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Abstract

Statistical methods for causal inference from sequentially collected data and sequential decision
making

by
Aurélien Florent Bibaut
Doctor of Philosophy in Biostatistics
University of California, Berkeley
Professor Mark J. van der Laan, Chair

In my dissertation, I consider the type of statistical experiment commonly referred to as adap-
tive trials, in which the experimenter interacts with an individual or a set of individuals, and,
sequentially, over time steps t = 1,...,T, observes a vector of measurements L;(¢) on the indi-
vidual or individuals, then assigns treatment vector A(t), and then observes a post-treatment vector
of measurements L(t). In an adaptive trial, the experimenter can update the treatment distribution
at ¢ based on previous observations.

This very general formulation covers many common settings such as dynamic treatment regimes,
the stochastic contextual bandit model, the Markov Decision Process model in reinforcement learn-
ing. I consider two related types of learning tasks: causal inference from data collected under an
adaptive trial, and sequential decision making with the objective of either maximizing the sample
efficiency for an estimation task, or of minimizing some form of cumulative regret.

My primary concerns are to develop statistical methods and algorithms that use statistical mod-
els that assume no more than is known from domain knowledge (and therefore are nonparametric),
and that are as sample efficient as possible.
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Chapter 1

Introduction



Throughout the course of my doctoral studies, the main focus of my research has been to de-
velop methods and theory for causal inference from sequentially collected data, and for the related
task of sequential decision making, under the constraint that the statistical models these rely on
should only encode what we do know about nature. Causal inference from sequentially collected
data and sequential causal inference are two narrowly connected tasks. Indeed, a widely used prin-
ciple in sequential decision making algorithms is to estimate from the available data, the expected
return (or upper or lower bounds on the expected return) of decision rules before carrying them out.
Some of the learning problems I consider in my dissertation are off-policy evaluation in reinforce-
ment learning, sequential decision making under the contextual bandit framework, nonparametric
estimation from sequentially collected data, and inference and sequential testing in adaptive trials
under network and temporal dependence.

Intended applications of the methods I developed include clinical trials, personalized medicine,
public health decision making in the context of infectious diseases, ads placement and recom-
mender systems.

From a technical point of view, the constraint that the statistical models should not make more
assumptions than is known from domain knowledge implies in practice the statistical models I
use are nonparametric. As a result, my work is heavily grounded in nonparametric statistics,
and related techniques such as empirical process theory. Due to the sequential nature of the data
collection in the problems I consider, other technical foundations of my work include martingale
theory, and the theory of weakly dependent sequences of random variables, and in particular results
on empirical processes induced by martignales or weakly dependent random variables. Whenever
possible, I tried to provide efficient substitution estimators of the statistical parameters of interest,
and therefore relied on semiparametric theory, efficiency theory and Targeted Learning theory [Van
Der Laan and Rubin, 2006, van der Laan and Rose, 2011, 2018].

I organize this introduction chapter as follows. In section 1.1, I present a general formulation
of sequential decision problems, or equivalently, of adaptive trials — the type of statistical ex-
periment that these are equivalent to. In section 1.2, I present various settings, including dynamic
treatment regimes, the stochastic contextual bandit model, and the Markov Decision Process model
for reinforcement learning. In section 1.3, I detail various applications of my methodological and
theoretical work. In section 1.4 I present the general orientation of my research goals, an in partic-
ular in which directions I strove to advance the state of the art. In particular, I formally characterize
the requirements that ideal estimators for causal inference from sequentially collected data and se-
quential decision making algorithms should satisfy. Finally, in section 1.5, I give an overview of
the chapters of my dissertation, and detail how they contribute to furthering the state of the art in
the directions I outline in section 1.4.

1.1 General problem formulation

Data. The settings I consider in the various chapters of this dissertation are all special cases of
the following general formulation. Suppose that an agent (or experimenter) interacts with nature
(also referred to as the environment) over a succession of steps t = 1,2,.... At each step ¢,
the agent observes a of vector L;(t) of variables, taking values in a set £;, which reflects the



state of the environment, assigns a treatment vector (or action) A(t) to the environment, and then
observes a vector Lo(t) of post-treatment variables taking values in a set £,. T assume that a time
point specific outcome Y'(¢) (or reward) can be defined for each ¢ as a function of Ly(t), that is
Y(t) = fyw(La(t)) for some known function fy (). I denote O(t) := (L1(t), A(t), L2(t)) the
observations collected in round ¢, and O(t) = (O(1),...,0(t)) the data collected up till time
t. I suppose that A(t) takes values in a set .4 which I will refer to as the action set. I denote
O = L; x A x L, the domain of the observations O(t), fort = 1,2, . ... The domain of O(T) is
then the Cartesian product O := O x ... x O.

~———

T times

Design. 1 suppose that at each time step ¢, the agent has access to O(t — 1), and can adapt its
rule for choosing A(t) in response to the past. I denote g; the treatment rule or policy that the
agent follows in choosing A(t). I view g; as the conditional distribution of A(t) given O(t — 1),
the data collected in previous rounds, and L, (t) the pre-treatment variables vector. That is, for any

A@) | Ot — 1), Li(t) ~ g:(- | O(t — 1), Ly(t)). Talso refer to g; as the design at time ¢, as
it determines the way how data is collected at time . I say that g, is an adaptive design as the
experimenter adjusts the distribution the the treatment based on the available data.

Adaptive trials. 1 refer to the statistical experiment that generates the data sequence (O(t))i>1
as a sequential adaptive trial.

Components of the data-generating distribution. I suppose that the true data-generating distri-
bution P admits a density w.r.t. some a known measure i’ on OT. 1 denote pj := dF} /du” the
density of P} w.r.t. u”. For any probability PT distribution over O that is absolutely continuous
w.rt. ', I denote p? := dPT /duT its density w.r.t. u”.

From the chain rule, any such density p” can be factored as

X HQQ,t(LQ(t) | A(t)aLl(t)v O(t - 1))

Denoting ¢1 1.7 := Hthl qit, Q2,117 = Hthl G2, 1.7 = q1,1:792,1:7> and gi.p = HtT:1 Gt p" can
be written as p” = ¢i.rg1.7. The factor ¢,.7 is the collection of treatment rules or designs carried
out by the experimenter along the trial. I refer to it as the controlled part of the data-generating
density. The factor ¢;.r represents the dynamics of the environment, in response in particular to
previous states and to the treatment history. It is a fact of nature, and is a priori unknown to the
experimenter. I refer to it as the uncontrolled component of the data-generating density.



Causal model, causal targets and causal identifiability. I assume that the process generat-
ing the data O(T) can be represented as a Nonparametric Structural Equation Model (NPSEM).
That is, I assume that there exists a collection of deterministic functions ( fz, ), faw), fr.@) : t =
1,...,T), and a collection U(T") = (Ug,(t),Ua(t),UL,(t)) of exogenous random variables such
that, for every t,

Li(t) =fr. (O(t— 1), U, v)),

Lo(t :ng( (O(t_ 1) Ll<t>7A(t)7UL2(t))7

where I set by convention O(0) to be a known constant. Consider now a counterfactual scenario
in which I replace the treatment nodes in the above set of equations by a collection counterfactual
interventions (¢ : t € [T]). In this counterfactual scenario, I would observe data O*(T) :=
(Li(t), A*(t), Li(t) : t € [T]), which would obey the following set of equations:

):
Li(t) fL1(t)(O*(t__ 1)? UL1(t))7

A1) ~g; (AQM) | O7( = 1), L1(1)),

Ly(t) =fL,0(O7(t = 1), Li(£), A*(t), UL,w))-

I use the notation PL for any generic distribution over the domain of the full data, that is of the
couple (O(T),U(T)), under the observed collection of treatment rules g = (g; : t € [T7]), and
P;y" any generic distribution of the full data (O*(T'), U(T')) under the counterfactual intervention.
I refer to the distribution of O*(T') as the post-intervention distribution. 1 denote it P*T. 1 denote
Pg 7 the true full data-generating distribution, ng the corresponding distribution of the full data

under the counterfactual intervention, and F, " the true post-intervention distribution. Throughout
my dissertation, I use the subscript “0” to indicate that I am referring to the true data-generating
distribution or features thereof.

I define causal parameters as features of the post-intervention distribution, that is causal param-
eters can be written as ¥ (P*7T) for some mapping ¥ . Under identifiability assumptions, which
I state next, I can identify these causal parameters from P7, the true distribution of the observed
data. I now state the identifiability assumptions:

Assumption 1.1 (Sequential randomization). For any t > 1, and 7 > t A(t) L O(1),0*(7) |
O(t — 1), Ly(2).

Assumption 1.2 (Positivity). For any t > 1, and any a € A, and any 11(t),o(t — 1) that has
positive likelihood under pOT,

ge(At) | Li(t),0(t — 1)) > 0.

Under assumptions 1.1 and 1.2, the post-intervention distribution equals the G-computation
formula P;;, defined as follows:

dPT

0 Hq1tll |Ot—1)>



XHgt t) | Ot — 1), 1i(t))

X Hqgt lo(t) | o(t — 1), q(t), 11 (1)).

Since the factors ¢; ; and ¢, are known if one knows PT . then the G-computation formula PgT*,
and thus the post intervention distribution P*7 it equals, can be obtained from P?. As a result,
under these assumptions, for any causal parameter of the form W (P*T), there exists a mapping
W such that Wp(P*") = W(PL). Since we consider sequential trials in which treatment decisions
at ¢ are based on the observed past L; (), O(t — 1), assumption 1.1 is always satisfied. I will also
assume that assumption 1.2 is satisfied in the rest of this introduction chapter.

Examples of causal parameters of interest include the mean outcome at 7', or the sum of out-
comes across all time points in [17], that one would observe if the experimenter had carried out
interventions ¢;, . . ., g7, which are respectively defined as

Vpr(PYT) i= Eper[Y*(T)] and  VUppp(P7) = Ep.r

and which equal the following parameters of the observed data distribution:

T

R40!

t=1

Ur(P") = Epr [Y(T)] and Uy (P") = Epr

Oracle designs. In various chapters of this dissertation I consider sequential adaptive designs
that learn an oracle design, defined as a parameter of the uncontrolled component ;.1 of the data-
generating density. For this parameter to be univocally defined and learnable, I require that ¢;.7
exhibit a repeated factor indexed by a parameter § independent of 7. A situation in which this is
the case is for example when,

G24(l2(t) [ 0(t = 1), q(1), 11 (1) = q2(12(t) | (1), 1a(1)).

for some conditional density ¢, independent of ¢, and therefore common across time points. In
this situation, the aforementioned requirement holds with 6 := ¢,. An oracle design can then be
written as g(f). In the adaptive designs I consider, g; is an estimator of g(¢) computed from the
vector O(t — 1) of past observations.

