T) only when the kernel of T is
not just {0}.

Example 2.8 (Spectrum of compact and positive semi-definite operators)
We define a positive semi-definite operator in L(H) to be any self-adjoint operator C such that

(h,C(h)), =0, Vh € H — {0},

Suppose T € L(H) is compact and positive semi-definite. Then every element in its spectrum o(T) is
non-negative.

Proof:

Since T is compact, by Riesz-Schauder theorem 2.6, every nonzero elementin o(T) is eigenvalue. De-
note (&;);»1 by its eigenvectors with corresponding eigenvalues (4;);>1. By the positive semi-definiteness
of T, we have that Vi > 1,

Aill§illE = o TED)y 20
L TGy

=; =
' €1l

This means the eigenvalues are non-negative. Since o(T) = 0, (T) or a(T) = 0, (T) U{0}, o (T) consists
of non-negative elements.

= 0.

O

The eigenvalues and eigenspaces of compact operator in L(H) are crucial for building the orthonormal
system in H. And the spectral theorem for compact self-adjoint operators explains that the linear span
of eigenspaces is dense in H, showing that the eigenfunctions can form the orthonormal basis of the
Hilbert space.

Theorem 2.7 (The spectral theorem for compact self-adjoint operators)

Suppose T € L(H) is a compact self-joint operator. Let (1,),1 be the sequence of its distinct eigen-
values, (¢,)n=1 be the corresponding sequence of eigenfunctions. Then

7= Jntn @ b

nz1

where @ denotes the tensor product (Example 2.7). The convergence is in the operator norm in L(H).
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The spectral theorem for compact self-adjoint operator states that any self-adjoint and compact linear
operator has a representation built by its eigenvalues and eigenfunctions. The spectral decomposition
of T indicates a representation for images of T:

T(R) =) An (b u) b

nz1

The spectral theorem for compact self-adjoint operator also makes it possible to deduce the general
representation theorem for compact operators acting between Hilbert spaces, which is known as the
singular value decomposition theorem for compact operators.

Theorem 2.8 (Singular value decomposition theorem for compact operators)
Suppose H, and H, are two Hilbert spaces. Let T € L(H,H,) be a compact operator. Then there
1
exists a sequence of nonzero eigenvalues (0,),»1 Of the compact operator (T*T)2 repeated according
1

to multiplicities, a sequence (¢n)n=1 S H, of eigenfunctions of (T*T)z and an orthonormal sequence
(¢n)ns=1 S H, such that

= 0an ® b
nz1

converges in the operator norm.

The eigenvalues of compact operator (T*T)% are called singular values of T, which make T¢,, = g,¢,,
and T*¢,, = g,¢,. Moreover, the eigenvalues of (T*T)% are non-negative since the operator is positive
semi-definite. This can be seem by the definition that vh € H — {0}, <h, (T*T)%(h)> = ||T%(h)||2 > 0.
¢ is called the left eigenfunction and ¢ is called the right eigenfunction. The tuple (:n, O Pr)ns1 i the
singular system of the compact operator T.

The singular value decomposition theorem for compact operators is a powerful tool in finding the solu-
tions of Fredholm integral equation of the first kind, which will be briefly introduced in the next subsec-
tion.

2.3. Fredholm integral equation of the first kind

Fredholm integral equation of the first kind appears in the causal inference studies with high frequency.
The existence of the bridge functions (Lemma 1.1 and 1.2) in proximal inference is an important case.
We introduce the definition of this kind of integral equation problem and give Picard’s theorem stating
the existence of its solution based on [8] and [29].

Definition 2.10 (Fredholm integral equation of the first kind on L, (S, 1))
Given a data function f € L,(S,u) and a kernel function k € C(S?, u ® w), the integral equation

f@) = f k(oY) du() (2.10)

is called Fredholm integral equation of the first kind, where p is a finite Borel measure.

The problem is to solve the unknown function g in a known Hilbert space H from the integral equation.
Since for compact S and finite Borel measure p, C(S%,u ® 1) € L,(S?%,u ® u), the Fredholm integral
equation of the first kind is featured by a Hilbert-Schmidt integral operator T, : H ~ L,(S,u). We
represent the Equation (2.10) by

Te(9) = f.

The statement below the singular value decomposition theorem for compact operators (Theorem 2.8)
claimed that the integral equation can be solved from the singular value decomposition of the compact
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linear operator A. In fact, for any g € L, (S, 1), there exists a singular system (g;, ¢;, ;)1 With nonzero
singular values, such that

f=Tg) = ) 049,60 b 2.11)

i21

Taking inner product with ¢; on the both side of Equation (2.11), we get

<f! J)l> =0 <g' (l)l) .
This gives the coefficients of g under orthogonal basis (¢;);>1
_ <f! $l>
(9, 9i) = o
So the unknown function g has a solution
fl d;
g= ( G.l)¢i. (2.12)
L

i=1

Formally, the solution (2.12) exists only when the coefficients belongs to [,(S), i.e. the linear space of
all square summable vectors. This is given by the Picard’s theorem.

Theorem 2.9 (Picard’s theorem)
Let A : H; » H, be a compact linear operator with singular system (o;, ¢;, $;). The equation

Tk(g)zf’ gEHl
is solvable if and only if f belongs to the orthogonal complement N(T;)' and satisfies
1\ 2
5 el
=

In this case a solution is given by

2.4. Reproducing kernel Hilbert space

In this part, we set K to be the set of all real numbers. We denote the inner product on H by (-, -),, and
the inner product of Euclidean spaces by (-,-). The Subsection 2.4.1 about the basic definitions and
theorems of reproducing kernel Hilbert spaces are collected from [38] and [2].

2.4.1. Basic definitions and theorems

This subsection starts from the definition of RKHS and proves that the reproducing kernels are equiv-
alent to kernel functions by introducing the feature maps on H and the Moore-Aronszajn theorem.
The properties of kernel functions provide the reproducing kernels with symmetry and positive semi-
definiteness, which are useful for the applications of RKHS.

Definition 2.11 (Reproducing kernel Hilbert space (RKHS))

A Hilbert space H of functions f : S — K is a reproducing kernel Hilbert space if all linear functionals
T, : T,(f) = f(x), Vf € H, x € S, are bounded on H. The functional considered here is called the point
evaluation functional.

Example 2.9 (H = [?)
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Consider the Hilbert space of functions from S to K with an orthonormal basis (e;);»1-

Hi={f:5m K|f = aie Y lai2 < oo

i>1 iz1
is a RKHS isometrically isomorphic to 12.

Example 2.10 (Counter example L, (S, 1))

L, (S, u) is the set of the equivalent classes which contain functions agree almost everywhere. This
means any square integrable functions f,, f, by measure p on S, such that f; = f,, a.e., are considered
to be the same element in L, (S, 1), which is denoted by f. So, in L, (S, u), the point evaluation functional
is not well-defined because there exists a subset of S with zero measure such that the value of f is
ambiguous. This makes L, (S, 1) never a RKHS if no point evaluation functional is able to be defined
on.

To introduce the function featuring a RKHS, we define the reproducing kernel functions.

Definition 2.12 (Reproducing kernel function)

Any function k(-,-) : S x S » K is called a reproducing kernel of H if Vx € S, k(x,) : S » K is an
element of H satisfying the reproducing property

f) =k, ), fy- (2.13)
In RKHS, by virtue of reproducing property, norm convergence implies pointwise convergence.

Theorem 2.10 (Convergence in norm implies pointwise convergence)
Suppose a sequence (h;);»1 converges to h € H in the RKHS norm, then Vx € S, we have

lim [h;(x) = h(x)| = 0.
—00

Proof:
By reproducing property (2.13) and Cauchy-Schwartz inequality,

lim [hi(x) = h()| = Hm [ (R = h, k(x, D)y | < 1R = RllallkCe lla-
(]

Theorem 2.11 A Hilbert space H of functions f : S — K is a reproducing kernel Hilbert space if and
only if it has a reproducing kernel.

Proof:

If H is a RKHS, then by Definition 2.11, vx € S, all point evaluation functionals on it are bounded. For
a point evaluation functional T, : H ~ K, by the Riesz representation theorem (Theorem 2.2), there
exists a unique representative function k, : S » K in H such that

Te(f) = (ko fy - (2.14)

We define a bivariate function k : § x S = K by k(x,y) = (ky ky),, Vx,y € S. Applying the point
evaluation functional T,, to k,, by the symmetry of inner product, we have k,(y) = T, (ky) = (kx, ky)H.
This implies k(x,-) = k, € H. In addition, the reproducing property of k is directly given by replacing
ky by k(x,-) in (2.14). So, k is a reproducing kernel of H.

If H has a reproducing kernel k(-,-) : § X S = K, its reproducing property implies it canonically corre-
sponds to a point evaluation functional T, : H = K, Vx € S. Vf € H, |T.(f)|=] (ky, /) IS Nkl |l f I <
co. This means T, is bounded with norm ||k, ||y and hence H is a RKHS.
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O

The following theorem shows the relationship between the reproducing kernel function and the or-
thonormal basis of the RKHS.

Theorem 2.12 ([36]Reproducing kernel expansion with orthonormal basis)

Let H be a RKHS over S with a reproducing kernel function k(-,-) : SXS — K. If (e;);»1 iS an orthonormal
basis of H, then Vx,x' € S

kGox') = ) e(x)ex),

i21

where the convergence is absolute.

From the theorem, we also have that the function k(x,-) € H has expression

k) = ) e(e,

i1
which means it is a sum of basis functions ¢; : S — K scaled by (e;(x));s1-

Example 2.11 (Cont. Example 2.9)
Recall the orthonormal basis function (e;);», of H satisfies

1L,i=j

. 2.15
0,i%#] (2.15)

(ei()g()), = {

For RKHS isometrically isomorphic to 1%, we can reproduce any function in H by

) = (kG =) e@en ) aier] = ) aei) = @0, d.

i>1 i>1 (2.15) 7>1
H

This means we can simplify the reproducing property of such RKHS by the inner product of Euclidean
spaces between d = (a,,az,+, Ay, )T €12 and e(x) = (e1(x), ex(x), -, e, (%), )T

The reproducing kernel function has a strong relationship with the kernel functions. In fact, the idea of
the reproducing kernel function is equivalent to the kernel function under a RKHS background. We will
show this step by step starting from the kernel functions and feature maps.

Definition 2.13 (Kernel function)
The function k(-,+) : S X S » K is a kernel function if

1. k is symmetric: k(x,y) = k(y,x), Vx,y €S.

2. k is positive semi-definite': The Gram matrix K with entry K; i = k(xi,xp), Vxq,°,xn € S, IS
positive semi-definite.

Definition 2.14 (Feature map)
Given a Hilbert space F, a feature map ¢ maps elements from S to F. F is also called a feature space.

The inner product of feature map directly leads to the positive semi-definiteness of the kernel functions.

Proposition 2.4 The function k(-,-) : S X S — K is a kernel function if there exists a feature map
¢ : S - F such that

k() =Ad() P

"In some literatures positive semi-definite kernels are called positive definite kernels based on the theory of positive definite
functions.
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Proof:

Since the symmetry of k(-,-) is a direct result of the symmetry of the inner product, we only show
that k(-,-) is positive semi-definite. Va = (ay,-,a,)T € K", given the Gram matrix K with entry
Kij = k(Xi,Xj), Vx1,~~,xn € S,

n n

a’Ka = z Z a;ajk(x;, x;)

i=1j=1

n

Zn:z a;q; <¢(xi)r¢(xj)>p

i=1j=1

n n

Z a;p(x;), Z a;p(x;)
i=1

i=1
F

1) apCol?
=1

= 0.

O

So, any kernel functions can be represented by the inner product of feature maps on a Hilbert space.
Given the inner product defined on the Hilbert space, one can find the feature map corresponding to
the kernel function.

Example 2.12 (Common kernel functions and corresponding feature maps)

The polynomial kernels and Gaussian radial basis function (RBF) kernel are widely used in machine
learning especially in support vector machine (SVM), kernel ridge regression and nonlinear modeling
tasks [43, 5], which are given by

* Polynomial kernel: k,(x,y) = ({x,y) + c)%, where x,y € S, c e K and d € N*.

« Gaussian radial basis function (RBF) kernel: kg(x,y) = exp{—v|lx — y||3}, where x,y € S and
y € K.

The feature map of a polynomial kernel depends on the order d and the dimension of S. For example
when dim(S) =d =2 andc =0,
kyp(x,y) = (191 + X2¥2)? = X{y% + X5y + 2X1%,91 Y2

= (x7,x3, ﬁxﬂh)()’%: ¥3, \/EYQ’Z)T

= (xF, %3, %122, X1 %) V%, Y3, Y12, ¥1Y2) "
This means the feature map and corresponding feature space are not ugiqugly determined. In fact, we
find ¢, = ¢p(x) = (xf,x%,\/?xlxz) implying a feature space F, S K3, or ¢, = ¢, (x) = (x{, x5, X1X3, X1 X7)
implying a feature space F, < K*.

The feature map of the Gaussian RBF kernel depends on the basis function and Taylor expansion of
exponential function. In fact,

ke (x,y) = exp{-vllx - ylI3}
exp{2y (x,y)} - exp{-v|xlI3} - exp{-¥Il¥lI3}

> O (explr Il expl-vIyIEW)"
n=0
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The feature map ¢, of k; doesn’t have an explicit form unless the dimension of S is 1. In this case,

2 n
b¢  pc(x) = |1, f%xze“’xz,m, /%x”e‘”z,m] implying an infinite dimensional feature space

F; < 2. For general situation, Steinwart et.al [36] gave the structure of the RKHS of Gaussian RBF
kernel where the feature map is subsequently discussed.

If the Hilbert space is a RKHS, then the reproducing kernel is just a kernel function, which means it can
also be represented by the inner product of feature maps. This is shown in the following proposition.

Proposition 2.5 Every reproducing kernel function is a kernel function.

Proof:

Suppose k(,-) : SXS = Kis the reproducing kernel function of RKHS H. By Definition 2.12, k(x,-) € H.
Then there exists a feature map ¢ : S » H such that vx € S, ¢(x) = k(x,-). Vy € S, we have

k(x,y) = (k(x, ), k(y, )y (reproducing property (2.13), k(x,-) € H)
= (), dM)y -

This proposition is crucial for showing the uniqueness of reproducing kernel given a RKHS.

Theorem 2.13 (Uniqueness of reproducing kernel)
A RKHS uniquely determines its reproducing kernel function.

Proof:

Suppose k4 (+,+) and k, (-, -) are the reproducing kernel functions of RKHS H. By Definition 2.12, vx € S,
ki(x,-) € H and k,(x,-) € H. By Proposition 2.5, k,(-,-) and k,(:,-) are symmetric. By reproducing
property (2.13), Vx,y € S, we have

kl(x'y) = (kl(X, ')'kZ(y' ))H = kZ(x!y)'

This means k; = k, everywhere on S X S.
O

Recall in Example 2.12 a kernel may not uniquely determines the feature map and the feature space.
However, it is able to uniquely determine a RKHS by the following theorem.

Theorem 2.14 ([12]Moore-Aronszajn theorem)

Suppose k : S x S — K is a kernel function. Then there is a unique Hilbert space of functions on S for
which k is a reproducing kernel.

Proof:

Given a kernel function k, for n € N*, arbitrarily choosing points x;, x, ---, x,, € S, we consider the linear
span of k(xq,-), k(xy, )+, k(xpn, ).

The elements in the linear span have representation f = Z’;l a;k(x;,*), @; € K. Denote the closure of
the linear span by

n

H= f:f=2aik(xi,-), X €S, a; €K, neN*,,

i=1

Vf,g € H, Ym € N, the representations are given by

f= zn: aik(x;,-), g = iﬂik(%" ).
i=1 i=1
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The inner product (., ),; here is defined by (f, 9),, = X ¥~ @Bk (x;, ;). which is verified by its sym-
metry, linearity and positive definiteness. The symmetry is a direct result of the symmetric kernel
function and the linearity is derived from the linear representations of the functions. For the positive
definiteness, since the positive semi-definiteness is shown in the proof of Proposition 2.4, we only need
to show (f, ), = 0 =f(x) =0, Vx € S. In fact, Vx € S,

OO =1 k(e I
i=1

= (f(), k(x, ) (2.16)
< Af )y k(e ), k(x, )y (Cauchy-Schwartz inequality)
—

=0.

The Equation (2.16) shows that the kernel function satisfies the reproducing property (2.13). This
means k is the reproducing kernel of H.

To verify the uniqueness of H, we suppose there exists a Hilbert space H, such that H € H, and k is its
reproducing kernel. Since H is a closed subspace of Hy, Hy = H @ H*. Forany f € Hy, f = fy + fy1,
where fy; € H and fy1 € H. From the fact that k is the reproducing kernel in both H and H,, we have

fx) = k(). g = (k) fudmg + (k) futdn,
= (k(x,"), fu)n, (k € H)
= fu(x).

This means Vf € Hy, f = fy and thus H = H,,.

Example 2.13 (Cont. Example 2.12)

By Moore-Aronszajn theorem, the RKHSs induced by polynomial kernel k,(x,y) = (x,y)2 and Gaus-
sian RBF kernel k; = exp{—y|x — y|*} are given by?

n
Hy={f: Z aiky(xy ), a; € Kon € N* ¢, ke (x,7) = (x2, V22, x5, x2) ()

i=1

n 2 n
Ho=1g+ Y Bikoe ) e Knent | ko) = | [Cwneprpt)

i=1

nz0
Forany f € H,, g € H;, y € K?, z € K,
n n n
2
FO) = (00 f),, = ). aikpGny) = ) @iy G b)) = ) caCehiy? + 3533 + 2xinxioy1v2)
i=1 i=1 i=1

92) = (k62,0 Dy = Y Fika(r2) = Y Bl da@) = ) frexp{—ylx; — 22}
i=1 i=1 i=1

Hence, f matches a unique scalar vector Z?:l ai(xizl,xizz,\/fxilxiz)T € F, and g matches a unique
scalar vector Z?:l /)’l-( /%x{l exp{—yxf}) € F;. This implies that H, = E, and H; = F; and

n=0
(.' ')Hp = (., ')HG = (.' )

2Here x; € K2 for k;, and x; € K for k.
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2.4.2. Continuous functions approximation

In this part, we introduce the idea of universal kernel that is decisive for finding a RKHS to approximate
the space of all continuous functions on a compact subset of R™.