Objective pursued by the experimenter. Different oracle designs are appropriate for different
objectives. One goal the experimenter may pursue is to choose the sequence of designs g1, ..., gr
S0 as to maximize mean cumulative outcomes of the form Epr [23;1 Y (t)] over a fixed number of
steps, or the asymptotic mean outcome, that is lim;_,., Epr[Y (¢)]. In that case, a sensible choice
of g(0) is the optimal treatment rule g°"*(#), or optimal policy, provided it is defined. Another
reasonable choice of designs is a mixture distributions of the form g.(6) = (1 — €)g°**(0) + eg™*,



where " is the uniform distribution over the action set .A, and where ¢ € (0, 1) represents an

exploration rate. Another objective is to maximize the sample efficiency for a certain statistical
parameter W(6) of the data-generating distribution, that is learning the design g(6) that would
minimize the variance of a certain class of estimators of W(#) if the experimenter had carried it out
from the beginning of the experiment.

1.2 Settings covered by the general problem formulation

We consider various particular cases of the general formulation from the previous section. These
particular cases correspond to various causal models, that is sets of distributions PZ over the do-
main of the full data (O(T'), U(T')) that we believe to contain the true full data distribution Py .
These causal models induce corresponding statistical models, that is sets of distributions P over
the observed data domain O7, which we therefore believe to contain the true data-generating dis-
tribution P7. In each of the following setting, we denote M% the causal model, and M7 the
statistical model.

1.2.1 Stochastic contextual bandit

Conditional independence assumptions, and homogeneity assumptions. The i.i.d. stochastic
contextual bandit setting is a particular case of the setting I describe above, where I let (L1 (%)):>1
be an i.i.d. sequence of contexts, A(t) be the action at time ¢, and I let Lo(t) = Y'(¢) be the
reward at time ¢. In the stochastic contextual bandit setting, for every ¢, Y (¢) depends on the past
O(t — 1), Ly(t), A(t) only through L, (t) and A(t), and the conditional distribution of Y (t) given
A(t) and Ly(t) is the same for every ¢, that is, there exists a certain marginal density ¢; and a
certain conditional density ¢», both independent of ¢, such that, for every ¢ > 1,

qri(L(t) [o(t = 1)) = qu(L(?)),
and ¢2,(y(t) | o(t = 1), (t), ¢(1)) = q2(y(t) [ 1u(2), q(t)).

Optimal treatment rules, policies and policy class, and CB algorithm. As a result of theses
conditional independence properties, the optimal action at each time point ¢ depends only on the
latest context Ly (t). Denoting gz(a,ly) := E,[Y (t) | A(t) = a, Li(t) = 4], the outcome regres-
sion function under ¢;, the optimal treatment rule at each time step is the mapping d,, that maps
any context /; to the action that would give the highest expected outcome given the context [y, that
is

dg, (1) = argmax ¢x(a, lh),
ac A

where ties are broken arbitrarily. In the contextual bandit setting, I find it convenient to view the
design at time ¢, or policy at time ¢ as an O(t — 1)-measurable density probability distribution over
A conditional on L, (t), that is

A(t) | Ll(t) ~ gt(' | Ll(ﬂ);



where g; = ¢:(O(t — 1)) for some deterministic g; which maps the treatment history to a class G of
conditional distributions. I refer to the class G as the policy class. The policy class G may or may
not contain the optimal treatment rule d,,. In the former case, I say that the so-called realizability
assumption is satisfied.

The deterministic sequence (g:):>1 of mappings from trial history to stochastic treatment rules
or policies fully specifies the contextual bandit algorithm. I will simply equate the two concepts
and refer to g := (g:)¢>1 as the algorithm.

Distribution of the data induced by a CB algorithm, value of a policy, regret. We recall
that we denote M7 the statistical model specified by the aforementioned restrictions on the data-
generating distribution.

Any distribution PT of O(T') in M7 is fully specified by the triple (g1, §1.7, ¢2), as we have
that its density w.r.t. u” satisfies:

T

p"(O(1) = [T ar(La(1)) x Gu(O(t = ) (A(t) | La(t)) x aa(La(t) | A(t), Li(1)).

t=1

I then write the expectation operator under P” as E, 3, .. 4,- For any fixed g, I let P,, ,,, be the
distribution over £; x A x L, defined by F,, ;4. = ¢19¢2, and I let E,, ,,, be the expectation
operator under P, ,,,. Let (L1,A,Y) ~ P, ;4. The value of a policy ¢ under ¢ := (¢i, ¢2) is
defined as

Vy (9) = Eq 9,00 [Y]>

The instantaneous regret under ¢ of a fixed policy g w.r.t. policy class G is defined as

reg,(g,G) == Sup Volg') = Va(9),
g'e

and the cumulative regret at 7" under ¢ of algorithm g is defined as

T

RL0

t=1

RegQ,T(97 g) =T Sug VQ(g,) - EQ1,§1:T7Q2
g'e

Learning goals. I consider two types of learning goals under the stochastic CB framework.

The first one is the cumulative regret minimization goal. The corresponding question asks,
given a policy class G, and maximum time point (or horizon) 7', how to devise an algorithm g that
makes Reg, ;- as small as possible.

The second learning goal is the question of how, given a known stochastic treatment rule g*,
to perform inference for the value V,(¢*) of ¢g*. The statistical parameter V,(¢*) has a causal
interpretation as the mean counterfactual outcome we would observe if the experimenter carried
out stochastic intervention g*.



1.2.2 Dynamic treatment regimes.

Independence assumptions. The DTR literature considers data sets consisting of a certain num-
ber N of independent and identically distributed draws O(7,1),...,0(T, N), where, for each

i € [N], O(T,1) is a longitudinal data structure over 7" time points, of the form

O(T,i) = (L(1,), A(1,4), L1(1,4), ..., Li(T, i), A(T), Ly(T\, 7)).
Oftentimes in practical applications, each of these draws correspond to observations collected on
an individual that I follow along 7T time steps. I refer to O(T', i) as the trajectory of individual 7. For
anyt > 1,and X € {L, A, Ly,0,0},Tlet X(t) := (X(t,4) : i € [N]). I use the notation OT¥
for O(T ), so as to make explicit in the notation the number of individuals, and I write PTN instead
of PT for the distribution of OT>" This setting a special case of the general setting described in
section 1.1, where due to the independence between trajectories, p’ can be further factorized as
follows:
T N

p" (1)) = p"N (™) = [T T areltu(t.) | ot — 1,0))

t=1 i=1

X HHgt(a(t,i) | Li(t,4),0(t — 1,1))

t=1 =1

T N
< [T ] a2ealt,i) | (t.4),0(t - 1,1)).
t=1 i=1
Observe that the above factorization makes no assumption on the dependence structure within a
trajectory, which can be arbitrary.

Design adaptivity. This formulation of the DTR setting allows for the treatment decision A(¢, 7)
for individual 7 at time point ¢ to depend on O(t — 1,4), Ly (¢, ), that is the past of i up till L, (¢, ).
Note also that the conditional distributions g1, ..., gr are known in advance, and need to be the
same across individuals.

As a result, this formulation limits the design adaptivity in several ways. First, it doesn’t allow
for the design at ¢ to pool across trajectories the available information to inform the treatment rule
at t. It also excludes the setting where the trajectories are observed one after the other — say j is
observed after ¢ if 5 > ¢ — and the treatment rules of trajectory 7 uses information from trajectory
1.

Learning goals. Parameters of interest include
T

> oY)

t=1

)

Ur(PT) = Epr [Y(T)] and Uy (P"):= Epr

which equal the following causal parameters: the mean counterfactual outcome at 7" under g*, and
the mean counterfactual sum of outcomes across time points, under g*. A common learning goal
is to perform inference for these statistical parameters.



1.2.3 Reinforcement learning in the MDP framework.

Dependence structure under the Markov Decision Process model. In reinforcement learning,
it is standard to assume that the agent interacts with a system consisting of a unit, or a collection of
units indexed by ¢ = 1, ..., N, where the trajectory of the unit along the experiment is modelled
by a Markov Decision Process.

The homogeneous MDP model in the case of a single unit. In the case of a single unit, the
trajectory of the system over T time steps is a data structure of the form O(T') as defined in section
1.1, where L;(t) is the state of the unit at the beginning of round ¢, A(t) is the action or treatment
assigned by the agent at time ¢, and Lo (¢) is the reward at time ¢ collected by the agent. Saying
that the trajectory of the unit is an MDP means that for any ¢, the condition distribution of the
reward L(t) and of the next state Ly(t + 1) given O(t — 1), L;(t), A(t) depends only on L, (¢) and
A(t). The MDP is said to be homogeneous if these conditional distributions are identical across
time points. For any distribution P7 over O that is absolutely continuous w.r.t. ;%, its density
p? := dPT /duT factorizes as

p (1)) = [T (@) [ Lt = 1), at = 1)gi(alt) | o(t — 1), L()az(la(2) | alt)),

for some conditional distributions ¢; and ¢ that do not depend on ¢. Note that this model does not
place restrictions on the dependence of A(¢) on the past.

Concurrent homogeneous MDPs in the case of several units. Consider the situation where
the agent interacts with N units at the same time. For every i = 1,..., N, I denote O(T, i) the
trajectory of unit 7 over 7" time steps. As in the previous subsection, forany X € {L, A, Ly, 0,0},
Tlet X (t) := (X(t,i) : i € [N]). Identote OT"N := O(T) and PT"Y := PT so0 as to make explicit
the number of units /V.

A natural modelling assumption is to assume that the trajectory of each unit is an homogeneous
MDP, and that at every ¢ > 1, the reward L(t, i) collected from unit ¢ and the next state L, (t+1, 1)
of unit i depends on the past of the trial O(t—1), L (t), A(t) only through the the latest state L, (¢, 7)
and the latest treatment A(¢,¢) assigned to unit 7. These modelling assumptions are equivalent to
the following data-generating density factorization

< [T TT aea(t.d) | 1i(t0), alt, ).

t=1 i=1
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Observe that the above described model for concurrent MDPs lets the treatment decision vector
A(t) depend on the past of the entire trial. As a result, this introduces dependence between the
trajectories O(T, 1),...,0(T, N).

A further modelling assumption is to impose that the treatment decision at time ¢ for individual
i only depends on the past of individual ¢, and that the conditional distribution of A(t,4) given the
past of i is the same for every i. The model thus described is the set of distributions P7*" over the
domain of OT"V such that the the data-generating density p”V := p” := dPT /du™ factorizes as

p"N (") == p"0(T) = [T [ [ are(a(t,d) [ (= 1,0), a(t — 1,))

t=1 i=1

X HHgt(a(tv Z) ‘ 5(t - 17i>7il(tai>)

t=1 i=1

< [T ] T ae et d) | (), alt, ).

t=1 i=1

In this case, treatment trajectories of distinct units are independent and identically distributed.
Observe that this model is a particular case of the DTR model presented in the previous subsection.

Optimal policies and regret. I now discuss the notions of optimal policies and regret in the case
of a single MDP.

Optimal greedy policy. Since the reward L, (%) only depends on the past through L;(¢) and
A(t), the treatment rule at ¢ that maximizes the expectation of the next outcome L5 () is a mapping
that takes only L;(¢) as input, and is defined as

(1, (1)) 1= argmax Ey, [Lo(t) | A(f) = a, Ly(£) = L (8)].

acA

Optimal sequence of policies for finite horizon. Carrying out d;g“ at every time step might
not be the strategy that maximizes the reward, since it may be that the action that has the largest
instantaneous payoff makes the system transition to states from which it is subsequently harder to
obtain good payoffs. The set of treatment rules (d,; : t € [T']) that would maximize the expected
cumulative reward Zthl L (t) is defined recursively as follows. Let

dgr(Li(T)) := ar%gﬁax E, [Lo(T) | A(T) = a, L1 (T) = L,(T)],

and V1 (11(T)) :=Ey, 4, [L2(T) | Lo(T) = L(T)]

=Eq, [Lo(T) | Li(T) = Li(T), A(T) = dgo (1 (T))] -
and, forany ¢t < 7T,

dq((1)) = arg max{Ey, [Lo(t) [ A(t) = o, L1(t) = L(?)]
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+ Eg Va1 (La(t + 1)) | Li(t) = L(t), A(t) = al},
and V., (1 (t)) :==Eqa, . [Z Lo(s) | Ly(t ll(t)] .

In the MDP setting, I call policy a conditional density (/;,a) — ¢:(a | [1). An adaptive design
scheme or reinforcement learning algorithm is specified by a deterministic sequence g; such that,
for any ¢, §; maps the past O(t — 1) to a policy. For a given fixed sequence g = (g; : t € [T]) of
policies, I define the value of ¢ as

Va (9) = Eq g1

> Lz(t)] ,

Similarly, for a reinforcement learning algorithm, I define the value of this algorithm as

VQ(9> = Logirae [Z LQ(t)] :

Given a certain policy class G, I define the regret of a fixed sequence g or of an algorithm g as,
respectively,

Reg,1(9,G) = sup Volg') = Vy(9),

T
and Regq,T(§7 g) = sup VQ(g,) - E111,571:T,(I2 [Z LQ(t)] .

g'=(g},9p)€GT

Optimal policy in the discounted infinite horizon setting. The agent might also want to
maximize the expected sum of the total discounted reward over an infinite horizon, defined as
Y V' Lo(t), with v € (0, 1). In this case, it can be shown that the optimal intervention to carry
out at each time point is identical across time points, and is given by

dy~(lh) = argmax q,(a, ly),
aceA

where ¢, is the so-called action value function and is defined as the solution of the Bellman equa-
tion:

Gg(a, ) =Eq, [La(1) | A(1) = a, Ly(1) = ]

# By [maxa,fa Li@) | AW = a. (1) =]

In this latter setting, since the optimal policy is the same across time points, it makes sense to
define the value of a single policy g (as opposed to of a sequence of policies g = (g; : t € [T))):

Z’YtL2(t)] ,

Voo (9) = Eyq
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where E, , is the expectation under P” defined by

dP" [dp" (o qu (h(8) | (= 1), at = 1)g(a(?) [ 1(8))g2(l2(t) | a(t), L1(2))-
The regret of a fixed policy g is then defined as

Regqﬁ(Q» g) = Sug Vqry(g/) - Vqﬂ(g)>
g€

and the regret of an algorithm (g; : ¢t > 1) is defined as

Z Vth

R‘egq,'y (57 g) sup Vq Y ‘1 g
9'eg

Learning goals. A common learning goal is to perform inference for the mean outcome under
a sequence of counterfactual stochastic treatment rules g* = (g; : t € [T]) or g* = (g} : t > 1),
from passive data collected from an already finished trial, in which the treatment rules might have
been adaptive. A related goal is to learn the optimal treatment rule from the same type of passive
data. These goals are called off-policy evaluation (and inference) and off-policy policy learning in
reinforcement learning.

Another goal is to learn and implement the optimal policy sequentially, by executing a certain
algorithm g, so as to maximize the total expected discounted reward E, ;> ,_, Lo(t)], or given a
certain policy class G, minimize the regret with respect to this policy class.

1.2.4 Time series of networks

Statistical model. I now present a statistical model of an adaptive trial over 7" time points with
N units, where network dependence is allowed between units. As in the previous subsections, |
denote the observed data set OV, and its distribution PTV. T assume that there exists a collection
of deterministic functions {cy, (), CL,@s) : t € [T],% € [N]}, where, for every t and i, c, (1, and
CLy(tiy map O(t — 1), and (O(t — 1), L1(t), A(t)) into a set C C R, for some d > 1, such that the
data-generating density p”"V := p? := dPT /du” can be written as

=TTt ) | enean(olt — 1))

t=1 i=1
T

><Hgt ) [ o(t —1),5(t))

X HHqQ(b(t,i) | e (0(t = 1), L(t), a(t))).

t=1 i=1

Let Cp, (t,1) := cr,) (Ot — 1)) and Cr,(t,4) = cry.(O(t — 1), Li(t), A(t)). Following
existing terminology, I refer to C, (¢,), and Cf, (t, ) as the “contexts” for L, (¢,7) and Lo(t,17).
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Learning goals. As in the previous subsection, one learning goal is to perform inference for
the mean outcome at a certain time point, or cumulative mean outcome, from already collected
data. Another learning goal is to sequentially learn and carry out a sequence of policies so as to
maximize a cumulative mean outcome, or a mean final outcome.

1.3 Applications

1.3.1 Clinical trials.

Although adaptive designs are not the standard practice yet in clinical trials Bhatt and Mehta
[2016], abundant literature exists on the subject and the theory is fully mature (see e.g. van der
Laan [2008)]).

In a trial aimed at conducting inference for the average treatment effect (ATE) of a certain drug,
an adaptive design can learn the optimal oracle design, that is the one that maximizes efficiency for
the statistical parameter of interest, in such a way that the asymptotic variance of an estimator of
the ATE is the same as it would be had the optimal design been carried out since the beginning of
the trial. van der Laan [2008] provides a comprehensive methodological framework for adaptive
clinical trials.

When there is only one treatment node and one health outcome, and that patients are received
sequentially, the observations collected the ¢-th are a triple (L4 (t), A(t), Y (t)), where L (t) is the
set of covariates, A(t) is the treament received and Ly () is the health outcome. When patients
can be assumed to be i.i.d., the adaptive trial is an instance of the stochastic contextual bandit
framework outlined above.

In practice, it is more common to consider group sequential adaptive designs, in which the
outcomes of an entire batch of patient is observed before enrolling and assigning treatment to a
new batch.

1.3.2 Mobile health and precision medicine

In mobile health applications [Steinhubl et al., 2013, Malvey and Slovensky, 2014, Istepanian and
Woodward, 2017, Istepanian and Al-Anzi, 2018], data are collected on patients at a high frequency
by some connected measuring devices, and treatments are assigned algorithmically based on these
measurements, the observed response of the patient to past treatments, and potentially the history
of other patients.

In mobile health, one goal is to adaptively learn and implement the intervention that maximizes
the outcome at each time point.

One instance of application of mobile health is Just-In-Time Adaptive Interventions (JITAI) in
which at each time point, the default action is to not intervene, unless the value of the patient’s
measurement vector makes it appear that it is especially worth it to do so [Spruijt-Metz and Nilsen,
2014]. One example is exercise encouragement systems, in which the patient receives a notification
on their phone encouraging them to exercise, at the time when they are most likely to be receptive.
The notification is triggered when the patient is likely to be most receptive or when it might be
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most beneficial to exercise (for example when it has been a long time since the last time the patient
exercised).

In a mobile health application, if there is a reason to believe that the patient’s measurement
vectors are 1.i.d. and that the at every time point depends only on the latest treatment and mea-
surement vector, and that this dependence follows the same law across time points, an appropriate
model for the adaptive trial is the stochastic contextual bandit model. I refer the reader to Tewari
and Murphy [2017] for more details on the application of contextual bandits to mobile health.

In many settings, it is not realistic to assume such independence properties, and the trajectory
of the patient might be better modelled by either an MDP, or a time series of the type presented in
subsection 1.2.4, or by an unrestricted DTR model. In the latter case, one will need several patients
to learn the optimal treatment rule, while in the former two cases, it is possible to learn it from one
single patient’s trajectory.

1.3.3 Online ads placement and online recommender systems

The ad selection problem or item recommendation problem in web applications can be modelled
as follows. The web platform sequentially receives user sessions indexed by ¢ = 1,2, .... Ateach
session, the platform first observes a vector L;(¢) of characteristics of the user and of the session,
then chooses an action A(¢) and then observes an outcome. In an ads setting, a natural outcome is
whether the user clicked on the ad that was presented to them.

1.3.4 Sequential trial for public health policy evaluation in an infectious dis-
ease setting

Consider the hypothetical situation where the experimenter follows the N inhabitants of a city
over successive time steps ¢ = 1,2, ..., and where she cares about learning and evaluating public
health interventions to limit the spread of an infectious disease. For example, at each time ¢, the
experimenter or decision maker can choose to force individuals to stay at home for a certain period
of time, or vaccinate individuals depending on some characteristics such as age, occupation and
health history. Natural outcomes of interest include the infection status, and the mortality status.
Using the notation presented earlier, I denote L4 (t,7) a vector of measurements characterizing the
state of individual 7 at time ¢, A(t,%) the intervention assigned to i at ¢, and Ls(¢,7) the outcome
for s at .