Lemma 2.1 (Continuous kernel)

Given a kernel k(-,-) : S X § » R and its induced RKHS H. k is continuous if its corresponding feature
map ¢ : S — H is continuous.

Proof:

The continuity of ¢ implies ¢(-) is a continuous function in H. By the virtue of the compactness of S,
Vx,y €S, ¢(x) and ¢(y) are bounded.

lk(x,y) = k(" y)] < [k(x,y) = k(x",y) + k(x',y) = k(x',y)]
< [{p(x) = p(x), ¢y | + [{d (), () = (Y | (Proposition 2.4)
S leWlulldx) = dC|lu + 1D ulld) = d)Ilu-  (Cauchy-Schwartz)

By the boundedness and continuity of ¢(-), we have the continuity of kernel function k(,-).
O

Definition 2.15 ([37]Universal kernel)

A continuous kernel k(-,-) : S X S » R is universal if the space of functions H induced by it is dense in
the space of all bounded continuous functions on S.

Given a universal kernel acting on S xS, by Theorem 2.14, one can construct a RKHS with the universal
kernel as its reproducing kernel. The universality makes sure that for any function g € ¢(S), for any
€ > 0, there always exists a function f in this RKHS such that

If = gll < e

We denote the space of all continuous functions on a compact subset S of K™ by €(S) and the space
of all bounded continuous functions on K™ by C,(K™).

It is only possible for the RKHS generated by a universal kernel to be dense in spaces whose element
functions have infinite infinity norm. The reason is that for any RKHS element f,

IFCO1 = 1{f k(N y | < Ifllay kX, X) < o,

which implies ||f||e < 0.

Therefore, since the infinity norm of functions in C(S) and G, (KK) are all finite, C(S) and ¢, (K) can be
well approximated by the RKHS generated by an universal kernel acting on the corresponding sets.

Steinwart [37] shows that kernels are universal on any compact subset of certain sets, if they can
be expressed by Taylor expandable infinitely differentiable functions or Fourier expandable continuous
functions. This further extends to the universality of the Gaussian RBF kernel, infinite polynomial kernel,
stronger regularized Fourier kernel and weaker regularized Fourier kernel. One can check Corollary
10 and 11 as well as Example 1 to 4 in [37] for details.

2.4.3. Kernel embedding of mean and cross-covariance

Based on the results from [33] and [35], this part aims at finding methods to compute the expectations
and covariances of RKHS functions without distributions of random variables but only with inner product
between RKHS functions.

Let D be a compact subset of K. Suppose k(:,) : $xS » Kand l(:,-) : DxD - K are kernel functions
with induced RKHS H and F respectively. Denote the corresponding feature maps? of the two kernel
functionsby ¢ : S = Hand ¢ : D — F. Let X and Y be random variables defined on S and D separately
with marginal distribution Py and P,.

3Recall the trick used in the proof of Proposition 2.5 that one can choose the feature map @(x) uniquely corresponding to a
RKHS function k(x, ).
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Definition 2.16 (Mean value operator)
The mean value operator is a linear operator Ty : H —» K such that Vh € H

Tx(h) := Ex[h(X)] = Lh(x)dPX.

The empirical operator is similarly defined.

Definition 2.17 (Empirical mean value operator)
The empirical mean value operator is a linear operator Ty : H ~ K such that Vh € H

. 1y
Te(h) := RO = — > h(XD),
i=1

where Xy, -, X, are i.i.d from Py.
The following lemma shows that the mean value operator uniquely corresponds to a function in H.

Lemma 2.2 (Boundedness of the mean value operator)

If Ex[\/k(X,X)] < oo, the mean value operator Ty is a bounded linear functional and thus corresponds
to a unique element in H.

Proof:
Forany h € H,
ITx (W) = |Ex[h(X)]] < Ex[Ih(X)I] (Jensen’s inequality 2.18)
= Ex[| (h, (X)) 1] (Reproducing property (2.13))
< Ex[VEkX, X]llh|ly <  (Cauchy-Schwartz & Reproducing property)

This implies ||Tx || ;(u k) is bounded by Ex[/k(X, X)]. By Riesz representation theorem 2.2, Ty canoni-
cally corresponds to a unique function in H, which we denote by uy. This gives

Tx(h) = (hux)y - (2.17)

O
We can similarly show that the empirical mean value operator Ty uniquely corresponds to a function
[y € H under assumption %Z?:l VE(x;, %) < oo, withilid. x; = xq,--+, Xy = x,, from Py, which satisfies

T\X(h) = (h! .[IX)H .

The lemma implies that if the mean value operator exists, one can find the expectation of a RKHS
function by the RKHS inner product between the function and uy directly. This shows that uy plays the
similar role of distribution Py in computing expectations of RKHS functions. Hence, it is important to
find the explicit form of uy and fiy as elements in H.

Proposition 2.6 ((Empirical) mean embedding)
The explicit forms of uy and [iy as elements in H are given by uy = Ex[¢(X)] and [iy = %Z?:l d(Xy).
Proof:

By reproducing property (2.13), Vh € H,
Ex[h(X)] = Ex[(h, o (X)), = (h, Ex[$(CO]),,
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By (2.17), this further implies

px = Ex[¢(X)]. (2.18)
Similarly, the explicit form of fiy is given by
1 n
fix =5 ) 90D, (2.19)
=1
O

Hence, for any h € H, its expectation or empirical mean relative to random variable X can be calculated
by Ex[h(X)] = (h, #X)H and h(X) = (h, ﬁx)H-

The process (2.18) and (2.19) are called the (empirical) mean embedding of the distribution Py, where
the distribution Py is mapped to the feature space H as the expectation or empirical mean of the RKHS
function ¢(X) = k(X, ).

The mean embedding uy and its empirical form fiy share good properties. Altun and Smola [1] showed
that the convergence speed in RKHS norm is 0, (n" 2), which is given by the following theorem.

Theorem 2.15 (\/n-consistency of mean embedding)

If Ex[k(X,X)] < o and %Z’;l k(x;,x;) < oo, the mean value operator and corresponding empirical
mean value operator admit mean embeddings. Moreover,

1
lix — uxlly = Op(n z).

Proof:
By Jensen’s inequality and concavity of square root,

n
1
= k(g x; .
LD k) <o
=1

Hence the mean embedding and empirical embedding exist by Lemma 2.2.

Ex[\k(X,X)] < VEx[k(X,X)] < o, and %Z Vk(x,x) <
i=1

1
Ex [|Ex — pxllu] < (EX [||I7X - MX||12-1])2 (Jensen’s inequality)
1 - 7\
=~ B Zl(qb(xi) — o) J
i=

1/x ’

= 7_1<;EXi |¢(Xi)_lix H]
i)
Vanishes by X; Xy, i.i.d

) o}
=- (nEX dX) — ux D (Xq - Xy 1i.d)

n H
= n‘%\/EX[k(X, ] = lexllf = O(n_%). (Reproducing property)

For any h € H, by (2.18) we have

Ex [(h, ¢(X) — x)y] = (R Ex[0(O1),, — (R 1tx)y = Ex[h(X)] — Ex[R(X)] = 0.
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For (2.20), since X, -+, X,, are i.i.d. samples from Py, we have

D Exox, [(@060) = 10 6 = i), | = D Ex, | B, [(#00) = 1, X)) = i), ]| = 0.

i#j i#j

Vanishes by choosing h=¢ (X;)—ux

(I
Moreover, when the kernel k is universal, the map from Py to uy is injective. This means if the mean
embedding of two random variables are the same then their distribution are identical. The injectivity of
the map is derived from a classic result in probability theory that for any two Borel probability measures
P and Q defined on metric space (S,d), P = Q if and only if E4[f(4)] = Eg[f(B)] for any f € C(S),
where A ~ P and B ~ Q[13].
A brief proof is given as follows. Assume u, = ug. By the fact that the RKHS induced by k is dense in
C(S), we suppose Ve > 0, 3g € H such that ||f — g|l < €. Then

|Ep[f (D] = Eq[f (B)]| < |Ep[f (A)] — Ep[g(A)]] + [Ep[g(A)] = Eq[g(B)]| + |Eq[g(B)] — Eqf (B)]] < Z2e.

<€ (g.ua—up)y=0 <e

Before introducing the cross-covariance operators, we define the tensor product space.

Definition 2.18 ([26]Tensor product & tensor product space)

Given two linear spaces V; and V, over K, the tensor product space denoted by V; ® V, is the linear
span of set {v; ® v, : v, € V;, v, € V,}, where ® can be any operation satisfying bilinearity rules

1. c(ry Q@ vy) = () Q vy, =11 Q (cvy), Ve EK;
2 Q@ +v) =1 Qv +v, Qv, Vv EV,;
B WH+r)Qu,=v Quy,+v; Qu,, V' EV.

Example 2.14 (Tensor product on finite spaces)

If V1 = KT[ and V2 = Km, then VU1 € Vl' VUZ € Vz, we have Ve ® v, = Ulvg € KTLXm and (] ® v, =
v,v] € K™*", The tensor product here is matrix multiplication. When n = m = 1, the tensor product
degenerates to multiplication between scalars.

Example 2.15 (Tensor product feature space)

F @ H is a tensor product space with a tensor product given by the rank-one operator (2.1). This tensor
product space is a Hilbert space of rank-one operators from H to F, which is equipped with Hilbert-
Schmidt inner product (-, '>HS(H,F) and is complete relative to the induced norm || - ||ys,r)- Moreover,
F @ H is a RKHS with reproducing kernel kl. The corresponding feature map from D X Sto F Q H is

YR .

We can generalize the mean embedding to the situation on tensor product feature space F @ H where
the joint distribution Py, is mapped to this feature space.

Definition 2.19 (Cross-covariance operator)
The cross-covariance operator is a linear operator Covyy : F @ H » K such that Vf @ he F Q H,

Covyy(f @ h) := Exy[(f(Y) = Ey[f (Y)D (h(X) — Ex[R(X)]D]. (2.21)
The empirical form is similarly defined.

Definition 2.20 (Empirical cross-covariance operator)

The empirical cross-covariance operator is a linear operator Covyy : F @ H — K such that Vf @ h €
FQ®H,

n

— 1 N -
Covxy(f @ ) 1= = > [(F () = FON (XD = hED)], (2.22)

=1
where (X,Y1),+, (X, Yy) are i.i.d from Py X Py.
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Like Lemma 2.2, we have the following lemma showing that the cross-covariance operator uniquely
corresponds to an elementin F Q H.

Lemma 2.3 (Boundedness of cross-covariance operator)

If Exy[VEX, X)I(Y,Y)] < oo, Ex[\k(X,X)] < o0 and Ey[/k(Y,Y)] < oo, the cross-covariance operator

Covyy is a bounded linear functional and thus corresponds to a unique elementin F @ H.

Proof:

|Covxy (f @ W) = |Exy [(f (V) — Ey [f (V)D(R(X) — Ex[A(X)D]I
< |Exy [f (NDAO]] + [Ex[R(X)]Ey [f (]I,

where

|Exy [f RO = [Exy [{f, () g (R () 411

< Exy[I{f, 0 (Y))p (h (X)) (] (Jensen’s ineq.)
< IF N IRN g Exy [V X, XIY, Y)] < co. (Cauchy-Schwartz)

Since Ex[k(X,X)] < o« and Ey[/k(Y,Y)] < o imply the existence of mean embeddings uy and uy,
by Cauchy-Schwartz inequality and reproducing property,

Ex[h(O1Ey[f (] < lluxlullhllalluy el fllF < oo.

Hence ||Covyy|lz(ronu k) IS bounded. By Riesz representation theorem, there exists a unique element
in F @ H denoted by Cxy such that

Covxy (f @ h) = (Cxy, f @ Mysu ) -

d
We can similarly show that the empirical cross-covariance operator uniquely corresponds to an element

in F@H under assumptions % Y kG x)IUy i) < o0, %Z?ﬂ Jk(x;, x;) < o0 and %Z?zl Ly <
oo, which satisfies
COVXY(f ® h) = (CXY'f ® h)HS(H,F) .

Since Cyy and Cyy are all elements in HS(H, F), they are Hilbert-Schmidt operators. This can be proved
by the definition of Hilbert-Schmidt operators.

Proposition 2.7 (Hilbert-Schmidt equivalence)

If Exy[k(X,X)L(Y,Y)] < oo, Ex[k(X,X)] < 0 and Ey[I(Y,Y)] < oo, then Cyy : H » F is a Hilbert-Schmidt
operatorin HS(H, F).

Proof:
Suppose (h;);»1 is an orthonormal basis of H. Then,

ICerlhs = ) ICky (oI
i=1

INGERUNGE

....
1l
g

IE[(h: () — E[Rs COD @) — u)]IIE

<

IE[hi Y ]IIE + Z IE[h: ()] I +2 Z {E[hi COYL E[hi (GO ]1y ), |-
i=1 i=1

Iy I I3
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For I,
L= Y BB, hd il < EDY (@G0 h)ElklF  (Jensen's inequality)
i=1 i=1
= E[llo@ONE Iy lI1F (Parseval’s identity)
= E[k(X, X)]lluyllIF < co.
For I,

L= Y IENGEO, hdy $ONIE < ) ENNGE0, ) pODIZ] (ensen's inequality)
i=1 i=1

= E[Z (PO, Ry I DIIE] = ELIGCONE (YD, $(Y)),] (Parseval's identity)
i=1

= E[k(X, X)I(Y,Y)] < oo.

For I3,

Iz:= ZZ |{(E[R; X)W, E[h(X)]py ), | < ZZ 1ETh; XOYMIEIIE T (XD)]py |l
i=1 i=1
< Z(Ellhi(X)l/)(Y)IIF + Ehy(Xuy|)? (2ab < (a + b)?)
i=1

< Z(E[I (hi, O AP ILE + Ny 1D
i=1

< E[Z (hi, QO 5 (YWl + Ny 1)?] (Jensen’s inequality)
=1
= E[llpCOlE U MIF + Nl llF)?] (Parseval’s identity)

= E[lloCONZ I MIE + ENCONEmy IE + 2E[pCONE I WIIElky llF

< E[k(X, X)UY, V)] + E[k(X, X)]lluy I + Z(E[II¢(X)II§1])%(E|I¢(X)II?1|I¢(Y)II%)% vl
By Hélder’s inequality

= E[k(X, X)I(Y, V)] + E[k(X, )1l lI7 + 2llny Iy E[k QX XD]EK X, XOUY, V)] < o.

Hence, the operator Cyy : H = F is a Hilbert-Schmidt operator in HS(H, F).

O
The proof for the empirical version is the same as the above, where the assumption is replaced by
~ Vi k(e )1y 1) < 00, = Yy k(%) < 00 and — %y 1(y;, ) < o0. By Example 2.3, the opera-
tor Cyy and Cyy are compact.
So, we can apply useful properties of Hilbert-Schmidt operators to analyze the operators Cyy and Cyy.
In fact, by Proposition 2.3, replacing L € HS(H, F) by f ® h, we have that they satisfy

Covgy (f @ h) = (Cxy, f @ h)yg = {f, Cxy (W) = Exy[(h(X) — Ex[R(XOD(f (V) — Ex[f(Y)D]  (2.23)

n

— ~ ~ 1 S _

Covxy(f @ h) = (Cay. f @ h)y = (f, Cxy (M), = Z[(f(Yi) = F()(R(X) — h(X))]. (2.24)
i=1

This makes it possible to define the operators Cyy : H = F and Cyy : H = F that is in consistent with

the definition of (empirical) cross-covariance operators.
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Definition 2.21 (Riesz representative operator of cross-covariance operator)

The Riesz representative of cross-covariance operator Covyy in FQH is the linear operator Cxy : H » F
such that Vh € H,

Cxy () = Exy[((Y) — uy) (h(X) — E[R(X)]D]-

Definition 2.22 (Riesz representative operator of empirical cross-covariance operator)

The Riesz representative of empirical cross-covariance operator Covyy in F @ H is the linear operator
Cxy : H— F such thatVh € H,

- 1% —
Crr (B) = = > (W) = ) (h(X) — RO
i=1

Then by reproducing property and linearity of expectation, the right most two equations of (2.23) and
(2.24) hold naturally by the definitions above.

To find the explicit forms of Cyy and Cyy as elements of HS(H, F), we can use (2.9). This gives the
following proposition.

Proposition 2.8 ((Empirical) cross-covariance embedding)
The explicit forms of Cyy and Cyy as elements in HS(H, F) are given by

1y
Cxy = Exy[(W(Y) — uy) ® (¢(X) —ux)] and Cxy = n Z[(IP(YZ-) — fy) @ (p(Xy) — ix)]-
i=1

Proof:
Forany f @ h € HS(H, F),
(Cxv, [ @ Mysury = Exy[(F(Y) = Ey[f (D (h(X) = Ex[R(X)D)]

= Exy[{f, YY) — HY)F (h,p(X) — MX)H]
= Exy[(f @ h, @(Y) = uy) @ (@(X) — x)) s,y

= (Exy [ () = 1y) ® (@) = )], f ® h)yg oy -
Hence, we have the explicit form of Cyy in HS(H, F) as

Cxy = Exy[(@(Y) — uy) ® ((X) — ux)]- (2.25)
Similarly, the explicit form of Cyy in HS(H, F) is given by

L 1x
Cor = = D W0 — ) ® (B(X) — Al (2.26)
i=1

O

Like the mean embedding, (2.25) and (2.26) are called (empirical) cross-covariance embedding or
(empirical) mean embedding of joint distribution Pyy.

Proposition 2.9 (Adjoint operators of Cy, and Cyy)

The adjoint operators of Cyy and Cyy are Cyx and Cyy respectively. Furthermore, if H = F, when X and
Y are random variables on the same measurable space with identical distributions, the operators Cxy
and Cyy are self-adjoint.

Proof:



2.4. Reproducing kernel Hilbert space 32

By definition of cross-covariance and its empirical version, we have

Covyx(h @ f) = (Cyx, h @ flys = (h Cyx (D) = Evx[(F V) = Ey[f (DD (AX) = Ex[R(X)D]  (2.27)

n

= I -FONGREK) RG] (2.28)

i=1

Covyx(h® f) = (Cyx, h @ f) =(h, CYX(f)

3I>—*

Noticing that the right most sides of (2.23) and (2.27) are equivalent, we can immediately have

(f, Cxy (M) = (h, Crx (F)y -

This shows that the adjoint operator of Cyy : H » Fis Cyx : F =» H. When H = F, S = D and Py = Py,
the operator Cyy is self-adjoint. Similarly, by (2.24) and (2.28), the adjoint operator of Cyy : H = F is
Cyx : F—» H. When H=F, S =D and Py = P,, the operator Cyy is self-adjoint.

O
Moreover, self-adjoint operator Cyxy and its empirical version Cyy are positive semi-definite.
Proposition 2.10 (Positive semi-definiteness)
The self-adjoint operators Cyy and Cyy are positive semi-definite operators.
Proof:
Forany h € H,
(h, Cxx (M) = Ex[(h(X) — E[R(X)])?] =
(1, Cxx (W), Z(hcx )~ hCO)? 2 0.
O

Following the yn-consistency of mean embeddings, we can subsequently find the \/n-consistency of
cross-covariance embeddings.

Theorem 2.16 (y/n-consistency of cross-covariance embedding)

1
IfEx[k(X,X)], Ey[k(Y,Y)], Exy[k(x, )L(y, ¥)], Zl 1 k(e xp), — Zﬁll L(yi,y:) and = 3y k(xi, X)L i, yi)
are all finite, the cross-covariance operator and correspond/ng empirical cross-covariance operator ad-
mit cross-covariance embeddings. Moreover,

~ _1
ICxy — Cxyllus@,r = Op(n 2).

Proof:

By Jensen’s inequality and concavity of square root, the finiteness of the second moment of a random
variable induces the finiteness of its first moment. Hence, the cross-covariance embeddings exist by
Lemma 2.3.

Suppose (h;);»1 is an orthonormal basis of H. Denote the average of h; under i.i.d sample x;, ---, x,, by
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h;.

ICxy — CXY”IZ-IS(H,F) = Z I(Cxy — Cxy) (h)IIF
i=1

o

ZII [(hi(X) = ETh; (D] (Y) - My)]——Z(h(x] ~ )W) — Al

i=1

1 _
= Z IE TR COBN] = Elh(Oay = Z B G () + a1
i=1 =1

_ _ 1 < _
IE[h; XY (V)] — E[hi(X)]py — hitty + hipty — n Z hi (DY) + hifiy |7
=

IA

s EMS

SRR

D hG 0y - Bl (9] ||F+Z||hluy E[hy (O] |12

j=1

...
Il
-

Ly L,

+ D ity = Ryl +La,
Z,

L3

where L, is given by

i=1
2y
i=1

1 n _ o]
= hiCyp0y) = BT GO hutty = RGOy ‘ +2)
j=1 i=1

F

1% L
- ; hi ()Y () — E[hi (DY), hifly — hipy ’

F
For L,,
oo n 2
Znhluy Elh; <X>]uy||F—||uy||FZ > 0G0, b, — ELSCO, ),
i=1 j=1
[ 1 n 2
= el ) (|~ > $G) = EI$COLAs) | = NayllBNx — mxlf (Parseval’s identity)
i=1 =
H

For L5, also by Parseval’s identity,

Z¢(x)h

By Theorem 2.15, the \/n-consistency of mean embedding, we know L, and L; are 0,(n™') as n goes
to infinity.

2
L3—

I8y — uyllE = NG NRY — pyllE.

<Eiﬂy — E[hy (X)]MY'EiﬁY - EiﬂY>F |
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For L,,

oo 1 n 2
E[L] = ) Bayopno || D e G$0) = Bl (COB)]
i=1 j=1 F

(o] 1 n
= > 2 Besmmnieon|| O [V O = Elhy
i=1 =
co 1 n 2
=Y S Eun Z G p0) — Bl GOV
i=1 j=1
[o0] 1 n
D = By (GDWO) = ER OB, hiCadb ) = ET COP]),
i=1 £k

Vanishes by (x;,y;) i.i.d

© 2

~Exy | (X)) = E[hi(X)P(Y)] (Cri yo) 1i.d)
F

=1
o 2

= By 3 || — 1) ® @) — ) (D)
= oy Hy Hx)hy

i=1

F

1

= “Exy I () = uy) ® (P — w)llzsry
1

= S Exy [l ) = urlFNPCO — uxliF]

1
= = By [0 ) = 20y + iy l1E) (R (X X) = 20y + Nl I7)] -

Finite by assumption

This means L; = 0,(n™1).
Atlast, for L4, notice that the three sums of the absolute value of inner products have the same structure.
This means we can use the same trick to bound the three terms. In fact, for the first sum,

Zh(x])ll}(yj) E[R (X (V)] hipty — E[hi(X)]y ‘

F

1 n
;Z @Y O;) — E[ O]l iy — E[hi COluyllr

IA

I/\
[ E‘Ms s

ST

J
Z hi ()Y ) — E[R COYIIIE + Z Ihiny — E[i(]pyllE,  (2ab < a? +b?)

j=1

1l
_

i

which is exactly L; + L,. Hence, following the same trick and combining the convergence rates of L,
L, and L3, we can have that the convergence rate of L, is 0, (n~1). Combining the convergence rates
of Ly, Ly, L3 and L,, we have
A _1
ICxy — Cxyllus,rp = Op(n 2).
O

Remark about the cross-covariance without centering When applying cross-covariance opera-
tors in kernel embeddings in RKHS, people often ignore the centering of the feature maps [,?3,5’ 15]. We
define the cross-covariance operators without centering Covyy and its empirical version Covyy by re-
moving the terms Ey [f (Y)], Ex[h(X)] in (2.21) and W m in (2.22). In other words, Vf € F, h € H,
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and (X;, Y;)1<i<n i-i.d. from Pyy, we define the cross-covariance operator and its empirical version by
linear operators from F @ H — K such that

Covyxy(f @ h) : = Exy[f(Y)h(X)]

— 1<
Covyy = = ¥ FODACK,).
i=1

Their Hilbert-Schmidt Riesz representatives in HS(H, F) of cross-covariance operators without center-
ing are given by

Cxy () + = Exy [R(X)¥(Y)] (2.29)

= 1%

Cav() : = = > RV, (2.30)
i=1

And their explicit forms in HS(H, F) as well as the cross-covariance embeddings without centering are

é‘vxy i = Exy[Y(Y) @ p(X)]

S|k

Cxy: =

D ) ® px.
i=1

These operators share the same properties as the ones with centering because the proofs given pre-
viously for the theorems and propositions about the centered operators have already implied this. For
example, in the proof of Theorem 2.16, the rate of convergence of L, is just the rate of convergence of

Cyxy to Cyy in squared Hilbert-Schmidt norm, which is Op (n~1) as same as the centered case.

2.5. Quadratic mean differentiability

This section aims at introducing the quadratic mean differentiability which is important in the existence
for score functions and Fisher information of parametric models. QMD is also used to explain the
construction of paths for semiparametric models in Chapter 3. The following definition and theorem
are based on the Theorem 7.2 in Chapter 7 of [41].

Definition 2.23 (Quadratic mean differentiability (QMD))

A parametric model P = {Pg,0 € 0 € R} possessing density pg with respect to measure p is differen-
tiable in quadratic mean at 0, if there exists a measurable function g : y » R such that as 8 — 0,

1 2
| [m— JPar = 50 = 00)9,[Pay | du = 0(16 ~ B, ). (2.31)

For parametric models, quadratic mean differentiability (QMD) is a weaker condition for first order dif-
ferentiability of p (or /p) which is a part of Cramér-Rao regularity condition

1
VDo — \/Po, — 5(9 —00)g+/Pe = 0(|0 — 6y|%), as 6 — 6,.
However it is enough for the existence of both score functions and Fisher information.

Theorem 2.17 For a QMD parametric model P = {Py3,0 € ©® € R}, E[g] = 0 and 7(8) = E[g?] exists.

Proof:
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We denote /pg — . /pg, — %(G—GO)g /e, bY f(8; 6,). Then Equation (2.31) is given by || f(6; 90)“52(;1) =
(16 — 61%).

||\/P_—\/P90||iz(u)
1
=[£(6;6,) + 5(9 — 00)9/P6, IZ, ()

1 1
=117 (8; 00)IZ, (uy + 115 (6 = 60)9/Po, 17,y + {F (8 60), 5 (6 = 80)9/Poy ),

<IIf(6; 0)IIZ, ) + II%(B = 00)9/Po, 17,y + I (65 9o)||L2(#)II%(9 = 00)9,/Pa, I,y (Cauchy-Schwartz)
=0(10 — 6o1*) + 0(16 — 6o|*) + (16 — 6o|*)

=0(16 — 6,/%).

Hence, by Equation (2.31), as 8 — 6,,, we have two sequences converging in L, (1) norm, which are

\VPs — /Ps, and ‘/p_z:—g Vje" - %g /e, After rearranging E[g] to an inner product of the two convergent
sequences, we can find it’s just a zero. In fact,

E[g] = f gpe,du

1
[ (V78 ) Gp) an
. (\/P_ - \/Peo) o
= gggo 9_—90 (\/ﬁ + /peo) du (continuity of inner product)
_ 1
31155‘0 =0, fpe — Do, du
=0.

a-1 (ps, and pg are all densities)

1
(6-60)?
0. This means Wy is well defined with probability 1. The expectation of Wy exists by Cauchy-Schwartz

that (VPg, ,/Pay ) < INFaI, o llyPs 1) = 1

As 6 = 6,,
1 1z
E[Wpg] _fz—(ﬂ—ﬂo)z ,a—l Po, du

= 2=a | P 1)

1 2
=gy | (=)
- —f %gzpeodu

1
=—7Elg*]

Define random variable Wy = 2 :TG(X) — 1). Since py, is a density, we know Pr {pgo = 0} =
0

Hence E[g?] exists as —4E[W,].

2.6. Expected risk minimization

Expected risk minimization (ERM) is a fundamental concept in statistical learning theory. It refers to the
process of choosing a predictive model that minimizes the expected loss (or risk) over the distribution
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of all possible data. In this section, we introduce the ERM problem and derive its minimizer under a
square loss function.

Suppose (x,y) € X x Y is the input-output pair and P(X,Y) is the unknown true data distribution. The
hypothesis class H contains all the model X — Y that can be used in the learning algorithm. After
determining the loss function I(,-), the expected risk under the model f € # is the average loss over
the true data distribution which is given by

R(f) = Exy[l(Y, f(X))]. (2.32)
The ERM problem is defined by
mingeye R(f) = Exy[L(Y, f(X))]. (2.33)

The following theorem determines the minimizer for ERM problem (2.33) with square loss.

Theorem 2.18 (Expected risk minimization)

The solution to the ERM problem (2.33) with square loss I(y,y') = %|y —y'13, Vy,y € Yis f*(X) :=
E[Y]X].

Proof:

Since the goal of ERM is to find the optimal model f* € H that minimizes the expected risk R(f) (2.32)
for every input x, noticing that by the tower property of conditional expectation,

R(f) = Exy[l(Y, f(X))]
= ExExy[l(Y, f(X))IX],
we know that in order to minimize R(f), we need to find the minimizer for
Exy[l(Y, f(X))IX]. (2.34)
With square loss, Equation (2.34) is

1
Exy[I(Y, fQO)IX] = 5 Exy[(Y = FQO)*X]

1
= 5Exy[(Y = EYIX] + E[Y|X] = £ (X))*|X]

1
=3 {Exy[(Y — EYIXD?|X] + Exy[(Y — E[YIXD(E[YIX] — f(X)IX] + Ex v [(E[YIX] — £ (X))*|X]}

1 1 1
= 5Exy[(Y = EIYIXD?IX] + 5 (E[Y1X] = f (X)) Exy[(Y = E[YIXDIX] +5 Exy [(E[Y]X] = £ (X)*1X].

0
(2.35)

We find the minimizer for Ex y[(E[Y|X] — f(X))?|X] because it is the only term relevant to f in Equation
(2.35). Since the square function is convex with respect to f, there exists a minimizer. At the minimum
point f = f*, by the first-order condition

0

af(X) 1EX,Y[(E[YlX] _f(X))2|X] = EX,Y[f*(X) — E[Y|X]|X]

f=f*2

= f1(X) - E[Y|X]
=0,
we have that f*(X) = E[Y|X] is a minimizer for the expected risk R(f). Choosing f(X) := E[Y|X]

is a necessary condition for the expected risk R(f) (2.32) to be the minimum because applying the
first-order necessary condition directly to R(f) with square loss also produce a set of minimizers

{f i f = argminfEﬂR(f)} such that any model f within the set satisfies E[f(X)] = E[Y]. However,

the purpose for ERM requires a pointwise minimizer for every input x but not the minimizer on the
average scale. Hence f*(X) := E[Y|X] is the only solution.

O
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2.7. Results from convex analysis

This section is introduced to give a short overview of some results from convex analysis. The critical
parts include the Fenchel duality and the interchange for minimization and integration, which are used
in Chapter 4. The reference includes chapter 11 and 14 of [28] and chapter 7 of [30].

Denote the set of expanded real numbers by R = RU{—o0}U{+}. Let (Q, A) be a measurable space
and (-, -) be the inner product on R™.

2.7.1. Basic definitions

In this subsection, basic definitions about properness, subdifferential, semicontinuity, convexity and
concavity are given.

Definition 2.24 (Proper functions)
A function f : R™ — R is proper if its domain

domf :={x € R": f(x) < +oo}
is nonempty and f(x) > —oo, Vx € R™.

Proper functions can be seen as functions which are always larger than —co and with at least one point
such that the value is finite. For improper functions, we have f(x) = 4+, Vx € R" by its empty domain
and f(x) = —oo,¥Vx € R" since there is no point in R™ to make it larger than —co.

Definition 2.25 (Subdifferential)

The subdifferential of a function f : R™ ~ R at x, € R" is the set of all subgradients of f at x,, denoted
by df (xo), where the subgradients of f at x, is a vector z € R"™ such that

f(x)—f(xg) =(z,x —xp), Vx € R™. (2.36)
The corresponding subdifferential mapping df is set-valued map whose graph gphdf is defined by
gphof = {(x,9) € R" X R™ : g € 0f (x)}.

The subdifferential is a closed convex subset of R™. If a function f is differentiable at x,, then its subdif-
ferential at x, is just {Vf (x,)}. Ifitis nondifferentiable at x,, then af (x,) contains multiple subgradients.
Moreover, if f is subdifferential at x,, then f is proper by Equation (2.36).

Example 2.16 (Subdifferential of the absolute value)
{-1},x <0,
The subdifferential 0f (x) of the function f(x) = |x| defined on R is given by df (x) = {1}, x>0,
[-1,1], x=0.
The graph of the subdifferential mapping is
gphof = {(x,=1) : x <0} U{(x,1) : x >0} U {(0,9) : g € [-1,1]}.

Definition 2.26 (Semicontinuity)
At a point x, € R, a function f : R™ = R is
* lower semicontinuous, if f(x,) < liminf,_, f(x);

» upper semicontinuous, if f (xy) = lim SUpP, f(x).

If f is lower (upper) semicontinuous at every point in R™ then it is a lower (upper) semicontinuous
function.

From the definition of semicontinuity, we know any continuous function is both lower semicontinuous
and upper semicontinuous everywhere.

Below we give an example for semicontinuous functions to better illustrate the semicontinuity.
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Example 2.17 (Semicontinuous functions)

-1, <0
Function f(x) = { L x>0 is lower semicontinuous at x = 0 because Ye > 0, 36 = € such that
. o - . -1, x<0
Vx| < &, f(x)—f(0) > —e, which means f(0) < liminf,_, f(x). Similarly, function f (x) = L x>0

is upper semicontinuous at x = 0 because Ve > 0, 3§ = € such thatV|x| < &, f(x) — f(0) < e.

Definition 2.27 (Convexity, concavity)

A function f : R™ = R is
» convex, ifVxy,x, ER™, VAE (0,1), Af (x1) + (1 =D f(xz) = f(Axg + (1 — Dxy);
» concave, ifVxy,x, ER™, VA€ (0,1), 1f (x1) + (L = A)f (x2) < f(Ax; + (1 — D)xy).

When the equality doesn’t hold anywhere on R", the convexity and concavity are strict.

Example 2.18 (Jensen’s inequality)
Suppose X is a random variable. Given a function ¢ : R — R differentiable at point x = E[X], we have

* ¢(E[X]) < E[¢p(X)], if ¢ is convex;
* ¢(E[X]) = E[¢p(X)], if ¢ is concave.

Proof:

Only the convex case is shown here because the proof of the two cases are similar. The convexity and
differentiability at point x = E[X] implies that VA € [0,1], at x, € S,

A9 (x) + (1 = DP(E[X]) = p(Ax + (1 = DE[X])

1
P(x) — S(EIX]) = 7 (@(x + (1 = DE[X]) — d(E[X])
1 ¢(Ax — AE[X] + E[X]) — ¢(E[X])

B - SEXD 2 2 e (x - 2ETX])
Alx —E[X E[X]) —¢(E[X
60 - peix) > HEEEEDE D iy,
As 11 0, we have
Alx — E[X E[X]) — ¢(E[X
$00) - 9(B1x) > tjgp AL D (g

¢(x) — p(E[X]) = ¢"(E[X])(x — E[X])
PEX]D < ¢(x) — ¢"(E[XD(x — E[XD. (2.37)
Next is to compute the expectations relative to X on the both sides of (2.37).
P(E[XD < E[p(XN)] = ¢ (E[XD(E[X] = E[X])
(E[X]) < E[¢(X)].

2.7.2. Fenchel duality

This subsection introduces the Fenchel duality that is derived from the Fenchel-Moreau theorem and
the definition of conjugate functions.