Since individuals are interconnected through contagion effects, their trajectories are not inde-
pendent, and therefore there is only one independent trajectory to learn from, the one of the entire
city. If domain knowledge justifies assuming that L, (¢, %) and Ls(¢,¢) depends on the past through
finite dimensional summary vectors, and that this dependence is identical across individuals and
time points, then the model presented in subsection 1.2.4 is appropriate. As we show in chap-
ter [causal inference from a single time series of connected units], under this model, and under
additional assumptions, the effective sample size at time point 7" of the trial is N x 7.
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1.4 Research goals

The overarching goal of my research efforts is to design methods for causal inference from se-
quentially collected data and sequential decision making that rely only on models encoding the
available domain knowledge. This is in contrast with methods that make parametric assumptions
on unknown components of the data-generating distribution.

For such methods to have practical utility, they must satisfy a certain number of requirements.
In the next subsections, I present the formal requirements that ideal estimators for causal inference
problems and sequential decision making algorithms should satisfy. I distinguish the requirements
that apply to off-policy inference and the ones that pertain to sequential decision making. As
pointed out at the beginning of the chapter, these two tasks are narrowly connected, and as a result
there is some interplay between the requirements that apply to either task.

1.4.1 Formal requirements for causal estimators

Statistical model for q. We believe that statistical models on the unknown and uncontrolled part
q of the data-generating distribution should only encode what we know from domain knowledge.
In some applications, such domain knowledge might tell us that the individual trajectories are
independent, in some other we might in addition be founded to assume that successive observations
of the same trajectory exhibit further conditional independence. While domain knowledge might
justify conditional independence assumptions, or homogeneity assumptions (that is that a factor of
the likelihood is constant across time points and or individuals), it seems rather implausible in most
settings that it would justify assuming a parametric model for components of the likelihood. This
is why we believe that, while the models we should be working with can impose restrictions on the
dependence structure, and can impose repeated factors in the factorization of the likelihood, these
factors should be modelled nonparametrically. To make things more concrete, take for instance the
case of the single trajectory MDP model presented in subsection 1.2.3. This model assumes that
under the data-generating distribution PT, the likelihood of a trajectory O(T') over T time steps
factorizes as

qu 0 Lit - 1), At - 1))
ngt 1) | O(t — 1), Ly(t))

X qu Lo(t) | Ly (1), A(t)), (1.1)

but makes no further assumption on the factors ¢; and ¢, that is these are assumed to be modelled
fully nonparametrically, or in more formal terms, to belong to saturated nonparametric models
M,, and M,,. Let me now formally define the notion of a saturated nonparametric model. Take
for example the model M,,. We say that M, is a saturated nonparametric model of conditional
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distributions of L, (t) given A(t — 1) and L, (¢t — 1), if, for any ¢; € M,,, the tangent space of M,
at ¢; is equal to the Hilbert space

{(ll,a,l'l) — s(ly, a,ly) :Vll,a/s2(11,a,l’1)q( 1] al)dl] < oo

and /s(ll,a, 1)q(ly | a,ly)dl] = O} .

As a result, a more complete description of the model M? for MDPs over T time steps is: the
set of distributions that factorize as in (1.1), where ¢; and ¢, vary freely over the nonparametric
saturated models M, and M,,.

Estimators of a given parameter W(q) often rely on intermediate estimators of infinite dimen-
sional components 7;(q), . - ., 1,(q) of ¢, which are often referred to as nuisance parameters. Con-
sider the nuisance parameter 7,(¢), and suppose for example that it is a d-variate real valued
function. The saturated models M, and M,, induce a nonparametric model for M, (. Ex-
isting nonparametric estimators of d-variate real valued functions usually learn functions in and
have convergence guarantees over nonparametric classes of functions that are subsets of the model
M., (@ induced by the saturated model for g. Some of these nonparametric classes, or the union
of a collection of such nonparametric classes can form a realistic model ./\/l;71 @ for the nuisance
parameter 7, (q), even if ./\/l;71 (¢ 18 @ subset of the fully saturated model M,, ;). As a result, we
will find it satisfactory enough to assume that the nuisance parameter 7, (¢) belongs to such a non-
parametric model M € M, even though, as we further discuss in the next paragraph, we will
be content with semiparametric efficiency of estimators with respect to the larger model M, ;).

Semiparametric efficiency for estimators of pathwise differentiable parameters. Semipara-
metric efficiency theory tells us that, given a model M, and a parameter ¥ : M — R satis-
fying a certain regularity condition, namely pathwise differentiablity at P w.r.t. M, all “non-
pathological”! estimators, must have asymptotic variance at least as large as a certain quantity,
the semiparametric efficiency bound for W at P w.r.t. M, which I denote EB(W, M, P). The
semiparametric efficiency bound is also referred to as the generalized Cramer-Rao lower bound.
Under the model M, an ideal estimator of W(P) should have asymototic variance equal to the
semiparametric efficieny bound. Semiparametric efficient estimators have been an intense areas
of research for many years. Early contributions include the one-step estimator and the estimating
equation methodology. The targeted minimum loss estimation frameworks allows to derive a lo-
cally semiparametric efficient estimator for any pathwise differentiable target parameter. Observe
that the generalized Cramer-Rao lower bound is an instance dependent bound (that is bound that
depends on the actual data-generating distribution, as opposed to minimax lower bouds, which cor-
responds to a worst-case distribution not necessarily equal to P. Instance dependent lower bounds
are generally less pessimistic than minimax bounds).

Robustness. Given statistical model M, an ideal estimator of a pathwise differentiable target
parameter W : M — R should inherit the robustness properties of the canonical gradient of ¥

'more rigorously, all estimators of W(P) that are regular at P w.r.t. M
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w.r.t. M.

Coverage of confidence intervals. An ideal estimator of a pathwise differentiable target param-
eter should come with confidence intervals that should be at least asymptotically valid, and ideally
valid in finite samples too.

Substitution estimators. 'We say that an estimator U of a parameter ¥ : M — R is a substitution
estimator of W(Fy) if it can be written as W (P, ) where P, is an estimator of the components of the
likelihood ¥ depends on. A substitution estimator respects the bounds of the paremeter space. For
example, an substitution estimator of a probability always lies in [0, 1].

Oracle efficient model selection for estimation of non-pathwise differentiable target param-
eters. Oftentimes, infinite dimensional parameters 7(¢) such as optimal treatment rules or out-
come models are non-pathwise differentiable. Various criteria can be applied to assess whether an
estimator of such a parameter is satisfactory or not. Let me first review some candidate criteria,
before presenting the one we find most satisfactory.

If one commits to a certain statistical model M,, for 1(g), a first candidate criterion would be
mimimax optimality. A minimax optimal estimator over M, achieve, up to log n factors, where n is
the sample size, the mimimax estimation rate over M,,. However, we find that minimax optimality
over a fixed M, isn’t an entirely satisfactory notion for several reasons. Firstly, for it to be realistic
that M,, contains the true parameter, one might have to consider a very large nonparametric model
M,,. Minimax rates over such large models can be very slow. An instance of such a very large
model over which the minimax estimation rate is very slow is the class of d-variates functions that
are 1-time continuously differentiable. The corresponding minimax estimation rate is n~1/(@+1),

Nevertheless, it might turn out that 7)(¢) lies in a small submodel M,, of M,, over which the
minimax estimation rate is much faster. In our example where M,, is the class of 1-time contin-
uously differentiable d-variate functions, it might turn out that 7(q) is actually $ times continu-
ously differentiable, with # > 1. The minimax rate over this latter smaller class of functions is
n~A/(@+1) " In this case, given a collection of submodels M, C ... C M, = M,, we would
like to have a model selection procedure that outputs an estimator with guaranteed rate of con-
vergence matching, up to logn factors, the minimax rate of the smallest submodel 7(q) belongs
to. An alternative approach to realistic modelling of 7(q) is, instead of assuming a collection of
nested models, to assume that 7)(¢q) belongs to the union of a finite collection of not necessarily
nested models M, ..., M. In this case, similarly to the nested case, it would be desirable to
have a model selection procedure that outputs an estimator with guaranteed rate of convergence
within a log n factor of fastest minimax rate among the models of this collection that contain 7(q).
An model selection procedure that achieves this requirement is called minimax adaptive. Model
selection literature has proposed several such procedures, such as for example Lepski’s method in
the case of nested models.

Still, we don’t find minimax adaptivity to be an entirely satisfactory criterion for estimators of
non-pathwise differentiable target parameters. The reason is that given a collection of estimators
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M,...,n, that are consistent over models M, ;,..., M, ;, respectively, the estimator that per-
forms best at a certain data-generating distribution P7 might not be the one that corresponds to the
model with best minimax rates among the models that contain 7(q).

The discussion presented so far in this paragraph suggests two things. Firstly, that it is best to
work with a model selection combining several estimators or several models, rather than commit-
ting to a certain model ahead of time. Secondly, that we would rather have this procedure return the
estimator that works best under the actual data-generating distribution, as opposed to a minimax
adaptive procedure. A notion that formalizes this latter requirement is that of oracle optimality,
which applies to a procedure selecting among a collection of estimators. I present this notion next.

Consider a collection 7 ,, . . ., 7., of estimators of 7(q), and let ' — (', n(P)) be a loss,
where I use the notation 7’ for a generic element of the parameter space. Consider a model selection
procedure that returns the index En of an estimator. We say that the model selection procedure is
oracle efficient if, for any € > 0,

Epr [, r.1(0))] < (14 €) min Bpr [(ir.n(a)] + R(e, P".T),
where R(e, PT,T) is an error term that is negligible in front of the first term of the right-hand
side above. As opposed to a minimax adaptive model selection procedure, an oracle efficient
model selection procedure achieves the rate of the estimator that performs best at the actual P
that generated the data. In that sense it is an instance-dependent guarantee. Note that an oracle
efficient ensemble learning procedure that combines minimax efficient estimators over a collection
of classes of models is minimax adaptive.