Definition 2.28 (Conjugate function)
Let f : R™ = R be a real valued function. The conjugate function of f is given by

f(2) = sup {z,x) = f(x)}. (2.38)
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Example 2.19 (Conjugate of the square loss)

The square loss function | : R x R » R is given by l(x,y) = c(x — y)?, where c € (0,1]. Denote I(x, ")
2

by L, (-) for a fixed x. The conjugate function I;(y) = xy + Z—C.

Proof:
By definition 2.28, the conjugate function of L, is

L) = max{yt - L(O)}.

Since yt — I,(t) = —ct? + (2cx + y)t — cx? is a convex parabola with respect to t, it has a global
maximum point t = x + % and a corresponding global maximum xy + Z—z. This gives the conjugate
function [}.

O
The following theorem is important for defining the Fenchel duality.

Theorem 2.19 (Fenchel-Moreau)

Let f : R™ —» R be a proper and convex function, then f** = Iscf, where Iscf is the largest lower
semicontinuous function less or equal to f.

For a function f : R™ » R, from Equation (2.38), it’s clear that

f (@) 2 (z,x) = f(x),

which also gives
f(x) = (x,2) = f*(2).

The last inequality implies f > f**. The following theorem gives the condition for the equality to hold.

Theorem 2.20 (Fenchel duality)

Given a function f : R" » R, f = f* holds if f is proper, lower semicontinuous and convex. (f,f*) is
called the Fenchel duality in which f and f* are dual to each other.

The proof of the theorem is a direct result of Fenchel-Moreau theorem 2.19 by adding the assumption
that f is lower semicontinuous.

Example 2.20 (Fenchel duality of the square loss)

Here we continue the discussion about the square loss function 1, (-) introduced in Example 2.19. Since
L. () is continuous, it is a lower semicontinuous function. It is also clear that it is proper and convex.
Hence L. (y) = ;' (y) everywhere on R by Theorem 2.20, which gives a Fenchel duality (L, 1}).

For a Fenchel duality (f, f*), we have the following result.
Proposition 2.11 (Conjugate extreme point)

Given a Fenchel duality (f,f*), z* € df (x*) ifand only if x* € f*(z").

Proof:
By the definition of conjugate function, at the points z* and x*,
fr(z") = sup {{x,z") — f(x)},
x€ER™
f(x) =sup{(z,x") - f*(2)}. F=r
zeR™
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The functions considered should satisfy the first order condition at extreme points x* and z*. This gives

(x,z) = f(x) =0 z" = Vf(x"),

a x=x*

(z,x") = f*(2)) =0 & x" = Vf*(2").

5 z=z*

From the definition of subdifferential 2.25, it is clear that x* € df*(z*) and z* € df(x™) at the same
time.

(I

An application of this proposition is that given a Fenchel duality (f, f*), if we have some point x € af (u),
then immediately u € df~*(x).

2.7.3. Interchange of minimization and integration

The interchange of minimization and integral is an useful result in extremal problems related to inte-
grals. In this subsection, important ideas including normal integrands and decomposable spaces are
introduced for the final interchangeability theorem. Moreover, Proposition 2.12 (subgradient character-
ization of convex normality) is given to provide a method to identify the normality of any proper, lower
semicontinuous and convex function.

Definition 2.29 (Epigraph)
The epigraph of a function f : R" ~ R is the set of points lying on or above the graph of f:

epif :={(x,a) € R"1: f(x) < a}.
For a bivariate function f : O x R" ~ R, its epigraphical mapping Sy is defined by
Sp(x) = epif(x,) = {(, @) ER™": f(x,) < a}.

The closedness of epigraph is related to the lower semicontinuity. In fact, function f : R™ = R is lower
continuous if and only if its epigraph is a closed subset of R™.

Definition 2.30 (Normal integrand)
A function f : Q x R® = R is a normal integrand if its epigraphical mapping Sp: - R" X R is
closed-valued * and measurable.

Proposition 2.12 (Subgradient characterization of convex normality)

Let f : O x R™ » R be such that f(x,-) is a proper, lower semicontinuous and convex function with
respect to - € R"™ for any x € Q. Then f is a normal integrand if and only if the following hold:

1. the mapping x = gphdf (x,-) is measurable;

2. there is a measurable function u : Q = R™ such that 0f (x,u(x)) # @ for all x € Q and the function
x = f(x,u(x)) is measurable.

Theorem 2.21 (Conjugate integrands)

Given a normal integrand f : O x R™ — R, the conjugate f*(-) := f*(w,-) and biconjugate f**(-) :
f™(w, ) are normal integrands.

Example 2.21 (Normality of the square loss)

The square loss function 1, : R = R and its conjugate function I} introduced in Example 2.19 and 2.20
are normal integrands.

4A set-valued mapping with a closed image.
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Proof:
Since L (y) is differentiable everywhere on R, the subdifferential is dl,(y) = %lx(y) =2(y —x). The
graph of the subdifferential mapping is

gphdl, = {(y,2y — 2x) : y € R}.

The set-valued mapping x — gphdl, corresponds to a continuous function g, (x) := 2y — 2x which is
measurable.

As for the second condition, we choose u : R » R by u(x) = x. Then Vx € R, dl,(u(x)) = {0} # @
because I, (u(x)) = 0. The function x » L, (u(x)) = 0 is a constant function and thus is measurable.
By Theorem 2.21, the conjugate [} is also a normal integrand.

(I

Definition 2.31 (Decomposable space)

Given a measurable space (Q,A), a space U of measurable functions u : Q » R" is decomposable
relative to a measure uon A ifany u, € U and any A € A with u(4) < o, any bounded and measurable
uo(x), x € _AF .

uy € U, function u : u(x) = {u (), x €A isinU.
1 ’ )]

The definition means one can “glue” functions in U together on measurable sets and still stay inside
U. The decomposable spaces should always be linear spaces containing all bounded measurable
functions that vanish outside some sets with finite measures. Examples of the decomposable spaces
include spaces of all measurable functions from Q to R™ and spaces of all equivalent classes of functions
from Q to R™ with finite L, norm with respect to measure p.

Theorem 2.22 (Interchange of minimization and integration)

Let X be a random variable on the measurable space (Q, A) with a a-finite measure u on A. Let U be
a space of measurable functions from Q to R™ that is decomposable relative to u. Let f : Q X R™ R
be a normal integrand. Then the minimization of integral of f over U can be reduced to pointwise
minimization if the integral is finite, i.e.

inf, [ £CouG)duc = [ inf e wduce)

u(-)euU

The interchange of minimization and integration guarantees that if the common infimum are finite and
reachable, the optimal function u*(-) € argmin, ey [, f (x, u(x))du(x) satisfies

w(x) = argmin f (x, w),

almost everywhere on Q by p. In fact, if u({x € Q: f(x,u"(x)) > infcgn f(x,u)}) > 0, we have
| rewendu > [ inf renwdue
Q Q
= inf f f e, u(x)du(x).
Q

u(-)eEU

This contradicts the fact that u*(-) € argming ey fﬂ flx,ulx))du(x).

2.8. Fréchet derivative

The Fréchet derivative is a generalization of the derivative to infinite-dimensional spaces, such as
Hilbert or Banach spaces.
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Definition 2.32 ([3]Fréchet derivative)
Let f : A —» R be a functional defined on Banach space A. f is Fréchet differentiable at u, if the Fréchet
derivative of f at a point u € A exists as a bounded linear operator Df,, : A » R such that Vh € A,
i fu+th) = f(u)
1m

t—0 t

= Dfu ().

The Fréchet derivative matches the definition of the derivative of simple real functions. In fact, if f is a
real function from R to R, its derivative at u € R satisfies

flu+th) —fw)
t

lim
t—0

= Dfu(h) = f'(wh,

which is just as defined by the Fréchet derivative.

If A is a Hilbert space, then by Riesz representation theorem 2.2, the Fréchet derivative Df,, : A » R
uniquely corresponds to an elementin H. Hence in the Hilbert space background, the Fréchet derivative
refers to its Riesz representative but not the operator.

Below we give an example of the Fréchet derivative of a function acting on an infinite dimensional
Hilbert space H equipped with a inner product (-, -),,.

Example 2.22 (Fréchet derivative of inner product)

The Fréchet derivative of the inner product (-,-), at (g(u), f(w)), where g and f are Fréchet differen-
tiable operators from H to H, is given by Dg.,(f (w)) + Df;; (g(w)).

Proof:
By definition 2.32, Vh € H, the Fréchet derivative of the inner product at (g(u), f(w)) is given by

(gu+th), f(u+th)), — (g, f(W)y
t

+ th), +th) —
tim {gQu +th) f(ut )~ f@y Lim(g(u+th) —g(w), f W)y
=(gW), Dfy (M)} + (Dgu(h), f(W)y . (2.39)
Denote the adjoint operators by Dg;, and Df;;. Then by Definition of adjoint operators 2.6

(W), Df(M))y = (Dfy (W), h)y
(Dgu(h), f(wW)y = (Dgu(f (W), h)y, -

DL, (h) =1lim

Hence (2.39) is equivalent to
(Dgu(f (W) + Dfy (g(w)), h)y, -
By Riesz representation theorem 2.2, Dg;, (f (w)) + Df,; (g(w)) is the unique Hilbert space element that
DI, corresponds to.
O

When f and g are linear operators, from Definition 2.32, it is clear that Dg,, := g and Df,, := f. In this
situation, the Riesz representative of Fréchet derivative DI, shown in Example 2.22 is given by

g F@) + f(gw). (2.40)



Semiparametric information theory

Suppose there are some observed samples of a random variable X3, ---, X,, from a distribution P belong-
ing to a set of probability measures P on the measurable space (0, A). Now the task is to estimate the
value Y (P) where the functional satisfies i : P — R. If the set P takes the form P = {Py, 0 € 0}, i.e. for
a finite dimensional parameter 0 in the distribution of X, the Fisher information is needed to measure
the information that the observed samples carry about the unknown parameter 6, and the Cramér-Rao
bound determines the minimal variance for estimating the parameter ) (P).

Definition 3.1 (Fisher information)
For a one-dimensional parametric model Py with density pg, the Fisher information of 8 € ® C R is

3(0) = Eg[s(6,X)?],
where s(6,X) = % logpy (X) is the score function.

Definition 3.2 (Cramér-Rao bound)
Given the unknown parameter 6 in the one-dimensional parametric model Py and the one-dimensional

parameter (0) to be estimated, the Cramér-Rao bound is given by

[y (6)]?

3(6)

To extend the idea of information like Fisher information and Cramér-Rao bound to semiparametric
models, i.e. models that include both unknown finite dimensional parameters and infinite dimensional
parameters (or functions), we can restrict the model P to any of its one-dimensional (sufficient in most
situations) smooth parametric submodels with shape P, = {Py : 6 € 0} and find the Fisher information.
Since the information of the whole model 2 is no larger than the infimum of all the Fisher informa-
tion derived from its parametric submodels, the information of the semiparametric model P should be
defined as this infimum [41].

The idea naturally leads to the construction of submodels. For any one-dimensional parametric model,
the QMD (Definition 2.23) suffices for determining the score function and making sure the existence
of Fisher information as shown in Theorem 2.17. Under this condition, if there exists a measurable
function g : QO » R which is the derivative in square mean of root density then it is the score function.
This helps constructing the demanded one-dimensional parametric submodels from measurable func-
tion g. Now we consider maps t ~ P; from the right half neighborhood of 0: [0,e) S [0,) to P
choosing P, as the "true” distribution of the observations. The submodels {P; € P|0 < t < €} should be
quadratic mean differentiable at t = 0% with score function g, i.e. it satisfies Equation (3.1).

2

1 1
dP? — dPz 1 1
If—zgsz = o(1), as t L 0. (3.1)

44
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This means usually the submodels {P, € P|0 < t < €} are constructed in the way such that for any x
[41],

d
9(0) = 5 li=o log dP; ().

3.1. Tangent sets, influence functions and information
The tangent set of a model P is defined on the basis of the score functions of its submodels.

Definition 3.3 (Tangent set)

The tangent set P» of the model P at P consists of score functions g of all its parametric submodels
{P, € P|0 < t < €} passing through P when t = 0. The score function g satisfies Equation 3.1.

Since score functions satisfy E[g?] = [ g?dP < o, the tangent set is a subset of L,(P).

Before introducing influence functions, we will first restrict the range of parametric submodels to those
that are differentiable after being mapped by the functional .

Definition 3.4 (Differentiable functional)
Functional i : P ~ R is said to be differentiable at P relative to a given tangent set Py if there exists
a continuous linear map Y : L,(P) ~ R such that for every g € Pp, there is a submodel P, with score
function g,
. YP) =)
lim —————— =v»(9).
Denote the closed linear span of the tangent set ?, as lin?,, which is a closed subspace of L,(P).
Although ), is defined on the whole space L,(P), since g € P, c lin®;, by the Riesz representation
theorem fciHiIbert space (Theorem 2.2), there exists a Riesz representative function y» uniquely
defined in lin®p.

be(@) = (Fr.9), = [ Gegap. (3:2)
The uniquely defined function 1), is called the efficient influence function of .

Definition 3.5 (Efficient influence function)

Among all the influence function of ) under model P, there exists a unique one belonging to W?P which
is called the efficient influence function.

Since usually ﬁfﬁp & L,(P), the efficient influence function should be the projection of other functions

in L,(P) onto lin?,. Those functions are called influence functions and are not uniquely defined by the
submodel P and g.

Now we can define the minimal asymptotic variance for estimating ¥(p) in semiparametric models just
like the Cramér-Rao bound in parametric models. Notice that for any one-dimensional parametric sub-
model P, of the whole model P, its Fisher information is E[g?]. The Cramér-Rao bound for estimating
Y(P:) att = 0 is given by
, . 2
[ (POle=o)* _ (Pr.9)s (3.3)
E[g?] (9,9)p '

When choosing the supremum of Equation 3.3 over all elements in the closed linear span of the tangent
set, we get the lower bound of the asymptotic variance for estimating 1/(P). In fact, this lower bound is
just the variance of the efficient influence function.

Lemma 3.1 (Efficiency bound)
Suppose that the functional y : P + R is differentiable at P relative to the tangent set Pp. Then
~ 2
(l)bP' g)])

sup ———= = Ep[3].
gem?p <g"g)P 3
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Proof:
The definition gf efficient influence function states that Yp € ﬁ:bp. By the Cauchy-Schwartz inequality,
E[Ypg]* < E[Y}]E[g?], with equality if g = 1,,, which directly leads to the equation.

O

3.2. Efficiency bound for ATE

As shown by Lemma 3.1, the efficiency bound for ATE determines the minimal asymptotic variance
that the estimator of ATE can achieve. Before finding the efficiency bound, we need the efficient influ-
ence function for ATE. Hence, in this section, we introduce the efficient influence function in the basic
counterfactual framework and then the attempt to find the efficient influence function in the proximal
counterfactual framework.

3.2.1. In basic framework

The average treatment effect in the basic counterfactual model is given by y = E, E[Y! — Y°|L], whose
efficient estimators are restricted by efficient influence function and efficieny bound of it. To determine
a lower bound of the variance for the efficient estimators, we firstly consider the semiparametric model
to be investigated. Notice that the joint density of the observations (Y = (I4-,Y?1,14,-,Y°), 4, L) is given
by
fOLAL) =[P Y IDIAL = fFAILDIAIF QDA L),

where f¢ is the marginal density for Y%, f(a|L) is the propensity score under A = a and f* is the
marginal density for confounder L. The nonparametric model should satisfies Assumption 1.2 and 1.3
with unknown segments f°, 1, f(1|L) and f*L.

Theorem 3.1 ([42] Efficient influence function and efficiency bound)

Denote the conditional average outcome E[Y%|L] as u®. The efficient influence function 1) of the aver-
age treatment effect identification formula y = E E[Y' — Y°|L] is given by

]lA=1 ]lA=0

fAlL) f(OIL)

The corresponding semiparametric local efficiency bound of y equals E[?].

)= (Y'—ph) - (Y —p®) +ut —u® —x. (34)

Proof:
We consider the parametric submodel passing through true density f(Y, 4, L) when t = 0.

fe VAL = [N Y IDIAL = feQUDITALLAIDIAfE L),

where the form of paths are set as follows to make sure the submodel is a density.

fe(L) = f(AL) + tp(L), where — f(1|L) <t$(L) < f(OIL),
fEYIL) = A +tp*(YIL)f(YIL), a € {0,1}, where E[p*(Y|L)|L] = 0,
fi ) = @+ tyW)HfH L), where E[y(L)] = 0.

The score function of the submodel is

Iy — f(1IL)

Famysoin *E T

0
g(Y,AL) = ah:ologft(y./l' L) = 1a=op° (Y|L) + Tu=1p* (Y|L) +
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As defined by equation (3.2), the influence function ) of y under the whole model satisfies

ax: )
)y = o lemo | YAROID = SO0,

= Jy [FrOIDE oI +yD) = FPEIDEGID +y)] fX (O du@. D
= fﬁl(YIl)(Pl()’Il)+V(l))fL(l)dM(y' D- IYfO(YIl)(PO(YIl)+V(l))fL(l)dM(y,l)-

Iy I

Notice that

- 1,_ 1. ) )
Ve {f(Al_li) =) +ut - E[Yl]} ) {f(f)]Z) (V0 =) + 40 - E[Y"]} =t — .