1.4.2 Requirements for sequential decision making algorithms

I distinguish two goals: pure learning goals, in which the objective is to maximize the statistical
efficiency for a certain parameter such as the ATE, or identify the best treatment arm as fast as
possible, and regret minimization goals, in which the objective is to obtain as high a cumulative or
final outcome as possible.

Pure learning goals.

Equivalence with the oracle design. Suppose that the goal of the experimenter is to conduct
inference for a certain pathwise differentiable parameter W((),) of the uncontrolled component
of the data-generating distribution. A natural parameter of interest is the average treatment effect
in the case of a binary treatment. If we knew (), from the onset, we could carry out from the
beginning the oracle design g(Q) := (g:(Qo) : t € [T]) that minimizes the efficiency bound for
U(Qo) w.r.t. MT at PY. An adaptive design is a sequence (g; : t € [T]), where the design g; at
time ¢ is fitted from the available data O(¢ — 1) up till the previous time point. An optimal adaptive
design is such that the asymptotic efficiency bound under that design is the same as that under the
oracle optimal design g(()o). We then say that such an adaptive design is asymptotically equivalent
with the oracle design. van der Laan [2008] demonstrates the construction and analysis of adaptive
designs that are asymptotically equivalent with the oracle design.
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Best arm or best treatment rule identification. Considering a finite collection of treatment
arms A := {1,..., K} or a finite collection of treatment rules g, ..., gs, a potential learning
goal is to identify as quickly as possible, under a certain fixed confidence level the one that would
yield the highest immediate, cumulative, or final outcome. An ideal design is one that, when
combined with appropriate estimators of the value of each arm or of each stochastic treatment rule,
allows to identify the best one as quickly as possible. There is abundant literature on the best arm
identification problem in the bandit setting [Even-Dar et al., 2006, Gabillon et al., 2011, 2012,
Kaufmann et al., 2016].

Regret minimization goals.

Nonparametric policy class. For essentially the same reasons as invoked in the previous sub-
section, an ideal sequential decision making procedure should learn policies in a nonparametric
policy class, or perform some form of ensemble learning over a collection of nonparametric policy
classes.

Minimax optimality. An ideal algorithm would be minimax optimal in regret w.r.t. its policy
class. A minimax optimal algorithm achieves regret rate equal, up to log 7" factors, equal to the
minimax regret rate over the policy class in which it learns its policies.

Instance dependent optimality. An ideal algorithm would have regret rate provably matching
that of an instance dependent lower bound, that is a bound that depends on q.

Adaptivity. As it a priori unclear which nonparametric policy class contains the optimal treat-
ment rule dg, an ideal regret minimization algorithm should be able to perform ensemble learning
or model selection over a collection of algorithms each operating over a different policy class. As
in the passive data setting, I distinguish two types of guarantees for model selection procedures:
minimax adaptivity and oracle efficiency. First let me introduce the model selection setting. Con-
sider a collection Iy, . . ., II; of policy classes such that at least one contains the optimal treatment
rule dg, and let g1, ..., g, algorithms that achieve the minimax regret rate w.r.t. II;,... II;, re-
spectively. Consider a model selection procedure, that at each ¢, computes from O(t — 1) the index
Et of one of the algorithms, and let g be the algorithm that assigns at ¢ the action proposed by
algorithm g Note that the policy that any of the base algorithms propose at ¢ depends on how the
algorithms share data. They can operate separately, in which case each algorithms uses only the
data at the rounds it was chosen, or on the contrary share between them all of the available data. I
discuss this in more detail in chapter [model selection chapter]

Minimax adaptivity. [ say that the model selection procedure is said minimax adaptive if
it achieves regret rate equal (up to log factors) to that of the fastest minimax rate among policies
classes that contain dy,.
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Oracle efficiency. The model selection procedure is oracle efficient if, for any € > 0,

ZY

where R(e, q,T) is an excess risk term that is negligible in front of the first term of the right-hand
side as T" — oo.

T

a2 Y

—i—e mlnE

+ R(e,q,T)
Je]

1.5 Contributions

Although there still do not exist algorithms and estimators that provably meet all of the require-
ments presented in the previous section, my contributions bring the state of the art closer to meeting
some of these. Here is a quick summary of the different chapters of my dissertation, and a descrip-
tion of how each of them contributes in the directions outlined above.

Chapter 1: Regularized Targeted Maximum Likelihood Estimation for Off-Policy Evaluation
in Reinforcement Learning. In this chapter, we consider the Off-Policy Evaluation problem in
reinforcement learning. While we worked under the assumption that the data were 1.i.d. trajectories
of a Markov Decision Process, we worked under the larger model that allows the state and reward
at one time point to depend on the entire past, that is we worked under the DTR model. The

parameter of interest is U(P) = E, ;- [23:1 Y(t)] , that is the cumulative reward under the G-

computation formula distribution PgT* , which equals the mean outcome under counterfactual policy
g*. Theoretical contributions include the derivation of a representation of the EIF of W w.r.t. the
DTR model, and the derivation of a Targeted Maximum Likelihood Estimator for W based on this
EIF. We came up with several regularizations of the TML estimator so as reduce variance of the
estimator, as the cost of added bias. We combined regularized estimators with a bootstrap version
of the so-called MAGIC ensemble learning procedure (cite Thomas and Brunskill). While the
unregularized estimator and the ensemble estimator are efficient w.r.t. a larger model than the
MDP model we know to contain the data generating distribution, our methodology significantly
outperformed the state of the art at the time in experiments (at the time, semiparametric estimators
of WU in the RL literature were not yet efficient w.r.t. the MDP model, but rather were efficient w.r.t.
the DTR model).

Chapter 2: Fast rates for empirical risk minimizers over cadlag functions with bounded
Hardy-Krause variation. The class of d-variate cadlag functions with bounded sectional varia-
tion norm has received attention from researchers recently as it is a nonparametric class which can
be used as a realistic statistical model in many settings and over which the rate of convergence of
empirical risk minimizers can be shown to have mild dependence on the dimension. In this chap-
ter, we give the first characterization of this class of functions. This allows us to show that under
common losses used in regression settings, the rate of convergence of empirical risk minimizers
over this class is O(n~'/3(logn)?*~1). These guarantees hold for i.i.d. data. We extend them to
dependent data in subsequent chapters.
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Chapter 3: Generalized Policy Elimination: an efficient algorithm for nonparametric con-
textual bandits. In this chapter, we make progress towards making contextual bandit algorithms
available for nonparametric policy classes, in the non-realizable case. This paper is a generalization
of the papers Dudik et al. [2011] and also to some extent of Agarwal et al. [2014] to nonparametric
policy classes. The algorithm we propose achieves the minimax regret up to log factors over poli-
cies classes with integrable sup norm entropy, and is efficient in the sense that it requires only a
polynomial number of calls to some optimization oracles. It is the first such efficient algorithm that
achieves regret optimality for what we referred to as “actual” nonparametric classes, that is classes
with polynomial entropy, as opposed to classes with logarithmic entropy, such as VC classes.

Chapter 4: Nonparametric learning from sequentially collected data. In this chapter, we
consider nonparametric learning of infinite dimensional components of ¢ from sequentially col-
lected data. We give high probability bounds on the excess risk of empirical risk minimizers
fitted from such data. We then propose an extended version of the Super Learner for sequential
cross-validation, which eliminates the need for some hard-to-check assumptions from the original
sequential Super Learner article [Benkeser et al., 2018].

Chapter 5: Model selection for contextual bandits. In this paper, we present a method for
model selection in the contextual bandit setting. Our procedure achieves minimax adaptivity for
the rate in 7' of the regret (we treat other parameter of the problems such as the number of arms or
the dimension of the contexts as constants), if the base algorithms are themselves minimax optimal.

Chapter 6. Sequential causal inference in a single world of connected units. In this chapter,
we consider adaptive trials involving a set of N individuals we follow along 7' time steps. We
allow for network dependence between individuals. We work under the time series of networks
model presented in subsection 1.2.4. We give inference guarantees estimators of causal effects
under adaptive desings under network dependence, and guarantees for adaptive stopping rules.
Theoretical contributions include maximal inequalities and equicontinuity results for empirical
processes induced by dependent data under mixing conditions. As a corollary of the maximal
inequality, we provide guarantees for empirical risk minimizers under mixing conditions.

Chapter 7. Sufficient and insufficient conditions for the stochastic convergence of Cesaro
means. Cesaro means of random variables arise naturally in several statistical problems that have
a sequential aspect. For instance, the second order remainder term in the analysis of online one-
step estimators is a Cesaro mean of products of differences between nuisance estimators and their
targets. We provide sufficient conditions for the stochastic convergence of such Cesaro means, and
we show that convergence in probability of the terms of the mean in not in general a sufficient
condition.
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In this chapter, we study the problem of Off-Policy Evaluation (OPE) in Reinforcement Learn-
ing. The goal of OPE is to estimate, given data collected under a certain known policy, the value of
a counterfactual policy, that is the mean cumulative (discounted) reward one would obtain under
that counterfactual policy.

In the Reinforcement Learning literature, it is customary to assume that the trajectories of the
system are observations of a Markov Decision Process (see subsection 1.2.3 in the introduction
chapter). In this chapter, we consider the efficient influence function and efficient estimators of the
value of a policy with respect to a larger model, namely the Dynamic Treatment Model presented in
subsection 1.2.2. We give a representation of the EIF and of these estimators under the assumption
that the data-generating distribution belongs to a MDP model. Whereas such representations had
been given before our article was published [Jiang and Li, 2015, Thomas and Brunskill, 2016],
our article was the first one to give a rigorous derivation of the representation of the EIF of this
parameter w.r.t. the DTR model, under the MDP model assumptions. A concurrent [van der Laan
etal., 2018] and a subsequent article [Kallus and Uehara, 2019] give the EIF w.r.t. the MDP model.

The other main contribution of this work is to propose a Targeted Maximum Likelihood Es-
timator (TMLE) of the value of counterfactual policy, regularized versions of this TMLE and an
ensembling procedure to combine regularized TMLEs. The ensembling procedure is a variant of
the MAGIC procedure introduced by Thomas and Brunskill [2016]. Our simulations demonstrate
that our estimator dominates the state-of-the art at the time of publication in terms mean squared
error, across various RL environments.

2.1 Introduction

Off-policy evaluation (OPE) is an increasingly important problem in reinforcement learning. Works
on OPE address the pressing issue of evaluating the performance of a novel policy in a setting
where actual enforcement might be too costly, infeasible, or even hazardous. This situation arises
in many fields, including medicine, finance, advertising, and education, to name a few Murphy
et al. [2001], Petersen et al. [2014], Theocharous et al. [2015], Hoiles and Van Der Schaar [2016].
The OPE problem can be treated as a counterfactual quantity estimation problem, as we inquire
about the mean reward we would have accrued, had we, contrary to fact, implemented the policy
7. at the time of data-collection. Estimating and inferring such counterfactual quantities is a well
studied problem in statistical causal inference, and has led to many methodological developments.
One of the things we aim to do in this work is to further earlier efforts Dudik et al. [2011] in
bridging the gap between the reinforcement learning and causal inference fields.

There are roughly two predominant classes of approaches to off-policy value evaluation in
RL Jiang and Li [2015]. The first is the direct method (DM), analogous to the G-computation
procedure in causal inference Robins et al. [1999, 2000]. The direct method first fits a model of
the system’s dynamics and then uses the learned fit in order to estimate the mean reward of the
target policy (evaluation policy). The estimators produced by this approach usually exhibit low
variance, but suffer from high bias when the model fit is misspecified or the sample size is small
relative to the complexity of the function class of the model Mannor et al. [2007]. The second
major avenue for off-policy value evaluation is importance sampling methods, also termed inverse
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propensity score methods in statistical causal inference Rosenbaum and Rubin [1983]. Importance
sampling (IS) attempts to correct the mismatch between the distributions produced by the behavior
and target policies Precup et al. [2000], Precup [2000]. IS estimators are unbiased under mild
conditions, but their variance tends to be large when the evaluation and behavior policies differ
significantly Farajtabar et al. [2018], and grows exponentially with the horizon, rendering them
Farajtabar et al. [2018] impractical for many RL settings. A third class of estimators, Doubly
Robust (DR) estimators, obtained by combining a DM estimator and an IS estimator, are becoming
standard in OPE Farajtabar et al. [2018], Jiang and Li [2015], Thomas and Brunskill [2016]. These
originate from the statistics literature Robins et al. [1994], Robins and Rotnitzky [1995], Bang and
Robins [2005], van der Laan and Rubin [2006], van der Laan and Rose [2011, 2018], and were
introduced in the RL literature by Dudik et al. [2011]. Combining a DM and an IS estimator under
the form of a DR estimator leads to lower bias than DM alone, and lower variance than IS alone.

Our contribution to OPE in RL is multifold. First we adapt a doubly robust estimator from
statistical causal inference, the Longitudinal Targeted Maximum Likelihood Estimator (LTMLE)
to the OPE in RL setting. We show that our adapted estimator converges at rate Op(1/4/n) to the
true policy value. Deriving the LTMLE requires us to identify a mathematical object known in
semiparametric statistics as the efficient influence function (EIF) of the estimand (policy value). To
the best of our knowledge, this article is the first one to explicitly derive the EIF of the policy value
for the OPE problem in RL. Knowledge of the EIF allows us to prove that both our estimator (the
LTMLE) and recently proposed DR estimators [Jiang and Li, 2015, Thomas and Brunskill, 2016]
are optimal in the sense that they achieve the generalized Cramer-Rao lower bound.

Second, we introduce an idea from statistics to make better use of the data than prior OPE works
[Jiang and Li, 2015, Thomas and Brunskill, 2016]. We noticed that most OPE papers, at least in
theory, use sample splitting: the ()-function is fitted on a split of the data, while the DR estimator is
obtained by evaluating the fitted ()-function on another split. We propose a cross-validation-based
technique that allows to essentially average the ()-function over the entire sample, leading to a
constant-factor gain in risk.

Finally, and most importantly for practice, we propose several regularization techniques for
the LTMLE estimators, out of which some, but not all, apply to other DR estimators. Using
the MAGIC ensemble method from Thomas and Brunskill [2016], we construct an estimator that
combines various regularized LTMLEs. We call our estimator RLTMLE (TMLE for RL). Our
experiments demonstrate that RLTMLE outperforms all considered competing off-policy methods,
uniformly across multiple RL environments and levels of model misspecification.

2.2 Statistical Formulation of the Problem

2.2.1 Markov Decision Process

Consider a Markov Decision Process (MDP) defined as a tuple (S, A, R, P, P, ), where S and
A are the state and action spaces, and v € (0, 1] is a discount factor. A trajectory H is a suc-

cession of states S;, actions A; and rewards R;, observed from ¢ = 1 to the horizon ¢t = T
H = (S1,A1,Ry,...,S7,Ar, Ry). For all (s,a,r,s') € Sx Ax R xS, P(s,r|s,a) is the proba-
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bility of collecting reward r and transitioning to state s’, conditional on starting in state s and taking
action a, and P (s) is the probability that the initial is s. A policy 7 is a sequence of conditional
distributions (7, 7o, ...) that stochastically map a state to an action: for all ¢, A;|S; ~ .

Suppose we are given n i.i.d. T-step trajectories of the MDP, D = (Hj, ..., H,), collected
under the behavior policy m, = (w1, ...., T 7). We assume all trajectories have the same initial
state s1, allowing for the data-generating mechanism to be fully characterized by (P, 7).

2.2.2 Estimation Target

The goal of OPE is to estimate the average cumulative discounted reward we would have obtained
by carrying out the target policy 7. instead of policy 7. That is, we want to estimate the following
counterfactual quantity:

Vi™(s1) := Epq,

T
Z’Yth|S1 = 31] : (2.1)
=1

Consider the following common assumption from the causal inference literature.
Assumption 2.1 (Absolute continuity). Forall s,a € S X A, if my(als) = 0, then m.(a|s) = 0 too.

Under assumption 2.1 and the Markov assumption of the MDP model, V,"(s;) can be written
as an expectation under the data-generating mechanism (P, ,):

Sl = 81] . (22)

Fort = 1,...,T, define R.p = Zfzt ~" 'R, as the total reward from step ¢ to step 7. For all
1 <t <ty <T,define py, = [[2, Ter(As|S;)/mp-(AL|S,). Forallt = 1,...,T, we will use

the shortcut notation p; := p;.;. We use the convention that py = 0. Denote Rﬁf;, oY, pgi)@ the
corresponding quantities for a sample trajectory H;. Consistently with (2.1) and (2.2), we define,
forany ¢t =1,...,T, and s € S, the value function (or reward-to-go) from time point ¢ and state s,
as

Vie(s) 1 = Epr. [Rt:T|St = 9]
= EP,ﬂ'b [lot:TRt:Tlst - S] .

Foreveryt =1,...,T,s € S, a € A, we further define the action-value function from time step ¢
as

1751—6(57 CL) = EP,ﬂ'e [Rt:T‘St = S, At = CL}
= Epn, [pt:TRt:T|St =3,A = a] )
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2.3 An existing state-of-the art approach

Our method can be seen as building upon and improving on Thomas and Brunskill [2016]. We
believe it helps understanding our contribution to first briefly describe their estimators. For a
detailed review of OPE methods, we refer the interested reader to the vast and excellent literature
on the topic Precup et al. [2000], Thomas [2015], Jiang and Li [2015], Farajtabar et al. [2018].

2.3.1 Weighted Doubly Robust Estimator

Jiang and Li [2015] were the first authors to propose a doubly robust estimator for off-policy
evaluation in the MDP setting. Thomas and Brunskill [2016] propose a stabilized version of the DR
estimator of Jiang and Li [2015], termed Weighted Doubly Robust (WDR) estimator, which they
obtain by replacing the importance sampling weights by stabilized importance sampling weights.
The stabilized importance sampling weight for observation ¢ at time step ¢ is defined as wgi) =
pii) /> pgi). The WDR estimator is thus defined as

WDR = Z{ v (sy”)
I Z,ytwti) [Rii) _ (St(Z 714 ) + ﬂ/t’fl(Stle)] } (2.3)

2.3.2 MAGIC

While WDR has low bias and converges at rate Op(1//n) to the truth, its reliance on importance
weights can make it highly variable. As a result, in some settings, especially if model misspecifica-
tion is not too strong, DM estimators can beat WDR Thomas and Brunskill [2016]. This motivates
the construction of an estimator that interpolates between DM and WDR, so as to benefit from the
best of both worlds. Thomas and Brunskill [2016] propose the partial importance sampling esti-
mators, which correspond to essentially cutting off the sum in (2.3) the terms with index ¢ > j for
some 0 < 7 < T'. Formally, they define their partial importance sampling estimator as the average

g = gﬁ-i) of the so-called off-policy j-step return, that they define, for each trajectory ¢, as
() . ! (4)
J t,, it j+1 Te %
9; ;7 tht +’7j w]‘ijj—l(‘S]Jrl)
a b

= T8, AP — wi V(5]

t

t
J
=1 v

C
Note that g, is equal to the DM estimator. Note that the last component, (c), represents the com-
bined control variate for the importance sampling (a) and model based term (b). Hence, as j
increases, we expect bias to decrease, at the expense of an increase in variance.
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Thomas and Brunskill [2016]’s final estimator is a convex combination of the partial impor-
tance sampling estimators g;. Ideally, we would like this convex combination to minimize mean
squared error (MSE), that is we would like to use as estimator (x*) " g, with g = (go, ..., gr), where

x* = arg 01<n££11 MSE(z g, V™)

T
j:Orjfl

0<z<1

=arg min {Bias2(a:Tg,V1”‘3)
?:O:E]':l

+ Var(a:Tg)}.

As we do not have access to the true variance and bias, Thomas and Brunskill [2016] propose to
use as estimator ' g, where & is a minimizer, over the convex weights simplex, of an estimate of
the MSE. The covariance matrix of g, which we will denote €2,,, can be estimated as the empirical
covariance matrix €2, of the g()’s. Bias estimation is a more involved. For each g =1..T,
Thomas and Brunskill [2016] estimate the bias of the partial importance sampling estimator g; by
its distance to a d-confidence interval for gr obtained by bootstrapping it, for some 6 € (0, 1).
They named the resulting ensemble estimator MAGIC, standing for model and guided importance
sampling combining. For further details, we refer the reader to the very clear presentation of their
algorithm by Thomas and Brunskill [2016].