If we show I, = E[1)%g], for a € {0, 1}, then 1) is indeed an influence function of y. In fact,

(e — ) Lot — FALIL)
Elvd] ‘E{[ f(A=all) FAIDFOID)
Lyma(V® — 4% Loy — F(LIL)

E{[ F(A =all) f(llL)f(OIL)¢(L)+y(L)]}
 laare— ) 1y_q (Y — ) Lyoa(YS — 49 Loy — F(LIL)
_E[ fa=alD) * (Y'L)]+E[ (A =alL) Y(L)]“E fA=all) fAIDfOIL)
E, E, E3
L4t — FQLIL)
FAIDFOIL)

Es

+uf = E[Y“]] [ﬂA=oP°(Y|L) +1u=1p (YIL) + ¢(L) + Y(L)]}

* ”a] [ﬂA=0PO(Y|L) + ﬂA=1P1(Y|L) +

¢(L)]

+ E [u?[Ma=op° (Y|L) + Ty p (Y |L)]] + E |

Ey

¢>(L)] +E [usy(L)].
Eg

To find the result of the six expectations, we write them as the repetitive expectation conditional on
L: E E[-|L]. E, and E; are zeros because they are multiplied by a common term E[Y? — u%|L] =
0. E, is a zero because E[p®(Y|L)|L] = 0, for a € {0,1}. Es is a zero because it is multiplied by
E[14-1—f(1]|L)|L] = 0. Thus, by conditional exchangeability, the inner product of )¢ and g is equivalent
to

Ly (Y* — %) a
E “fA=apL) ” (YIL)]+E[u y(L)]

1
=EE {mﬂh:d”ﬂ(y —u)p (YlL)lL]} + E [u®y(L)]

= ELE[Y*p®(YIL)IL] — Ep [W®E[p* (YIDIL]] + E [u®y (L)]
= E [Yp(Y|D)IL] + E[u%y (L)]

=1,

This means 1 is an influence function of y. Notice that 1) is also a score function of a parametric model
passing through the true density at t = 0 which chooses

oL) =0,
a —(—1)1—a Ya_ua
pUYIL) = (D — s,
y(L) = pt —pu® —x.

So, ) belongs to the closed linear span of the tangent set and thus is the efficient influence function of
x. Its efficiency bound is given by E[?].
O
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3.2.2. In proximal framework
To determine the information, we need the model to be considered in proximal framework.

Definition 3.6 (Proximal framework model)
The whole model Py;oximai in proximal framework is composed by all joint densities of (U,Z,X,W,A,Y)
complying the factorization rule of random variables based on Assumption 1.4, i.e.

p(U.X,Z,W,AY) = p(WpX|Dp(Z|U,X)p(WI|U,X)p(A|Z, U, X)p(Y|U,X,A,W), (3.5)
where

p(AIZ,U,X) = [fa(11Z,U,)]4[1 = fa(11Z,U, X)]*~4
p(Y|U X, A,W) = [fr (|U, X, W) [fro (|U, X, W)]*~4.

Under the existence of the two bridge functions and the completeness assumptions such that the stan-
dardization formulae holds, the efficient influence function and efficiency bound of average treatment
effect y can be determined to test the efficiency of any estimators of y.

Lemma 3.2 ([45] Influence function)

If there exists a submodel in Py,oximar that supports the existence of bridge function h and q, the
average treatment effect identification formula y = E[h(W,A = 1,X) —h(W,A = 0,X)] has an influence
function

Y= (-D"q(Z,AX)[Y —h(W,AX)]+h(W,1,X) — h(W,0,X) — x. (3.6)

Proof:

Denote 0 = (W,Y,Z,A,X), we write the joint density of O to be f(0), and the score function to be
S. Suppose f; is an one-dimensional parametric submodel of the whole model #,,oximq: defined in
Definition 3.6. The model P, ,xima: has the property in consistent with the Picard’s condition (1.3) and
(1.6) for the existence of the bridge functions, and satisfies completeness assumption 1.5 and 1.6.

As defined by Equation (3.2), the influence function ) of ¥ under the whole model satisfies

ax¢ s R
Eh:o =<1, 5:(0) > |t=0 = E[YS(O)].

Define h;(A) := hy(w,1,x) — h(w, 0, x). By chain rule, the derivative equals to

ox: d
)y = 5 lemo | Re (@R w,2)

d d
— [ h@) 5 lemofe, )R 0) + [ S lemolte AP, ).

Iy Iz

Part (i): To show I; = E[(h(A) — x)S(O)].

0
L= fh(A) [almologft(W.X)]ft(W,X)d#(W.x)

= E[h(A)S(W, X)]
= E[h(D)S(0) — S(Z,Y, AW, X)]
= E[h(8)S(0)] — E[h(D)S(Z,Y, AW, X)] (3.7)

The second expectation in the last row is 0 because the expectation of any score function is 0:
E[R(A)S(Z, Y, AW, X)] = f h(A)S(z,y,alw,x)f(z,y,a,w,x)du(0)
= [ h@ {[ s@yaw.0f G aw Aty 0 o duow 0

= Ewx[M(D)Ezy alS(Z,Y, AW, X)W, X]]
= Ew x[h(4) - 0].
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The desire result is obtained by adding a 0 term E[—yS(0)] on the equation (3.7).

Part (ii): To show I, = E[(=1)1"4q(Z, 4, X)eS(0)], where € = Y — h(W, 4, X).

We temporarily denote %hzoht(w,A = a,x) as dh(a) to avoid chaos.

d
= | Silemohe@)dF G, 0)

= [ an( 2 duw. ) - [ dh©O)F on, 2w, )

—a 1 ~
) f{a;u(_nl dh(a)mf(fl = alw, x)}f(w, x)dp(w, x)

-|E (GOl dh(A)W = w,X = d

= | Bl s R = w,X = 17w, X)du(w, )
= Ey yE (Gl dh(A)|W,X

- w.,X A[f(A|W,X) ( )l ’ ]

—E D™ 0 h,(W,A=aX

= [W&lt:o «(W,A =aq, )]

_ GO b _

—EW,A,XE fmalt:o t(W.A—a,X)|W,A,X].

The bridge function q(Z, A = a, X) given in lemma 1.2 implies the last row equals:

0
EwaxE [(—1)1—AE [q(Z,A,X)|W,A,X] ah:oht(W,A =a,X)|W, A,X]
]
=Ew axEwax [E [(—1)1‘Aq(Z,A,X)§|t=0ht(W,A =a,X)|W,A, X] |W,A,X]
2
=E (—1)1‘Aq(Z.A.X)aIt=oht(W,A =a,X)

d
=Ez ax [(—1)1_AQ(Z'A'X)E [%h:oht(W'A = a,X)IZ,A,X”. (3.8)

Recall the outcome confounding standardization formula (1.2), on the submodel, we have

0
&lt:OEt[Y —h(W,A,X)|Z,A,X]=0

0
f 3¢ le=0l(y = he(W, A, X)) fe (W, y1Z, 4, X)]dpu(w, y) = 0.
Lete =Y — h(W, A, X), by the chain rule, we have
0
E[eS(W,Y|Z, A, X)|Z, A, X] = E[a|t=0ht(W,A,X)|Z,A,X]. (3.9)

Applying equation (3.9) to (3.8), we get
L =E[(-1)'q(Z,4,X)eS(W,Y|Z,A,X)|
= E[(-1)'q(Z,4,X)e(S(0 ~ S(Z, A, X)))]
=E[(-1)'q(Z, A, X)eS(0)] — E[(-1)*4q(Z, A, X)eS(Z, A, X)] .
The second expectation in the last row is 0 because
E[(-1)'q(Z,A4,X)eS(Z, A, X)]
=Ezax [(-1)""4q(Z,A,X)S(Z,A,X) - E [€]Z,4,X]]
=Ezax [(-1)'q(Z,A,X)S(Z,A,X) - E[Y — h(W,A,X)|Z,A,X]]
=Ezax [(-1D'q(Z,4,X)S(Z,A,X) - 0]. (formula (1.2))
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Combining the results from part(i) and (ii), we have
E[PS(0)] = E[(=D'*q(Z, A, X)e + h(8) = 1)S(0)],
which means that the influence function v is just
(—D¥4q(Z, A X)[Y — h(W,A,X)] + h(W,1,X) — h(W,0,X) — .

O

Although the influence function is not enough for determining the efficiency bound, it still plays an
important role in the proximal framework. First of all, its double robustness means it is consistent to
zero whenever one of the bridge function exists, which provides a possibility of being a score function
of some submodel. Moreover, it inspired ideas of estimating bridge functions for example the result
given by Ghassami et al. [16] who also gave a method to estimate the influence function (3.6) and
proposed its asymptotic normality.

However, the efficiency of the influence function is not an easy task to determine, since it is difficult to
find a submodel whose tangent space includes the influence function (3.6). Cui et al. [45] tried to give
The efficiency of the influence function (3.6) under a surjectivity assumption of conditional expectation
operator through the following theorem.

Theorem 3.2 ([45] Efficiency bound)

The influence function (3.6) is the efficient influence function, if the conditional expectation operators
T : Ly(Pw,ax)) P La(Pzax)) and its adjoint T* : L,(Piz,ax)) = L2(Pw,ax)) are surjective. The corre-

sponding semiparametric local efficiency bound of y is E[{?].

Proof:
Recall the tangent space of the whole model P, ximq: (Definition 3.6) is given by the closed linear

span of A; + A,, where
Ay :={S(Z,A,X): S(Z,A,X) € Ly(Pizax)), E[S(Z, A, X)] =0},
Ay :={S(Y,W|Z,AX): S(Y,W|Z,AX) € Ly(Pzax)* EISY,W|Z,A,X)] =0,
E[eS(Y,W|Z,4,X)|Z, A, X] € Range(T)}.

The requirement E[eS(Y,W|Z, A, X)|Z, A, X] € Range(T) is a direct result of the existence of the outcome
confounding bridge function h, given by Equation (3.9).

Notice that Equation (3.6) can be decomposed into two parts with zero mean:
(—D¥q(Z,A,X)[Y — h(W,A,X)] + h(W,1,X) — h(W,0,X) —
=E[h(A) — x|Z,A, X]+h(A) — x — E[h(D) — x|Z,A, X] + (1) 4q(Z, A, X)€.

Iy Iz

Since h(A) — x € L,(Pw ,a,x)), by the surjectivity of T, it is clear that I, € A;.
As for I, since Ey w[1>1Z, A, X] = 0, we have Ey[l,- g] = 0, Vg € L,(Pz,4x)) and thus I, € LZ(P(Z,A‘X))i.
Noticing that Ey [el,|W, Z, A, X] € L,(Puw ,a,x)) for fixed Z, by the surjectivity of T, we have E[el,|Z, A, X] =
EwEy|el,|W,Z, A X] = T(Ey[el;|W, Z, A, X]) € Range(T). This means I, € A,.
Hence the influence function (3.6) is efficient.

O

Kallus et al.[19] generalized the efficiency bound based on the Theorem 3.2 to their generalized average
causal effect although they didn’t avoid the surjectivity assumption of the two conditional expectation
operators.

The surjectivity assumption in Theorem 3.2 for the conditional expectation operators implies, by The-
orem 2.3, T and T* are also injective and have closed range. This is equivalent to the statement that
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T is bijective, which restricts the question to a trivial situation when the existence of bridge functions
holds automatically. However it is rarely the case in the real problems.

Considering only the surjectivity of T is needed during the proof, even though dropping the assumption
of the surjectivity of T*, we still find the assumption extremely narrows the opportunity to apply the
theorem. Typically, the range of T should be strictly smaller than L, (P(z 4 x)), i-e.

Range(T) = {E[f(W,A, X)|Z,A, X] : Vf € L,(W,A,X)} & Ly (Pez,a,x))-
With the surjectivity of T, we have
Range(T) = {E[f(W,A,X)|Z,A, X] : Vf € L,(W,A,X)} = Ly (Pcz,a,x))-

This happens only when W is rich enough to explain Z, for example when Z and W are identically
distributed conditional on U and X, while in real cases it is usually impossible to acquire information of
one of the proxies from another.



Estimating the treatment confounding
bridge function

Identification of the ATE in the proximal framework depends on the existence of the bridge functions
while the Picard’s conditions determining the existence are difficult to verify. This makes it a though
task to calculate the ATE directly from the bridge functions. In this chapter, we focus on estimating
the treatment confounding bridge function through the Fredholm integral equation of the first kind (1.5),
which is given by

Faw.n =E[ly—qq(Z,a, X)|W,A = a,X] (4.1)
To achieve this, one requires the true data generating function f(a|W, X) which is usually hard to get
when confounder U is unknown. An approach is to find out the transformed integral equation problem
thatis irrelevant to f(a|W, X) so that a straightforward method for estimating the treatment confounding
bridge function is produced. In fact, by the tower property of conditional expectation, integral problem
(4.1) is equivalent to

s~ Fla=ad @ 0, OIW,4 = a.X]

1=E[14=qq(Z,a,X)|W,A = a,X]f (a|W,X)
1=Ep[Ez[14=0q(Z, a, X)|IW, A X]|W, X]
1=Eza[14=0q(Z, a, X)|W,X].

Since the treatment confounding bridge function under different treatments are different, we denote
q(Z,a,X) by q, to discriminate between the two functions. If the solution exists, suppose qj, is the true
treatment confounding bridge function under treatment A = a. Then it solves

Ezalla=aqa(Z,a, X)|W, X] = 1. (4.2)

Estimating g, will produce the estimator of treatment confounding bridge function under treatment 4 =
a.

Suppose confounders X, W, Z are random variables over polished subspaces of R which we denote by
X, W and Z respectively. Let A be a binary random variable over set A = {0, 1}.

4.1. Transformed problems and a kernel embedded solution

The dual kernel embedding method was proposed by Dai et al.[9] to solve problems of learning from
conditional distributions. These problems can be seen as solving the function connecting the condi-
tional distribution to the target values. The method transforms the equation of conditional expectation
to a kernel embedded minimax problem by a series of reformulations, including ERM reformulation,

52
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minimax problem reformulation through Fenchel duality and interchange of minimization and integra-
tion, and finally the kernel embeddings of means and cross-covariances. The method is based on the
definition of universal kernels that any bounded continuous function can be well approximated by a
function belonging to the RKHS induced by the universal kernel. Hence the kernel embedded solution
approximates the original bounded continuous function arbitrarily well.

After Dai et al., Muandet et al.[25] applied the dual kernel embedding method to the instrumental vari-
able problems and found a closed form solution of the causal function in instrumental variable regres-
sion. The instrumental variable regression stands for the inverse problem

E[Y|Z] = E[f(X)|Z], (4.3)

where X,Y,Z are faithful to graphical model 4.1. Suppose the influence mechanism from X to Y is
Y = f(X) + €, where f complies an unknown model and ¢ is the noise from e. If we want to identify the
true mechanism f* when E[¢] = 0 and the only known information is E[Y|X], we can’t solve the influence
from E[Y|X] = f(X). The reason is that from the graphical model, we have E[e|X] # E[e] which implies
Ele|X] # E[e] = 0. This means the influence we found from E[Y|X] = f(X) will always include the
noise from e. To get rid off this noise, by e L Z, we know E[e|Z] = E[e] and thus E[e|Z] = E[e] = 0.
This makes the influence solved from (4.3) will only reflect the causality from X to Y. Hence, people
refer to Z by the instrumental variable.

Figure 4.1: A DAG for instrumental variable scenario

By virtue of the similarity of the integral equation determining the existence of the treatment confounding
bridge function and the instrumental variable regression, we apply the dual kernel method to find a
kernel embedded q,.

We start with the ERM reformulation of (4.2).

Lemma 4.1 (ERM reformulation)
The true solution q;(Z, a, X) for integral equation (4.2) solves the expected risk minimization problem
with square loss for 1-dim data l(x,y) = %(x —y)?

Ew x[l(1, Ezal14=a9a(Z, a, X)|W, X])]. (4.4)

min
Aa€L2(P(z,ax/w,x))

Proof:
First we consider the solution h* € L,(Pyy x)) for minimizing the mean square error

1
Ewx[5(1 = h(W,X))%] (4.5)

By Theorem 2.18, the expected risk (4.5) has the minimizer h*(W, X) := 1. It is clear that h*(W,X) =
Ez[14-0q2(Z,a,X)|W, X] by Equation (4.2). Hence the true solution g (Z, a, X) for integral equation (4.2)
solves the ERM problem.

O
Next comes the minimax problem reformulation of ERM reformulation (4.4).
Lemma 4.2 (Minimax problem reformulation)
The ERM form (4.4) of integral equation (4.2) is equivalent to a minimax problem
1
. _ _ = 2
anLZ(g?ZI,II:,X|W,X)) u(-,-{élJ?[)((W,X) Ezw,ax[(la=aqa(Z,a,X) — Du(W, X)] 2 Ew x[u®(W,X)], (4.6)

where M (W, X) is the space of all measurable functions from W x X — R.
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Proof:
For simplicity, we denote the square loss function [(x, y) by L. (y).

min Ewx[li(Ezalla=aqa(Z, a, X)W, X])]
qa€L2(P(z,ax 1w ,x))

= min Ey x [rlfllglg( {uEZA [Ma=aqa(Z,a,X)|W,X] - 1 (u)}] (4.7)

qa€L2(P(z,ax1w X))

1
= min Ey y[max{uE, ,[1,_ Z,a,X)|W,X] —u— —u? 4.8
daLa(Pgaxiw.x) W,X[ueR{ zalla=aqa( )] ] > }] (4.8)
1
= min max E u(W,X)E, 4[14= Z,a, X)W, X1 —u(W,X) — —u2(W,X
Lo (Pipaxiw ) UIEMW.X) wx[u( VEza[la=aqa( ) ] ( ) 2 ( )]
1
= min max E 1, Z,a,X) — DuW,X)] — =Ey x[u2(W, X)].
Ga€Lo(Popaxiw.x) Ul EMW,X) zw,ax[(La=aqa( ) Ju( )] 2 wx[u( )]

In Example 2.20, itis shown that (1], l;) are dual to each other. Since the supremum over R is achievable
by maximum, (4.4) can be transferred to (4.7), a minimum problem with a maximum inside, by [; = [J".
Substituting ] by the result with ¢ = % in Example 2.19, one can get the equivalent expression (4.8).
By Example 2.21, [] is a normal integrands. And it is easy to show that [ (u) plus a linear term of u is
still normal. As defined that M (W, X) contains all measurable function from W x X - R, M (W, X) is a
decomposable space by Definition 2.31. Hence after applying Theorem 2.22 to the negative function

of the normal integrand %uz —U(Ez4[14=0q4(Z, a, X)|W, X] — 1), we interchange the maximum and the
expectation from finding the maximum over R to the function space M (W, X). This gives the equivalent
problem (4.6), which is a minimax problem.

O

To remain consistent with the terminology used by Dai et al. [9], we will continue to refer to u(W, X) as
the dual function. Below we give two important properties of the optimal dual function u* (W, X).

Proposition 4.1 (Uniqueness)

The optimal dual function u* is uniquely defined by the derivative of the square loss function l,(-) at
Ezallu=aqa(Z,a, X)|W, X], which isu*(W,X) = Ez4[14=aq.(Z,a, X)|W,X] — 1.

Proof:
By Theorem 2.22, since the maximum is finite, the optimal function u* satisfies

w'(W,X) = argmax {uEza[ls=ada(Z, &, )W, X] — W)},
everywhere on W x X. Combining Ez4[14-0q.(Z, a, X)|W,X] € dl;(uw" (W, X)) implied by (4.7) and
Proposition 2.11, we have that the optimal dual function u* satisfies
u*(W,X) € 0ly(Ezallu=aqa(Z, a, X)|W, X]).

Since the square loss [, () is differentiable with derivative x — 1 at point x, the optimal dual function is
uniquely defined by the derivative of [, (-) at Ez 4[14=0q4(Z, a, X)|W, X], Whichis E; 4 [14=0q.(Z, a, X)|W, X]—
1.

O

Proposition 4.2 (Bounded continuity)
The optimal dual function u*(W, X) is bounded continuous on W x X if

» fora € A, 1,_,q9,(Z, a,X) is continuous in both Z and X or at least continuous in Z for any X;

* the conditional density p(Z|W, a, X) and conditional probability f (a|W,X) are continuous at any
(W,X) EW x X.
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Proof:

The two continuity assumptions make sure E;4[14-,94(Z, a, X)|W, X] is a bounded continuous function
of (W, X). Since the derivative of square loss [, (-) is continuous, combining the result in Proposition
4.1, we have the bounded continuity of the optimal dual function.

O
Proposition 4.1 and 4.2 show that the optimal dual function u* (W, X) is uniquely defined on the space
of all bounded continuous functions W x X ~ R, which we denote by C,(W, X).
To commence further transforms about the minimax problem (4.6), we need the following assumption.

Assumption 4.1 (Continuous treatment confounding bridge function)

The Picard’s condition for the existence of the treatment confounding bridge function (1.6) holds in a
way such that there exists at least one bounded continuous treatment confounding bridge function for
each treatment.

Since Co(W,X) € M(W,X) and Cy(Z, A, X) S Ly(Piz,4xw,x)) over any polished subspaces of R, under
Assumption 4.1, we can restrict the minimax problem (4.6) to

1
i - _Z 2
qaeg)l(l?A,x) ueg}?vf/(,x) Ezwax[(la=aqa(Z, a,X) — Du(W,X)] ZEW,X[u w,x)]. (4.9)

By the definition of universal kernels, the RKHS induced by a universal kernel is dense in the space of
bounded continuous functions. We can further restrict (4.9) to a minimax problem finding solutions in
RKHSs. This gives

. 1
min max Ezw a4 x[(La=a9a(Z, @, X) — DuW,X)] — 5 Ey x[u? (W, X)]. (4.10)
qq€F u€eH 2

Lemma 4.3 (Kernel embedded reformulation)

For any two universal kernels k : (W x X)X (W x X) » Rand: (Z x {a} x X) x (Z x{a} X X) » R,
we denote H, F and F by RKHSs induces by k, [ and |, where | : (Z X A X X) X (Z X A X X) = Ris
defined by 1((Z,A,X),(Z',A",X") := y—qlar=o1((Z,a,X),(Z',a,X")). The corresponding feature maps
ofk,landlaregivenby ¢ : Wx X » H,Pp: Zx{a}x X — Fand : Z xAx X  F. Denote the
Hilbert-Schmidt Riesz representatives of (cross)-covariance operators by the operator Czaxywx) from
F to H and the operator Cqyxy from H to H respectively. Denote the mean embedding on H by uqy x).
The kernel embedded form of (4.10) is given by

. 1
gl;lgpl max ['(qa,w), for T'(qq, w) = {Czaxywx)da — Bwx) — EC(WX)U'U ) (4.11)
H

where the operators Cizaxywx) and Cuyx, are not centered’.

Proof:

After restrict to the RKHSs, the expectation of dual function u and the cross-covariance of 1,4-,q, and
dual function u can be represented by mean embedding (2.18) and cross-covariance embedding (2.25),
where the embeddings considered here are not centered.

First notice that q, € FNF, since by Moore-Aronszajn theorem 2.14, q, has a representation in F
which is given by

n n n

da = z a;iP(z;, a,x;) = Z aiﬂai=al/;(zira' x;) = Z aip(z;, a;,x;), where a; = -+ = a, = a.

i=1 i=1 i=1

"Recall the remark about the cross-covariance without centering in Subsection 2.4.3, where the Hilbert-Schmidt Riesz represen-
tatives of not centered cross-covariance and its empirical version are defined by (2.29) and (2.30).
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This gives

Ewx[u(W,X)] = <#(Wx): U)H ,
Ezwax[Ma=ada(Z, @, Xu(W, X)] = Ezpax [la=a (40 $(Z @ X)), (w, gW, X))y |

=Ezwax |{9a ﬂA:aJJ(Z' a,X))r (u, p(W, X))[-[
W(Z,AX)

=(da ® U Ezwax[W(Z AX) @ ¢W, XN ys )
= <Qa ®u, C(WX)(ZAX))HS(H’F)
= (‘Ia: C(WX)(ZAX)u)F
= <C(ZAX)(WX)qa' U)H .
Hence the kernel embedded form of (4.10) is given by (4.11).
O

Notice that although the kernel embedded form (4.11) is concave relative to u and convex about q,,
the uniqueness of the saddle point does not hold since the convexity and concavity are not strict. If the
saddle point (g, u*) exists, then by first order condition, it must satisfy

Vol = Cwx)zant =0

(@a=qa.w)
V,r = C(ZAX)(WX)CIa —Hwx) — C(WX)u* =0.
(qqu=u*)

Hence the sufficient condition for the existence of saddle points is that

1. u € NUll(Cowxy(zax));
2. Cwxyu" + pawx) € Range(Czaxywx))-

Furthermore, to determine the uniqueness of the saddle point, it must be assumed that operators

Cwx : H» H and Cyx)zax) C(_M}X)C(ZAX)(WX) tFe F

are invertible. However, by the Riesz-Schauder theorem 2.6, if the Hilbert space is infinite dimensional,
then 0 belongs to the spectrum of the compact operator. This means the compact operator like Cy x
(Proposition 2.7 and Example 2.3) acting on an infinite dimensional Hilbert space can’'t be boundedly
invertible. Hence the invertibility assumption restricts H and F to be finite dimensional, which isn’t true in
general for RKHSs induced by universal kernels. So, the series of transforms from the original inverse
problem (4.2) to kernel embedded minimax problem (4.11) have not eliminated the ill-posedness of the
original problem but shifted it to an ill-posed problem that can be handled by regularization.

Hence, we seek to find the solution of the regularized form of kernel embedded minimax problem. It is
given by

1 1 1
s .— 2 2
min max [h,2, (@aw), for Ty 4, (qa, W) == \Czaxywx)9a — Kawx) — EC(WX)u'u —5/11||u||H+§ﬂz||qa||F'
H
(4.12)

where 1, and 4, guarantee the bounded invertibility of Cy xy+4,1 and Coyxyzax) (C(WX)+111)‘1C(ZAX)(WX)+
A, 1 with the identity operator 1.

The regularization terms make the kernel embedded minimax problem strictly convex in q, and strictly
concave in u. This means there exists a unique saddle point with a closed-form expression.

Theorem 4.1 (Regularized kernel embedded reformulation)
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The regularized kernel embedded minimax problem ming er maxyey [, 4, (qa, w) (4.12) has a unique
saddle point (q;, u*) given by

u* = (Cawxy + MDD (Czaxywx)9a — Hawx))

45 = (Cawxyzaxy Cawxy + LD Czaxywxy + 22D Cowxyzaxy Cawxy + D™ gy

Proof:

By Example 3.4.1 of [4], the saddle point of a minimax problem is unique only if the second deriva-
tives on the saddle point is negative definite relative to the maximizer and positive definite about the
minimizer. In (4.12), the uniqueness of the saddle point derives from the strict concavity relative to u
and strict convexity relative to q,, which means the negative definiteness and positive definiteness of
second Fréchet derivative of u and q,.

The unique optimal kernel embedded dual function u* € H satisfies the first order condition of the
extreme value point. Combining the result (2.40) given by Example 2.22 and setting Fréchet derivative
relative to u about I, 3, (qq, 1) at (qq, u = u*) to zero, by the self-adjointness of C(y x), we have

1 * 1 *

_E(C(WX) + L DU + Czaxywx)9a — Kwx) — E(C(WX) +A4Du" =0
Czaxywx)9a — bawxy = (Cawxy + A1 Du’.
This yields the optimal kernel embedded dual function u* € H
u* = (Cawxy + 1D (Czaxywx)qa — Kwx))-

Putting back the u* to the original function (4.12), we have

gng}} [,2,Qqu") = (C(ZAX)(WX)CIa = tiwxy (Cowxy + 1D (Czaxywxa — .u(WX)))H

N =

- <_C(WX) (Cawxy + 1D (Czanwnla = Hwx) Cwxy + D (Czaxywx)da — M(WX)))
H

=

- <511 Cwxy + 1D (Czaxywx a — Hwx)), Cawxy + D™ (Cizaxywxyda — H(WX)))
H

1 2
+§Az||%||p-
Notice that
1 L1 B 1 L1
I - EC(WX)(C(WX) + 407 - E/ll(c(wx) + D) =1- E(C(WX) + LD Cwxy + )7 = 51-

Hence, the minimization problem is equivalent to

. . 1 _ 1
gngpl D2, Qe u’) = E(C(ZAX)(WX)Qa —tawx) Cowxy + 1D (Czaxywx)a — #(WX))> + 512”%”12:-

(4.13)
By the uniqueness of minimizer q;,, also combining the result (2.40) given by Example 2.22, we set the
Frechet derivative of the T 4, (qq, u") at point (g, = g4, u) to be zero and get

1

2 Cavxyzax)Covxy + 1D (Czanwx e — Hwx))

1
+ Cowxyzax)(Cowxy + /111)_15(C(ZAX)(WX)QZ —Uwx)) +12qa =0
= (Cowxyzax)(Cawx) + 411 )_IC(ZAX)(WX) + 22044 = Czaxywx)(Cawxy + 41 )_IM(WX)-

This produces the optimal regularized kernel embedded solution q; € F

da = Cowxyzax)(Cawx) + /111)_1C(ZAX)(WX) + 1, I)_IC(WX)(ZAX)(C(WX) + /111)_1l1(wx)- (4.14)
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O

By virtue of the definition of universal kernels, the RKHS induced by the universal kernel is dense in
the space of bounded continuous functions over a polished space. This means q; (4.14) approximates
to a bounded continuous function in Cy(Z, 4, X) arbitrarily well.

4.2. Convergence of the kernel embedded solution

If the original integral equation (4.2) has a bounded continuous solution, we claim that q; asymptotically
converges to a kernel embedded solution in F as 1, goes to 0, and then, by the definition of universal
kernels, approximates the true bounded continuous solution. This true bounded continuous solution
should has the smallest L, norm by the nature of Tikhonov regularization. We will prove the statement
by showing that finding the regularized kernel embedded minimizer gq; € F is equivalent to solving
the ill-posed problem Czaxywx)9a = Hwx) by Tikhonov regularization. We start by transforming the
original integral equation (4.2) into a kernel embedded ill-posed problem.

Lemma 4.4 (Kernel embedded form of the original problem)
If Assumption 4.1 holds, then there exists a RKHS solution of

Czaxywx)qa = Huwx)

that approximates the bounded continuous solution of (4.2) arbitrarily well.

Proof:
For any solution q, solving the original integral equation (4.2), for all g € H, we have

Ew x,4z14=0a9a(Z,a, X)g(W,X)] = Ew xEaz[14=aqa(Z, a, X)g(W, X)|W, X]
= Ewx[9W,X) Egz[14=09a(Z, a, X)|W, X]]
=1 by (4.2)
= Ewx[g(W,X)]. (4.15)

Hence, any solution of (4.2) must be a solution of (4.15). Moreover, if Assumption 4.1 holds, we can
restrict g, € F so as to find a RKHS function in F that approximates a bounded continuous solution in
Co(Z, A, X) arbitrarily well.

By kernel embeddings, the transformed equation is given by

(C(ZAX)(WX)qa'g>H = (”(WX)19>H'

which implies that
C(ZAX)(WX)qa = Uwx)- (4.16)

Lemma 4.5 (Equivalence of two ill-posed problems)

Assume 1, is a fixed positive number so that the operator Cqyxy + 441 is positive definite. The ill-posed
problem (4.16) is equivalent to the preconditioned ill-posed problem

A3 Ga = Hay 4.17)

1 1
where 4, := (Cwxy + 1I) 2Czaxywxy, and pa, = (Cawxy + 1) 2 pwx)-

Proof:
Since the operator Cqyx) + 4,1 is positive definite, it has a decomposition

1 1
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1 1
where (Cyx) +441)2 is also positive definite. Applying the invertible operator (Cyx) +4,1)2 on the left
of the both sides of (4.16), we get the preconditioned ill-posed problem (4.17). If exist, the solutions to
the two problems (4.16) and (4.17) are equivalent by the invertible operator.

O

Lemma 4.6 (Tikhonov regularization equivalence of minimization problem)

Assume A, is a positive regularization parameter. The minimization problem (4.13) is the least square
problem finding the solution to the Tikhonov regularized problem of (4.17), which is given by

1

1
. 2 2
min EllA/ll% - lla + 5/12||qa||F-

Furthermore, the regularized kernel embedded solution q;, (4.14) is just the Tikhonov regularized solu-
tion of (4.17).

Proof:

Based on the operator decomposition (4.18), the minimization relative to q, in the proof of Theorem
4.1 is given by

. . 1 _ 1
an:l D2, (@ u™) s = E(C(ZAX)(WX)qa = tawx) Cawxy + 41 1(C(ZAX)(WX)qa —Hwx))) + 512”%”12«"
H

1 _1 1
= E”(C(WX) + D72 (Czaxywxn a — b)) lIf + 5/12”%”1%"
1 _1 -2 2 1 2
= E”(C(WX) + 4D 2Czaxywx)qa — Cwxy + D) z2pwxlly + 512”%”1«"
1 2 1 2
= §||A/11qa =l + Elzll%llp-

This the least square problem for finding the solution to the Tikhonov regularized problem of the precon-
ditioned ill-posed problem (4.17). We can verify the equivalence of q; and the least square minimizer.
In fact, by first order condition of the extreme values, we set the Fréchet derivative of I ,, at the
minimizer to be 0 and get

61“,1 A .
ﬁ =43, (42,90 — 12,) + 2244
= (A;-1A/11 + /121)% _A;q'u/ll =0.
This implies that the unique least square minimizer is given by
(A:{lA)tl + /121)_114711[,{11
=(Cowxyzax) Cawx) + 1D Czaxywx) + 22D 7 Covxyzax) Cawxy + D bwx),

which is exactly the regularized kernel embedded solution gy (4.14).
O

Many literatures have shown that under some source conditions, the Tikhonov regularized solution,
i.e. the minimizer of the least square problem converges to the minimum-norm solution of the ill-posed
problem with a convergence rate relevant to the perturbation of the noises from samples [7]. Since
we don’t have any prior knowledge about the sample noise, we will show the convergence by spectral
decompositions of the operators under the source condition that the true solution lies in the RKHS F.

Theorem 4.2 (Convergence of the regularized kernel embedded solution)

Given the positive regularization parameter 1,, then as 1, — 0, the regularized kernel embedded
solution q;, (4.14) converges to a solution of preconditioned ill-posed problem (4.17) contained in F,
which we denote by qf{.



4.2. Convergence of the kernel embedded solution 60

Proof:

By spectral theorem (2.7) and (2.8), the compact operators A;{lA,ll + 1,1 and 4;, have spectral decom-
positions

A3, Ax, + Aol = Z(af + L) ® f (4.19)

i=1
Ay, = Z oh ® f; (4.20)
i>1

where the singular values (0;);>1 of A;, with corresponding left and right eigenvectors (f;);>1, (hi)iz1
forming the singular system of 4, , which is denoted by (o;, h;, f;);=1- Moreover, (f;);>1 and (h;);>, form
orthonormal bases in F and H respectively.

In the proofs of previous lemmas and theorems, we have that the solution qg and kernel embedded
solution g}, satisfy

A al =, (4.21)
(A3, Ax, +2D)qq = Ay 1y, (4.22)

Replacing the operator 4, in (4.21) by its spectral decomposition (4.20), we have

pa, = ) il ® f)(ah)
i1

[oo]

= Z 0; <CI2,fi>Fhl

i:0;#0

= (i, pa, )H =0; <CI:5,fi>F

(hi,lul)H _ <q:£,fi> .
F

O;

Since qZ € F, this implies that

o h-,
=y letndy (4.23)

: 0i
i:0;#0

Replacing the operator A} A;, + 4,1 in (4.22) by its spectral decomposition (4.19), we have

A5, = Y (@F + )i ® f)(42)

iz1

= D @7 +2) 0l f
iz1
= (i) = (0F +22) (fiaid,
A/llfluu/ll H = (0-12 + /12) (fl! q;);:

)
zaj(h ® ;D Il/11> = (of + ) {fi, qa)p
j=1

Oj Luu/ll)H - (0-12 +AZ) (fu CI;)F

( ailho )y = (i)
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By the closed-form of g; (4.14), it is an element in F. So, its decomposition in F is given by

X _Z i (hi,ml)Hf 3 i i (hi.ml)Hf (4.24)
fa = L o?+1, £ o+, " '

Hence, as 4, — 0, the difference of the two solutions in RKHS norm is given by

. 4 > o (hispay),, = (hispay),,
llaa — qallr = Z Wfi_ Z Tfi
i:g;#0 L 2 i:0;#0 L F
S o, rir2 - 1
- et ’-’#Al HIt 0'12 +/‘{2 0 F
= b )y fils——)
i:azi==0< L 1> l o} + 220 F
S sy i)
= i A TEv=an
i:0;#0 ' i + o llp
o 2
_ (huﬂll>
- 2"
i:0;#0 (AZ + al)

Denote the spectral expansion of u;, in H by u;, = X, c;h;, where ¥, c? < o by its finite square
RKHS norm. Then the difference of the two solutions in RKHS norm is upper bounded by

(o)

u/"ll Cl-2 1
laz - allz = Z i = Z T (4.25)
e (o v a2 L of (o + 1)
Since qa € F implies the finite square RKHS norm of qa, its decomposition in F gives Zl (0%0 5 ‘ < o,
L. . 1 c? 1 c? .