2.4 Longitudinal TMLE for MDPs

2.4.1 High level description

Our proposed estimator extends the longitudinal Targeted Maximum Likelihood Estimation method-
ology, initially developed in the statistics causal inference literature, to the MDP setting [van der
Laan and Rubin, 2006, van der Laan and Gruber, 2011, van der Laan and Rose, 2011, 2018]. In
order to build intuition on our estimator, we start with a high-level description. Targeted Maxi-
mum Likelihood Estimation is a general framework that allows to construct efficient nonparamet-
ric estimators of low-dimensional characteristics of the data-generating distribution, given machine
learning based estimators of high-dimensional characteristics. Let us illustrate on an example what
these low-dimensional and high-dimensional characteristics can be. Suppose we want to estimate
an average treatment effect (ATE), and that we have pre-treatment covariates X, a treatment
T and an outcome Y, with (X,7,Y) ~ P. In this situation, the low-dimensional characteristic
is the ATE Ep[Ep|Y|T = 1,X]| — Ep[Y|T = 0, X]|, while the high-dimensional characteristics
of P are the outcome regression function x,a — Ep[Y|A = a, X = z] and the propensity score
function x — Ep[T|X = x].
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2.4.2 Simplified sample-splitting based algorithm

In the following sections we present a simplified version of the algorithm that constructs our Lon-
gitudinal Targeted Maximum Likelihood Estimator. The full-blown version of the algorithm is
presented in the appendix, with the corresponding theoretical justifications.

Suppose we are provided with n i.i.d. trajectories, D = (Hy,..., H,). Make two splits of
the sample: for some 0 < p < 1, let DO = (Hy,..., H_py,) and DO = (Hy_pnii, -y Hy).

Use D© to fit estimators @?e, e ,QA? of the action value functions Q7¢,--- , Q7 We will call
T, -+, Q7 the initial estimators. Such estimators can be obtained for instance by fitting a model

of the dynamics of the MDP, or by SARSA, among other methods Sutton and Barto [1998]. Esti-
mators fitted in such a way tend to exhibit low variance but often suffer from misspecification bias.
As mentioned in section 2.3, doubly-robust estimators take such initial estimators as input, and
evaluate on D) and then average a certain function of them to produce an unbiased estimator of
V™ (s1). These doubly-robust estimators rely on the addition of terms weighted by the importance
sampling (IS) ratios pg?, 1=1,---,n,t=1,--- ,n. The TMLE methodology takes another route:
for each ¢, it defines, on top of the initial estimator fit, a parametric model, which we will call a
second-stage parametric model Q?e and achieves bias reduction by fitting this parametric model
by maximum likelihood, on the sample split D).

2.4.3 Formal presentation of the simplified algorithm

To formally describe our algorithm, it suffices to define the second-stage parametric models and
describe the loss used for the fit. For all z € R, we define o(z) = 1/(1 4+ e™®) as the lo-
gistic function, and we denote o~ ! its inverse. Observe that bounding the range of rewards
where Vt, Ry € [Fmin, "maz|, implies that ¥Vt and V(s,a) € S X A, Qi(s,a) € [—A;, A;] with
A = S AT max(Foaz, [Tmin|). We further denote Q7 (s, a) := (QF + A;)/(24,) as the
normalized initial estimator. In addition, V§ € (0,1/2) and V(s, a), we define the following thresh-
olded version of QT:

1-96 if@§6(37a)>1—5,
00 (s,0) = { QP (s,0) i QF(s,a) €[5.1 9],
5 if QF (s, a) < 4.

For all € € R, we can now define the normalized version of our second-stage parametric model as:
ATe,0 . —1(Ame,0
(€5, a) = a0 (Qr (s, a) + €).

Finally, we denote Q7 (¢) = 2A,(Q7°(¢) — 1/2) as the rescaled version of Q7 (¢).

The normalization, thresholding and rescaling steps in the definition of the parametric second-
stage model ensure that (1) Q7 (¢) € [6,1 — 6] € (0,1) for all ¢, and that (2) QT°(¢) always
stays in the allowed range of rewards [—A,, A;]. The definition of Q7*(¢) as a logistic transform
of e that lies in (0, 1) makes the fitting of € possible through maximum likelihood for a logistic
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likelihood. For t = T, since Q7 (s, a) = Epr,[pr.rRr|ST = s, Ay = al, it is natural to consider
the log likelihood,

1 iy F e i) 4G
R ol6) =+ 3 ol (0 tow(@ (537, AP)

i=1

(1 09 log(1 - ?eﬁ(e)(s%),Aéf)))), 0.4

where U}i )= (Rg) +Ar)/(2A7) is the normalized reward at time 7". Normalization of the reward
is necessary since we are using logistic regression to optimize €, and to keep the definition of U}i )
and Q7 (s, a) consistent. The thresholding step that defines Q(s, a) prevents the log likelihood
from taking on non-finite values. In order to make the bias introduced by thresholding vanish as
the sample size grows, we use a vanishing sequence 6,, | 0 of thresholding values.

Let €, 7 be the minimizer over R of the log likelihood Rfm for step 7. We fit the second-
stage models for ¢t = 1" — 1, ..., 1 by backward recursion, a procedure which we describe in more
detail in this paragraph. Start with observing that for all t = 1,..., T, and for all (s,a) € S x A,

1°(s,a) = Ex, [p1:e(Re + V79 (Se41))|Se = s, Ay = a]. This motivates defining, as outcome of
the rescaled logistic regression model for time step ¢, the normalized reward-to-go:

O = (R 4+ AV (eni1) (SE)) + A/ (2A).

Define V;™ (€) as the value function corresponding to the action-value function Q7" (), that is,
forall s € S, set V;™(e)(s) = Y e 4 Te(d'[)Q™" (€)(s, a’). We define the second-stage model
log likelihood for eacht =T —1,...,1 as

n

1 i) [ 7 X e, i) 4G
R0 =+ 3 A (0 s @F- ()57, 4

=1

(1= 09 log(1 — GF(6) (5, AE”))). @5)

The fact that the outcome in the second-stage logistic model at time step ¢ depends on the second-
stage model fit at time step ¢ + 1 is why we have to proceed backwards in time. This is why we
say this procedure is a backward recursion.

Finally, once all of the T" second-stage models have been fitted, we define the LTMLE estimator
of V"¢(s1) as follows:

Ve TMEE (51) i= VT (€n1) (1)
This idea of backward recursion we just exposed was initially introduced in Bang and Robins

[2005]. They called it sequential regression.
We present the pseudo-code of the procedure as Algorithm 2.1.
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Algorithm 2.1 Longitudinal TMLE for MDPs

Input: Logged data split DY), target policy 7., initial estimators Qfe, o Q}, discount factor
7.
Set Ap = 0 and ‘A/Y?r_‘;l = 0.
fort =Tto1do
Set Ay = maxy; |Ry| + vA:.
Set U, = (R, + 7‘%7-1:1 + A) /24
Set Q7" = threshold(d,,, (QT + A,)/2A,).
Compute €, ; = arg min, Rf{jt(e).
Set QT = 2A,(QT°" — 0.5).

Set, forall s € S,
Vre(s) = > meld]s)QF " (s, a).
a’eA
end forA
return V"¢ (€,1)(s1).

2.4.4 Guarantees and benefits

It might at first appear surprising that fitting the second-stage models, which amounts to simply
fitting the intercept of a logistic regression model, suffices to fully remove the bias. We nevertheless
prove that it does so in theorem 2.1 under mild assumptions. Theorem 2.1 requires assumption 2.1
stated in section 2.2 and assumptions 2-4 stated below.

Assumption 2.2. Forallt =1,....,T, 1y € [Fmin, T'max) almost surely.

Assumption 2.3. For allt = 1,...,T, the initial estimator Qfg converges in probability to some
limit Q100 : S X A — R, that is ||Qf; — Qtoollp2 = op(1).

Assumption 2.4. Forallt = 1,...,T, let (Q); o be the limit as defined in Assumption 2.3. Assume
there exists a (small) positive constant ) € (0,1/2) such thatVt and¥(s,a) € S X A, Q10(s,a) €

Assumption 2.5. Suppose there exists a finite positive constant M such that Vt, p1, < M almost
surely.

We can now state our main theoretical result, for the algorithm presented in section 2.4.3.

Theorem 2.1. Suppose assumptions 2.2, 2.3, 2.4, and 2.5 hold. Then the LTMLE estimator has
bias o(1/+/n), that is

Ep g, [V (51)] = Vi (1) = o(1/ V).
In addition, the LTMLE estimator converges in probability at rate \/n, that is

Vet TMEE (51) — Vi (s1) = Op(1//n).
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With a little extra work, we can also characterize the asymptotic distribution and the asymptotic
variance of the LTMLE estimator. In particular, we show in the appendix that, provided that Q”e
is consistent, our estimator attains the generalized Cramer-Rao bound and is therefore locally effi-
cient. We also argue that it is asymptotically equivalent with the doubly robust estimator Thomas
and Brunskill [2016], Jiang and Li [2015].

2.5 RLTMLE

In this section, we (1) present regularizations that can be applied to the LTMLE estimator, and (2)
describe our “final estimator”, which we call RLTMLE (standing for LTMLE for RL), and which
consists of a convex combination of regularized LTMLE estimators. The weights in the RLTMLE
convex combination are obtained following a variant of the ensembling procedure of the MAGIC
estimator.

2.5.1 Regularization and base estimators

We present three regularization techniques that allow to stabilize the variance of the LTMLE esti-
mator. The first two have a clear WDR analogue, while the third one only applies to LTMLE.

1. Weights  softening. For « € 0,1, = € R?,  define
soften(z,a) = (zf/ Zle ¥ : k = 1,...,d). The LTMLE algorithm corresponding
to softening level « is obtained by replacing, in the second-stage log likelihoods (2.4) and
(2.5), the IS ratios (pgz)t : 4 =1,..,n) by soften((pgz;)t : 4 =1,..,n),«a). The same
operation can be applied as well to the importance weights of the WDR estimator.

2. Partial horizon. The LTMLE with partial horizon 7 < 7" is obtained by setting to zero the
coefficients €, -, ..., €, 7 before fitting the other second-stage coefficients. This enforces that
the importance sampling ratios p;.; for ¢ > j have no impact on the estimator. The WDR
equivalent is to use the 7-step return g, .

3. Penalization. The penalized LTMLE is obtained by adding a penalty Ale,, ;| for some A > 0
to the the log-likelihoods (2.4) and (2.5) of the second-stage models.