Combining lim,, Ty = 0and 0 < o GaTor1? < s forany i : o; # 0, we have (4.25)
asymptotically converges to 0 as 4, — 0.

O

To get the convergence rate of g, to qI in RKHS norm, we need more assumptions on the decay of the
singular values of 4, . In fact, if singular values have polynomial decay o; = i~ such thatZl (020 o7 S 1

? 1 /1“"2)“)
10i#0 52 (;1g;41)? 2

The following corollary is an immediate result of the last step in the proof of Theorem 4.2.

for some positive u, then Y.

Corollary 4.1 (Second moment convergence)

Given the positive regularization parameter 1,, then as 1, — 0, the square of the difference between
regularized kernel embedded solution q; and the true solution qZ in RKHS norm converges to 0.

4.3. Empirical estimator and consistency
The empirical version of the regularized kernel embedded solution g; € F is given by

3o = Covxyzany Cowxy + 1D Czaxywx + 22D Cawxyzaxy Cwxy + 4D ™ Bawx)- (4.26)

Letd = (p(wy,x1), "+, d(Wn, X)), ¥ = (W(21, a1, %1), P (2, A, x0))" = (I, = P (21,0, %1), - an—alp(zn' a,x,)),

and ¥, = (Y(z1,a,x1), -, Y(2z4, a,x,)). Where (w;, x;, a;, Z;)1<i<n are i.i.d samples from P(W,X_A‘Z) Then
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without centering, the empirical mean embedding and empirical (cross)-covariance embeddings under
the samples are given by

" 1% 1, _ 1% 1.
Cowx) = ;Z d(wi,x;) Q@ p(wy, x;) = ;‘D o, Bwxy = EZ(P(Wi'xi) = Eﬂncb'
i=1 i=1
1% 1% 1
Caanywx = o Z(ﬂai=al/~)(2i'av X)) ® p(wy,x;) = - le(zi'ai'xi) ® p(w,x;) = ;LPT‘D'
i=1 i=1

n n
~ 1 - 1 1
Covxyzax) = - Z d(wi, x) Q (Ig;=a¥(zi,a, %)) = 0 Z d(w, x) @ P(z;, a5, %) = T—chTLP,
=1 =1

Recall that in Section 2.4 we have shown the equivalence of kernels and reproducing kernels as well
as the uniqueness between a RKHS and its reproducing kernel. This means the kernels k(-,-) =
(@) oy 1) = (), Y()) and the RKHSs H, F uniquely determine each other. Since the
Moore-Aronszajn theorem 2.14 gives the form of elements consisting of the RKHSs induced by kernels,
we can subsequently acquire the expressions of q; € F and u* € H, where q; is given by

n

Qa = Z ap(z;, a,%;) = A'Wq, A= (g, an)". (4.27)

i=1

In the empirical version, the coefficients should be represented by empirical embeddings. To get the
explicit expressions of §; = AT¥,, we have the following proposition.

Proposition 4.3 (Kernel representor of G,

Denote the Gram matrices and mixed Gram matrix of kernels k(-,-) and I(-,-) by K = ®®T, L = $YT,
M = ®¥T and M, = ®WI. Then the regularized kernel embedded solution q;, € F has an kernel
representor G, = ATW,, where the coefficient A is given by

A = (KL(K +nA L) "M 4+ nA,M) 'K (K + nA,1,) " M1,,.

Proof:
Substituting the kernel embeddings by their matrices versions, the empirical version (4.26) satisfies
1 1 1 1 1 1
G =(=PTP(=PTd+ 1) 1 -¥YTd+ 1) 1 -dTY(=dTD + 1) 1-17
4a (n (n +1)n +2)n (n +1)nn
= (PTY(@TD + nAy) YT D + nly) " 1OTY(DT D + na,) 1L @,
Multiply the scalar term ®TW(dTd + ni;)~"'WTd + nA, on both sides and get?
(TP(DTD + 1) YT D +ny)G, = PTY(OTD + nAy) "ML D
(PTPYTD(DTD +ndy) "t + nl)WIA = dTYIL (DT D + ndy) ! @G, =N"¥,)
OTYYT (DT + nA I,) T OYTA + n, WIA = T (0DT + nA, L) 1oW1r, (identity (B.1))
After left multiplying @ on the both sides, we get

SOTYYT (DT + nA I,) L OPTA + nl, dYIA = dOT(dDT + nAyl,) oW1,
(KL(K + nA1 1) *M + nd, M)A = K(K + nA; L) ' M1,,.

If KL(K + nA,1,,)"1M + nA,M, is invertible, this gives the kernel embedded coefficient

A = (KL(K +nA L) "M + nA,Mp) 'K (K + nA,1,) " M1,,.

2The underlined terms are scalars about to shift positions in the coming step.
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O

Since KL(K +ni,1,,)"*M +nl,M, is not guaranteed to be invertible or well-posed by the sparsity of M,
we can use the Tikhonov regularized solution instead, which is given by

Ry = (C*C + AI)~IC*D, (4.28)

where C := KL(K + nA1,) "M + ni,M,, b := K(K + nAI,)"tM1,. (4.28) converges to the minimum-
norm solution as 1 — 0.

Theorem 4.3 (Asymptotic convergence of the empirical kernel embedded solution)

Suppose the universal kernel functions k(:,-) and l(-,-) are bounded. Given regularization parameter
A, which is a fixed positive number and 1, = n™# with 0 < g < %, the empirical regularized kernel
embedded solution §;, converges to the regularized kernel embedded solution q;, of the regularized

1
task (4.12) in RKHS norm with a convergence rate of Oy, (nZB “2), e

1
ENg; - qillr = 0(n*72).

Proof:
For simplicity, we continue to use the notations given by Muandet et al. [25],

Cy, = Cawxy + 41, Ry, = Cawxyzax) C/l_ll Cizaxywxy
5/11 = E(WX) + A, ﬁ/ll = E(WX)(ZAX) 6,1_11 5(ZAX)(WX)-
Then the difference of §; and q; in RKHS norm is given by
Ellga — qallr = E"(R\A1 + /121)_16(WX)(ZAX)E/1_11/7(WX) —(Ra, + /121)_1C(WX)(ZAX)CA_11H(WX)||F
< E|I(Ry, + 121)_16(WX)(ZAX)C\‘/1_11[I(WX) —(Ry, + AZI)_lé\kWX)(ZAX)EA_llﬁ(WX)”F
+ E|l(Ry, + 22D Cowxy(zax) C\,ﬂlﬁ(wx) = Ry, + 22D Cowxyzax) Ci, ewo I p
=: E[Ty] + E[T,]-

Part i) Bounding E[T,]:

E[T,] =E [ll(ﬁ;l1 + D) Cowxyzax) G Bowxy — Ry, + 251 )_16(WX)(ZAX)5[11/7(WX)||F]
<E [”E(WX)(ZAX)E‘A_Ilﬁ(WX)"F”(R\Al + 2,07 = (Ry, + /121)_1"[(1«")]
=E [I1Cowx)zan G B el Ry, + 227 Ry, + A2D((Ra, + 22D 7" = Ra, + 22D Dl |
=E [I1Cwxzan Cr B el Re, + 22D 7 (Ra, = Ra )Ry, + 22D Hleqr | (Identity (B.2))
SE["E(WX)(ZAX) lzca,m) 1B 3 |7 ||C\‘,1_11 Il e ||(R\)11 + LD e
NR, + 2D Mg IR, — R\Alllﬁ(F)]' (4.29)
By the assumption that kernels are bounded, we know the reproducing property implies the feature
maps are bounded in RKHS norms. We denote the upper bound for k(:,-) over (W x X) x (W x X)) by

té and the upper bound for I(:,) over (Z X A X X) X (Z X A X X) by tlzp. Then, the upper bounds for
the feature maps in RKHS norms are given by

loW, Ollu = VE(W,X), W, X)) < ty, YW, X) € (W X X),
1Y (Z, A, X)lr = JI((Z,AX),(Z,A,X)) < ty, V(Z,A,X) € (Z X AXX).
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Hence

n
~ ~ 1
ICwxyzax)ll e ry = ICwxyzaxy s < ;Z oWy, ) allY(zi, ap x)|F < tgty,
=1

ICwxyzax)ll e, ry = IE[@W, X) @ Y(Z, A, X)]lluswry < ENldW,X) @ Y(Z, A, X)lusw,r
=E[loW, Dllullv(Z A XF] < tpty,

n
1
1wl < = > ¢ xlla < to.
i=1

Next is to bound the operator norm of the inverse regularized operators. Recall by Theorem 2.5 the
norm of self-adjoint operator is chosen as the maximum between the absolute values of the infimum
of spectrum and maximum of spectrum. Since all the inverse operators considered here are positive
semi-definite by Proposition 2.10, their spectra are non-negative by Example 2.8. So, their operator
norms are just the the supremum of the spectrum.

. 1 1 1
NG leqy < = = - = <
N(Ry, + 2D Y g < 1 = 1 <1
MR O F e oRy, + D)} inh{A€ Ry} + A, A2
IRy, + 22D logry < . - ! <! (4.30)
AT 2 LB = infi{A € a(Ry, + 121} infh{A€a(Ry)}+4, ~ Ay '
Last, we have
IRy, — Ry, llecry = ICwx zax) Cay Czaxywxy — E(WX)(ZAX)E‘A_;E(ZAX)(WX)”L(F)
< ||C(WX)(ZAX)C/1_11 Cazaxywx) — 6(WX)(ZAX) C/l_ll 6(ZAX)(WX)”L(F)
+ ||6(WX)(ZAX) C,il QZAX)(WX) - 6(WX)(ZAX) 6,1_11 6(ZAX)(WX)”L(F)
< ICwx)zax) C/1_11 Czaxywx) — Cowxyzax) C/l_ll E(ZAX)(WX)”L(F)
+ ICwx)(zax) C,fll E(ZAX)(WX) - 6(WX)(ZAX) C;l_ll E(ZAX)(WX)”L(F)
+ ||6(WX)(Zx‘1X)(CA_11 - Ql)E(ZAX)(WX)HL(F)- (4.31)
Notice that by matrix identity (B.2), we have
C)L—Il _ 6*/1—11 — C)L_ll(é\‘ﬂ.l _ Cﬂl)é\‘l_ll — C/l_ll(EWX _ CWX)EA_ll- (432)

Applying (4.32) to (4.31), we get

ElRy, = Ry llcgry < E [”C(WX)(ZAX)”L(H.F)||CA_11”L(H)”€(ZAX)(WX) = Czaxywx) llascr my
+ ”CA_11”L(H)”E'(ZAX)(WX)”L(F,H)”E(WX)(ZAX) = Cowxyzax)lus,m

+ ||€(Wx)(ZAx)||L(H,F)||C,1_11||L(H)||5/1_11||L(H)||5(ZAX)(WX)||L(F,H)||5wx — Cwx|las

t¢t¢ ~ t¢t1/, ~
<E o ICzaxywx) = Czaxywx llnsm + I ICwx zax) = Cowxyzax) lmscr)
242

+
A2

ICwx — Cwxllasm |- (4.33)

By Theorem 2.16, the y/n-consistency of cross-covariance embedding, (4.33) is 0(\/%). Hence, com-
bined with the upper bounds of other terms in (4.29), the convergence rate of E[T,] is O(ﬁ).
2

Part ii) Bounding T,:
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E[T;] = E|[(Ry, + /’1'21)_1(?(WX)(ZAX)€;1_11[’I(WX) — (R, + AZI)_lc(WX)(ZAX)CA_ll.U—(WX)”F
1 C =1 _
sE [T'lC(WX)(ZAX)CAfH(WX) — Cawx)(zax) Cxllﬂ(wxﬂlp] (By 4.30)
2
1.& r—1s A1
<E Z”C(WXXZAX)CAI Ewx) = Cawxyzax G, Bowx |l
1 PN e
+ A_”C(WX)(ZAX)C)L1 Hwxy — C(WX)(ZAX)C)Ll nu(WX)”F
2
1 i .
- Z”C(WX)(ZAX)CM Ewx) = Cowxyzax) Gy fowx llF
1 . ~
sE Z”C(WX)(ZAX) - C(WX)(ZAX)llHS(H,F)||C,11 I cceny 1wy |l 7

1 P~ A— —~
+ Z”C(WX)(ZAX)”L(H,F)”C,1_11”£(H)”(C(WX) = Cowx) s ICL lcan IBwx llr - (By 4.32)

1
+ Z”C(WX)(ZAX)”L(H,F)”C)L_ll”L(H)”M(WX) - /J(WX)”F]

t tit
¢ A S
S Bl ICwxyzax) — Cwxyzaxlusary + 527 1Cwxy — Cawxy) s ry
Allz 2‘1/’{2
tpty
+ lEwx)y — kawx)llF |- (4.34)
Ak

By Theorem 2.15 and 2.16, the y/n-consistency of mean embedding and cross-covariance embedding,
the convergence rate of E[T,] is O(ﬁ).
2

Part iii) Asymptotic convergence behavior of ||G; — q;|F:
The convergence rates of E[T;] and E[T,] produce the convergence rate of ||G; — q; ||, which is given
by
1
) =0,(n*72).

1 1
TSR R N

The asymptotic convergence behavior depends on the growth rate of 1, = n~#. To make the expec-
tation of the difference between §; and q; in RKHS norm converges to 0 as n goes to infinity, we
need

1 1
26—=<0=>0<pB<-.
g 2 g 4

Corollary 4.2 (Second moment convergence)
Suppose kernel functions k(-,-) and I(-,-) are bounded. Given regularization parameter A, which is a
fixed positive number and 1, = n~F for p € (0,1) such that § < i, the second moment of the difference

between empirical regularized kernel embedded solution q, and regularized kernel embedded solution
q. in RKHS norm converges to 0 as n goes to o with a convergence rate of O(n*f~1), i.e.

Ellgz — qallF = 0(n** 7).

Proof:

We continue to use the notations in the proof of Theorem 4.3. Then, by Holder’s inequality, the second
moment of the difference in RKHS norm can be upper bounded by

E|lqa — qallf < E[TY] + E[T7] + E[T1T,] < E[T?] + E[TF] + ,/E[Tf]E[Tzz]- (4.35)
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where

Ty = ||(Ry, + Azl)_lf(wx)(ZAX)E;fllﬁ(WX) —(Ry, + /121)_1QWX)(ZAX)CA)1_11!7(WX)||F
Ty = ||(Ry, + /121)_16(WX)(ZAX)€A_11ZI(WX) =Ry, + lZI)_lC(WX)(ZAX)CA_f“(WX)”F'

By (4.29), combined with the upper bounds of operator norms and empirical embedding norms, E[TZ]
can be upper bounded by

E[Tf] <E ”E(WX)(ZAX)”%(H,F)”ﬁ(WX)||12~'||6>1_11||12:(H)||(§Al + D7

“|[(Ra, + /121)_1||,ZC(F)”R11 - ﬁ%”%m

442
¢ ty
/12/14

E|Ry, — Ry, 12 ey

By (4.33) and Theorem 2.16, E||Ry, — ﬁ/n”%m has an upper bound

~ t t
ElRy, = Ry 7 < E[(_”C(ZAX)(WX) — Cazaxywx)lluseE ) + _"C(WX)(ZAX) — Cowxyzax)lusc
2

+/12

2
ICwx — CWX”HS(H)) ]

which has a convergence rate of 0(%) after expanded by Holder’s inequality. Hence, we have that the
convergence rate of E[T?] is O(ﬁ).

2
By (4.34), Theorem 2.15 and 2.16, we have the upper bound of E[TZ], which is given by

ty A Bty toty ’
E| == ICwx)zax) — Cowxyzax)llusiry + 755 ICwxy = Cowx)las,ry + 5= IEwx) — Bovx)llr

E[T?] <

B (Agn

combining the convergence rates of E[T?] and E[TZ], by (4.35), we have that the second moment of
the difference in RKHS norm has a convergence rate of

0(i+— 1)—0( )_O(n‘*ﬁ b.
an - A2n Adn
When g < %, the second moment of the difference in RKHS norm converges to 0 as n goes to oo.

O

4.4. Kernel embedded ATE estimator

In this section, we put forward an kernel embedded estimator for the ATE based on the treatment
confounding standardization formula (1.7) and PIPW estimator (1.9). which is given by

X = E[Y(]lA:1qI(Z' 1, X) - HA=OQS(Z' 0, X))]' (436)

where g7 and qg are the true treatment confounding bridge functions under treatmenta =1anda =0
respectively. In the previous sections, we have derived a consistent regularized kernel embedded
solution g, for

E[l4=qqa(Z,a, X)|W,X] = 1,

which is able to approximate g if it is bounded continuous and has the smallest L, norm among other
solutions.



4.4. Kernel embedded ATE estimator 67

Definition 4.1 (Kernel embedded ATE estimator)
Under the i.i.d. observations (y;, z;, a;, x;)1<i<n, the kernel embedded ATE estimator is given by

S|

n
R= 2 D illagmai (i 1,3) = =0y (7, 0,500, (4.37)
i=1

Theorem 4.4 (Consistency of the kernel embedded ATE estimator)
Assume 1, = n~F with 0 < g < % and the following conditions are true.

1. Var(Y (Lu=1q1 (Z, 1, X) — 142043 (Z,0,X))) < oo;

2. Ezax[(Ev[IY11Z, A, X])?] < oo;
3. [I(, )| < tj, everywhere on (Z X A X X) X (Z X A X X).

Then if the assumption 4.1 holds, under the distribution family satisfying the completeness assumption
1.5, the kernel embedded ATE estimator (4.37) is a consistent estimator of the ATE (4.36), i.e.

lim E|y— x| =0.
n—oo

Proof:
In the proof we will use the triangle inequality, Cauchy-Schwartz inequality, Holder’s inequality, Jensen’s
inequality and the reproducing property for reproducing kernel functions without mentioning.

We consider the following expected difference.

n
1
E| = Yillagmai (2 L) = Taymo (2 0,%) —(E[Y(ﬂA=1qI(Z,1,X)—ﬂA=oq§(Z,0,X))])|
i=1

Vi(lg=1q1 (20 1, %;) — Lg,=048 (22,0, %;)) |

SR
gl

Il
uy

<E

n

1

- Z Yila;=1G1(2i, 1, x;) — 1g;=0G0(2:, 0, %)) | —
=1

4

n
1
+E‘ = illagm10] (i 130 = Ta=0ad (2,0, %) | = (EIY Uamal 2 1.X)—nA=oq$(z,o,x>)])|
i=1

Part i) Bounding /;:

N
iy
Il

n n
1 1
E‘ = Vilagmr i G 130 = Lm0 0,5 | = | = yillageaad i 1) = Tagmoal (21,0, %) |
i=1 i=1

E| (illa,=1 (@ (20 1,2 — @) (20, 1,70)) = (Villa,=0 (@5 (20, 0,3) — a8 (2:,0,%)) ) |

IA
S

n
i=1

= E‘ (V@@ 15 - (Z,1,%)) = (Y1420 (@ (2, 0.X) - 4} (Z,0,X))) |

~.

Y14-0(35(Z,0,X) — 45 (Z, o,X))’.

< E‘YﬂAzl(Eﬁ(Z, 1,X)-qiz, 1,X))‘ +E
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Notice that
E|Y11-0(@:(Z,0.X) — 4 (2, a,X))‘ =Ezx |[Li=a(@(Z, 0, %) — ad(Z, @ X))|Ey[I¥11Z,4,X]]

=Ezux || (@ - alw@ 4.0) |E(IYIIZ,4,X)]

<Ezax |118s — @il IW(ZAXN Ev[IYIZ,AX]
upper bounded by ty,

< (N3 - a313)* Ezax[B/IYIIZAXDDZ £, (4.39)

<o

To bound (4.39), we need the upper bound of E||§;, — qZ||,%.

ENlg; — qlll? = ENG; — a5 + 45 — qlII?
= E1Iai — qall? + Ella; - alli? + 2E | (7 — 0tz — ai) |

< El[g; - qall3 + Ellas — qdli? + 2 [I13; — azllellaz — adll]

1

1 =
< EIIg: — qall? + Ellgs — adl? +2 (B3 — qal1)? (Ellas — allz)”.

In fact, by Corollary 4.1 and 4.2, as n — oo, the three parts in the upper bound converges to 0, if
0<p< %. Hence, by (4.39), [; asymptotically converges to 0 as n — oo.

Part ii) Bounding [,:

Since we have assumed the variance of Y(1,-,47(Z,1,X) — 14-0q¢ (2,0, X)) is finite, I, can be upper
bounded by

n
1
12:=E| Ezyi(naiﬂqi(zi.l,xi)—naFqu(zi.o,xi)) —(E[Y(ﬂA=1qI(z,1.X)—nA=oq$<z,o,X))])|
i=1

n
1
< Var(z > yillamra (1, %) = Tagmoal (26, 0,%0)
i=1

1
= ﬁ\/Var(Y(nAﬂqI (Z,1,X) = 1a=048 (Z,0,X)))
= O(n_%).

Combining the asymptotic behaviors of [; and [,, we have (4.38) converges to 0 as n — . By
the definition of universal kernel, ¥ should approximate the true ATE y arbitrarily well. Hence, when
0<p< %, the kernel embedded ATE estimator ¥ is a consistent estimator of y.

O

4.5. A simple numerical test

In this section, we explain the numerical test of the kernel embedded ATE estimator (4.37) and analyze
its convergence behaviors in a simple trial.

Data generation The data generation scheme of the numerical test is based on the graphical model
1.2. We assume the data is sequentially generated as follows.
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U=¢

X=05U+e¢,

Z=03U+ 04X + &3
W =0.6U + 03X +¢,

A ~ Bernoulli(p), p = E[lo3y+05x+0.72+e5>0]
Y1 =2+0.7U + 0.2X + 0.8W + ¢
Y9=1+03U+04X +03W + ¢,

Y =1,V + 1,070,

where €4, -+, €, are i.i.d. from N (0, 1).
According to the model, since E[U] = E[X] = E[W] = 0, the true ATE is given by

x=E[Y'1-v° =1.

Kernel function To compute the empirical regularized kernel embedded solution G}, (4.27) by Propo-
sition 4.3, we choose the Gaussian RBF kernel to construct the RKHSs. The kernel is given by
k(W,X), W', X") := exp{~yII[WX] — [W'X"]|I?}
[((Z,a,X),(Z' a,X") = exp{~Y|[ZX] — [Z'X"]|I*}, Va € {0,1}
W((Z A X),(Z' A, X)) = Lu=alar=a exp{—VII[ZX] - [Z'X']I?}, Ya € {0,1},

where [--] is a concatenated vector, i.e. VA, B € R", then [AB] = A @ B € R?".

For any a € {0,1}, we define the mixed Gram matrices M, of k and [, and M of k and I by matrices
whose entries are

Mq(i,)) := exp{=yllwix;] — [2%]11%}
M(i, ) = 1q;=q exp{=yIl[wix;] — [z;%]1I*}-

The parameter y represents the flexibility of the kernel, since low y gives wide Gaussian curves implying
smoother basis functions, while large y gives narrow Gaussian curves and captures fine detail easily
but require more care to avoid oscillations or instability.

Hyperparameter selection During the first few attempts, we find that the matrix KL(K +nA,I,)"*M +
nl, M, is usually ill-posed, which means its inverse is unstable. So, we turn to the Tikhonov regularized
solution of the kernel embedded coefficient A (4.28). This leads to selection of 4 parameters: 1, €
(0,+00), B € (0,%), A € (0,4), ¥y € (0,4). Since the spaces where the parameters lie in are
extremely large to find the optimal values, we choose some potentially optimal points and restrict the
searching area of the parameters within

A1 € {0.0001,0.005,0.001, 0.05,0.01,0.5,0.4,0.3,0.2,0.1}
B € {0.00001,0.0001,0.001,0.01,0.1,0.125,0.15,0.175, 0.2,0.225}
A € {0.0001, 0.005,0.001, 0.05,0.01,0.5,0.4,0.3,0.2,0.1}
y € {0.001,0.05,0.01,0.5,0.1,1,5,50,500,1000}.

This still provides 10000 combinations. To decrease the training cost, we randomly choose 100 poten-
tial combinations from the 10000 options to select the optimal parameters. Furthermore, here R, the
number of repetitions in a single iteration, is set to 100, which is a relatively small value compared to
500 or above in general training tasks. Therefore, we believe when choosing the optimal parameters
from the whole parameter space and increasing R, the performance of the estimator will improve.
In a test with a fixed sample size n = 2000, we find the optimal parameters in the randomly chosen
subset are

(A1, B,4,7)5=1 = (0.1,0.01,0.1,0.001). (4.40)
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The mean absolute error (MAE) of the difference between ¥ and y is given by 0.088 + 0.008, which is
around 8.8% of the true ATE. However, when applying the optimal parameters (4.40) to a different data
generation scheme for example changing Y* = 2+ 0.7U + 0.2X + 0.8W + 5 to Y1 = 20+ 0.7U + 0.2X +
0.8W + ¢, while remaining the others unchanged, we find the convergence behavior is bad. The MAE
for the new data generation scheme under the same setting is 10.447 + 0.061, which is more than a
half of the true ATE y = 19. When the parameter is replaced by

(1,8, 4,¥) y=10 = (0.2,0.225,0.01,0.001), (4.41)

the MAE decreases to 1.514 + 0.153 which is around 8.0% to the true ATE. Hence, the behavior of the
estimator greatly depends on the choice of parameters. In addition, even a slight change in the data
generation scheme will lead to the change on the optimal parameters.

Test on convergence rate We conduct two simple experiments on the convergence of the ATE
estimator as sample size grows. The data generation processes are mentioned in the hyperparameter
selection with corresponding true ATE 1 and 19. We set the sample size to increase from 100 to 2000
with the interval of 50 between two adjacent points. And we fix the parameters by (4.40) for y = 1 and
(4.41) for y = 19.

The results are shown in Figure 4.2 and 4.3.

MAE vs sample size (ATE=1) MAE vs sample size (ATE=19)
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Figure 4.2: Curves of MAE when true ATE is 1 with Figure 4.3: Curves of MAE when true ATE is 19 with
parameters (4.40). parameters (4.41).

If we ignore the influence from the discrete sample sizes, the oscillations of the curves in both figures are
caused by the relatively low R, which result in large uncertainty in the estimation of the MAE. We believe
as R goes larger, the curve will be smoother. That the lowest MAEs for the two cases keep above 0
also matches the bias brought by regularization parameters. Moreover, the result for y = 19 shows
that the estimator maintains the lowest MAE when the sample size lies in the range from 1500 to 1750,
and loses its convergence when sample size continues to grow. The potential reason is that the fixed
regularization parameter 1 can’t control the well-posedness of KL(K + ni,I,,)"*M + nA,M, anymore
when the size of matrix is larger than a certain scale. Hence, we can conclude that the experiments
witness the consistency of our ATE estimator, although the regularization parameters bring uncertainty
as sample size keeps growing.



Discussion

Conclusion This thesis proposes a method to estimate the g-bridge function under nonparamet-
ric model in the proximal causal inference framework. The method depends on a series of problem
transformations and the existence of a bounded continuous solution. It starts from transforming the
original integral equation determining the existence of the g-bridge function to a new form without prior
knowledge of propensity score. Then it combines ERM reformulation, minimax problem reformulation
through the Fenchel duality and the interchange of minimization and integration, and finally the kernel
embedding of means and cross-covariances to acquire a kernel embedded minimax problem about the
dual function and g-bridge function. To get the unique kernel embedded solution, we applied Tikhonov
regularization to get a regularized kernel embedded solution g; belonging to the RKHS induced by a
universal kernel about Z, 4, X, which converges to the true kernel embedded solution q; also lying in the
same RKHS. We find the convergence of g to qZ in RKHS norm only depends on 4,, the regulariza-
tion parameter of the RKHS norm of g-bridge function, but irrelevant to the penalty of the dual function.
To prove this convergence, we first transform the original equation problem with an idea similar to the
transformation (1.11), then give the kernel embedded version of the new equation problem to derive an
equality that qf{ satisfies. And in the end we use spectral decompositions of compact operators to de-
compose both g;, and q;. We also prove the consistency of the empirical regularized kernel embedded

solution g@; to g; in RKHS norm. The corresponding convergence rate is Op(ﬁ)' The proof mainly
2

depends on the y/n-consistency of (cross)-covariance embeddings and mean embeddings which are
shown in Chapter 2. At last, we propose an ATE estimator ¥ based on the PIPW estimator and show
the convergence of 7 to y in absolute difference when 1, = n~# with 0 < g < %. The simple numerical
test also helps illustrate the consistency of the estimator y.

Future work Unlike the existing estimators of treatment confounding bridge function [16, 19], which
require both bridge functions to exist, our estimator only depends on the existence of the bounded
continuous treatment confounding bridge function and thus has potential to be applied to more real-life
scenarios. However, although the definition of the universal kernels guarantees the RKHS induced by
the universal kernel to be dense in the space of all bounded continuous functions, it is still a problem
to understand how well can the kernel embedded solution approximate the true bounded continuous
solution. This relies on more investigations on the literature about universal kernel in the future. More-
over, in the numerical test part, we only conducted an experiment about the new proposed estimator
on a toy case, which can’t truly reflect the power and deficiency of the estimator. Hence, we expect the
opportunity to apply the estimator to some real cases in the future.
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Gaussian model

In this part, we derive the distribution of U conditional on Z, 4, X and the distribution of U conditional on
W, A, X under Gaussian model in Example 1.2. For simplicity, we denote x” Ax by ||x||5 and xT Ay by

(6, ¥),-
Part (i): p(U|Z,A = a,X).
r(U,Z,a,X)
p(Z,a,X)
xp(U,Z,aX)
=N (uy, Zy)N (ux + vxjuU, Z)N (7 + vzioU + vz1xX, Z2) fa(a|U, Z, X)

1 1 1
o exp {—Euuugl = SVl = Sz UliEs + (2 X070 + long(aw,z,X)}.

r(UlZ,A=aX) =

Hence, p(U|Z, A = a,X) is given by

1 1 1
r(UIZ,A=a,X)=C(0(Z a,X))exp—5Ul51 = 5IVzuUlli-1 — 5I1VZuUlI3 + u(Z,X)TU +1og f4(alU, Z,X) ¢,
2 U 2 z 2 z

(A1)
where C(0(Z, a, X)) is the normalizing term and

u(Z,X) =25ty + X — u) " Zx vy + (Z — uz = vz2x)" 22 V20
Part (ii): p(U|W,A = a,X).

p(U,W,a,X)
p(W,a,X)

< p(U,W,a,X)
=pWI|U,X)p(U,X,a)

=p(W|U,X) fﬂw p(WpX|UV)p(z|U, X)fa(alU, z, X)dz

p(UW,A=aX)=

=p(W,U,X) fmds p(z|U,X)f4(alU, z, X)dz.

p(W,U,X) = N (uy, Zo)N (ux + vxuU, Z)N (uw + ywioU + ywixX, Zw)
L U||2 L U||? L U||2 w, X Tu
X exp _5" ”El_ll - E”VX|U ”2)—(1 - E“)/W|U ”217111 + ,U.( ) ) ’

where
uW,X) =35y + X — w)"Zxvxw + W = tw — vwi) " Z0 Y-

72



73

As for the integral part,

1
de P(z|U, X)fy(alz, X)dz  exp {—Eunwuugl} exp {log T(U)},
3
where

1
TU) = f exp {(Z —Hz — YZ|XX1)/Z|UU>EE1 - E”Z — Uz — yZ|XX”251}fA(a|U; z,X)dz. (A.2)

R43

The exponent in (A.2) is dominated by the quadratic term. As ||z||, — oo, when a = 1, logistic function
fa(1|U, z, X) is close to 1. The integrand is the exponential function with a quadratic decreasing speed
that makes the integral convergent. When a = 0, logistic function f,(0|U,z, X) < exp{—|lpa + VazZ +
YaixX + vauUll2}, whose exponent is still linear in z. In this way, the integrand is controlled by an
exponential function decaying quadraticall, implying a convergence. Hence T(U) < oo.

From the above deduction, p(U|W, a, X) is given by
1 2 1 2 1 2 1 2
pUIW,a,X) = COW,a, X)) expi — ~IUl52 = S IvxoUlls = SIvwiwUliss — S Izl
+u(W,X)TU + logT(U)}, (A.3)

where C(0(W, a, X)) is the normalizing term.



Inequality and identities

In this part, we introduce the Cauchy-Schwartz inequality, the Parseval’s identity on Hilbert spaces and
the Holder’s inequality. Some matrix identities are also included.

Let H be a separable Hilbert space with countable orthonormal basis (e;);»;. Denote the inner product
on H by (.) ')H'

Theorem B.1 (Cauchy-Schwartz inequality)
Forany x,y € H, we have (x,y), < ./{x,x)y (y,y),. The equality holds if and only if x = 1y, VA € R.

Proof:

Assume y = 0 and fixa k = &yly

(y,y)H'

0 <(x—ky,x—ky), =(x,x)y —2k{x,y); +k* (¥, y),
(6, ¥y
y

_ ~ x5
= (xxy 2<y, Yy (x’y>”+(y,y>H'

Multiplying (y,y), at both sides, we have

0< (X,x>1-1 (y'y)H - <x'y)f-1

= (X, y)y < /(x.x>H by

It is clear that the equality holds if and only if x and y are linearly dependent.
O

The Cauchy-Schwarz inequality is a fundamental result in linear algebra and functional analysis. It
plays a key role in the theory of Hilbert spaces because it's used to prove the triangle inequality for
norms and ensures the continuity of the inner product. One can check section 3.1 of [26] for more
details.

Theorem B.2 ([26]Parseval’s identity)
For any x € H, the Parseval’s identity is given by

2
Il = ) ey

=1
Proof:
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1,i=j
The orthonormality of the basis means that (ei'ef')y = {0 i ;tj" Under the orthonormal basis (e;);»1,

x = Z (x,e;)y €.

i21

element x € H has the representation

Hence,

X113 = (x, %)y

Z (x,e)y ei,z (x.¢j), ¢

=1 =1
H
= Z (x,e)y ei,z (x.¢), ¢
=1 =1
H

= z (x, e}y (ei (x, e0)y ei)H

i=1

= Z (x, ei)12.1-

iz1

O

The Parseval’s identity can be seen as the analog of the Pythagorean theorem on infinite dimensional
spaces. This means in infinite dimensions the norm squared is the sum of squared projections onto
the basis vectors.

Next we give the Hdlder’s inequality without proof.

Theorem B.3 (Hélder’s inequality)

Let (Q,A, 1) be a measurable space and let p,q € [1, ] with % + é = 1. Then for all measurable
functions f € L,(Q,u) and g € L,(Q, 1),

Ifglle < Ifllpllgllq-

The equality holds when |f|P and |g|? are linearly independent almost everywhere on Q, i.e. there
exists a, B € R such that a|f|P = B|g|?.

When u generalizes to probability measure, the Holder’s inequality is given by

1 1
Eflfgll < CENfIPDP (E[lgl?Da.
At last we show two useful matrix identities.

Theorem B.4 (Matrix identities)
Assume A € R™", B,C € R™™ and t € R. The following identities hold

AATA + t1,)™Y = (AAT + tl,)~14, (B.1)
B(B'-CcYH)=(-B)C (B.2)

Proof:
i) Identity A(ATA + tl,)™! = (AAT + tl,) " A:
Multiplying AT A + tI,, on the right on the both sides, we notice the LHS is A and get the RHS

(AAT + tl,)"YA(ATA + tl,) = (AAT + tl,) "1 (AAT A + tA)
= (AAT + t1,) 1 (AAT + tl,)A = A,
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which means the two sides are equivalent.
ii) Identity B(B"' —Cc™1) = (C - B)C™*:
Since both sides can be simplified to I,, — BC™1, the identity holds.
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