The three regularizations can be applied simultaneously. A regularized LTMLE estimator can
therefore be indexed by a triple («, 7, \), where «, 7 and A denote the level of softening, the partial
horizon, and the level of likelihood penalization.

2.5.2 Ensemble estimator

Our final estimator is an ensemble of a pool of regularized LTMLE estimators, which we will
denote ¢, ..., gk, that correspond to a sequence of triples (ay, 71, A1), ..., (o, Tk, Aic) of regular-
ization levels. We set gx to be the unregularized LTMLE, that is we set (o, 7x, A ) = (1,7,0).
We ensemble the regularized LTMLE estimators g1, ..., gk by taking a convex combination of them
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that minimizes an estimate of MSE. The ensembling step closely follows that of the MAGIC pro-
cedure. We propose two variants of it, which we call RLTMLE 1 and RLTMLE 2, differing in how
we estimate the covariance matrix €2,, (defined in section 2.3) of base estimators ¢, ..., gk

RLTMLE 1. In this variant of RLTMLE, covariance estimation relies on the following prop-
erty of the LTMLE estimator. As we show in the appendix, the difference between a regularized
LTMLE estimator with regularization parameters (a, 7, A), and its asymptotic limit is given by
n~' " EIF(Q, o, 7, \)(H;) +op(n~'/?), where EIF is the efficient influence function, presented
in the appendix, whose expression is given by

EIF(Q™, a, A, 7)(h)
T A~

= th,ot X (re + YV (€nesr) (Se41)
=1

- QZ& (€n,t)(se, at)) ;

where, for all ¢, €, ; is the maximizer of the regularized version of the log-likelihood (2.5), that is
expression (2.5) where p; is replaced with soften(p;, «) and penalized by A|e|. Denote EIF,(h) =
EIF(Q, oy, A, 7i:) (h), the EIF corresponding to estimator g;. We use as estimate of the covariance
matrix €2, the empirical covariance matrix €, of (EIF; (H), ..., EIFx (H)).

RLTMLE 2. In this variant of RLTMLE, an estimate of the covariance matrix €2,, of the base
estimators g = (g, ..., gx') is obtained by computing bootstrapped values g\, ..., g(?), of g, for a

large enough number of bootstrap samples B, and computing the empirical covariance £2,, matrix
of g, ... g,

Bias estimation. We follow closely Thomas and Brunskill [2016] for bias estimation. For
k = 1,..,K, denote b, the bias of estimator gx, and b,, := (b,1,...,bn k). Denote CI(«)
the a-percentile bootstrap confidence interval for the LTMLE estimator. In both RLTMLE 1 and
RLTMLE 2, for each £ = 1, ..., K, estimate the bias b, ; with l;nk := dist(gg, CI(«)). Denote
b, == (bn1, ..., bnx).

Because of space limitation, we only give a pseudo-code description of RLTMLE 2, which is
our most performant algorithm, as we will see in the next section.

2.6 Experiments

In this section, we demonstrate the effectiveness of RLTMLE by comparing it with other state-
of-the-art methods used for OPE problem in various RL benchmark environments. We used three
main domains, with detailed description of each allocated to the Appendix. We implement the same
behavior and evaluation policies as in previous work Thomas and Brunskill [2016], Farajtabar et al.
[2018].



36

Algorithm 2.2 RLTMLE 2
Input: Logged data split DY, target policy 7., initial estimator Q”e = ( A’f, e A?), dis-
count factor 7, triples of regularization levels (ay, 71, A1), ..., (o, Tk, Aic ), number of bootstrap
samples B.

forb=1to B do
Sample with replacement from D) a bootstrap sample D*).
for k. =1to K do
Compute g,(gb) by running algorithm 2.1 with inputs D*(®), Q, ., v, using regularizations
levels (a, Tk, Ak )-
end for
end for
for k. =1to K do
Compute g;, by running algorithm 2.1 with inputs D!, Q, ., 7, using regularizations levels
(O%,Tk,Ak)
for | =1to K do
Qs =0 270" = (2 0”) (n 2 a).
end for
CI(a) « [percentile({g,” : b}, ), percentile({g” : b}, 1 — a)].

~

by < distance(gg, CI(v)).

end for
& < arg min lazTQ x+ (x'b,)?
0<z<1 n " o
zT1=1
=T
return  g.

1. ModelFail: a partially observable, deterministic domain with 7" = 3. Here the approximate
model is incorrect, even asymptotically, due to three of the four states appearing identical to
the agent.

2. ModelWin: a stochastic MDP with 7" = 10, where the approximate model can perfectly
represent the MDP.

3. GridWorld: a 4 x 4 grid used for evaluating OPE methods, with an episode ending at
T = 100 or when a final state (s16) is reached.

We omit benefits of RLTMLE over IS, PDIS (per-decision IS), WIS (weighted IS), CWPDIS
(consistent weighted per-decision IS) and DR (doubly robust) estimators due to the extensive em-
pirical studies performed by Thomas and Brunskill Thomas and Brunskill [2016]. Instead, we
compare our estimator to WDR and MAGIC, as they demonstrate improved performance over all
simulations in benchmark RL environments considered Thomas and Brunskill [2016].

In evaluating our estimator, we also explore how various degree of model misspecification and
sample size can affect the performance of considered methods. We start with small amount of
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Figure 2.1: Empirical results for three different environments and varying level of model mis-
specification. (a) GridWorld MSE across varying sample size n = (100, 200, 500, 1000) and bias
equivalent to by = 0.005 x Normal(0, 1) over 71 trials; (b) ModelFail MSE across varying sample
size n = (100, 200, 500, 1000) and bias equivalent to by = 0.005 x Normal(0, 1) over 71 trials;
(c) ModelWin MSE across varying sample size n = (100, 500, 1000, 5000, 10000) and bias equiv-
alent to by = 0.005 x Normal(0, 1) over 63 trials; (d) ModelWin MSE across varying sample size
n = (100, 500, 1000, 5000, 10000) and bias equivalent to by = 0.05 x Normal(0, 1) over 63 trials.

bias, by = 0.005 x Normal(0, 1), where most estimators should do well. Consequently, we increase
model misspecification to by = 0.05 % Normal(0, 1) at the same sample size, and consider the
performance of all estimators. In addition, we test sensitivity to the number of episodes in D with
n = {100, 200, 500, 1000) for GridWorld and ModelFail, and n = {100, 500, 1000, 5000, 10000)
for ModelWin.

In addition, we consider the benefits of adding few regularization techniques as opposed to
all three described in subsection 2.5.1. In particular, we concentrate on RLTMLE with only
weight softening and partial LTMLE (RLTMLE 1) as opposed to using penalized LTMLE as well
(RLTMLE 2). The goal of these experiments was to demonstrate the improved performance of our
estimator when fully exploiting all the variance reduction techniques in a clever way. The MSE
across varying sample size and model misspecification for GridWorld, ModelFail and ModelWin
can be found in Figure 2.1. We can see that RLTMLE 2 outperforms all other estimators for all RL
environments and varying levels of model misspecification.

Finally, we compare WDR and LTMLE base estimators augmented with various regulariza-
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(a) ModelWin low bias (b) ModelWin high bias
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Figure 2.2: Comparison of WDR and LTMLE base estimators across various regularization meth-
ods in ModelWin at low (by = 0.005 x Normal(0, 1)) and high (by = 0.05 x Normal(0, 1)) model
misspecification. Regularized base estimators include ps LTMLE (partial, softened LTMLE), ps
WDR (partial, softened WDR), psp LTMLE (partial, softened, penalized LTMLE), s LTMLE (soft-
ened LTMLE) and WDR (no regularization). The x-axis indicates the id of the k" estimator, cor-
responding to (ay, Ag, 7% ). (a) ModelWin MSE for sample size n = 1000 and low bias over 315
trials; (b) ModelWin MSE for sample size n = 1000 and high bias over 315 trials.

tion methods before the ensemble step in Figure 2.2. In particular, for ModelWin, we look at
the MSE of V(e 1)(s1) and g, for each k, where the k™ estimator corresponds to regular-
ization (ay, \g, 7). Regularized base estimators considered include ps LTMLE (partial, softened
LTMLE), ps WDR (partial, softened WDR), psp LTMLE (partial, softened, penalized LTMLE), s
LTMLE (softened LTMLE) and WDR (no regularization). We note the vast improvement of WDR
just by adding weight softening across all base estimators, evident for both low and high model
misspecification setting. For the low bias environment of ModelWin, psp LTMLE (RLTMLE 2)
uniformly outperforms all competitors for all k. High bias setting loses to s LTMLE for low £, but
still outperforms majority of the time, including having the best ensemble MSE. While uniform
win over all k£ is not necessary, we note that this behavior stems from the fact that for £ < 3,
(v, Ak, 1) used had very small 75, and ;. As such, with no strong debiasing effect of LTMLE,
minimizing variance becomes more effective with respect to minimizing MSE.

2.7 Conclusion

The contributions we make in this chapter are essentially two fold. Firstly, we derive the EIF of the
value of a counterfactual policy, w.r.t. the DTR model, and we provide a representation of under
the MDP model. We use this representation to derive the TMLE of the value of a counterfactual
policy.

Secondly, we propose several regularized versions of this the TMLE. We combine them through
a variant of the MAGIC [Thomas and Brunskill, 2016] ensemble learning procedure, in which
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unlike in the original version, we use the bootstrap to estimate the covariance matrix of the library
of regularized estimators.

Our simulations show that the resulting estimator outperforms the existing methods at the time
of publication of the original article, in particular the estimator proposed by Thomas and Brunskill
[2016].

Other works [van der Laan et al., 2018], Kallus and Uehara [2019] (subsequent to the original
article this chapter is based upon) investigate the efficient influence curve of the OPE target in RL
w.r.t. the MDP model. Since this model is strictly contained in the DTR model, the efficiency
bound is smaller. Furthermore, they show that the variance of the efficiency bound for the horizon
T MDP model scales as 7', therefore allowing v/7" asymptotic normality from a single trajectory.
Note that the efficient influence function in the MDP model isn’t double robust. van der Laan and
Malenica [2018] have introduced an alternative target parameter for which it is possible to obtain
robust estimators in the MDP model and v/7" asymptotic normality. While this latter parameter has
a clear interpretation, it might not be satisfactory for practitioners inquiring about the usual OPE
target. It might be worthwhile for future work to investigate the impact on empirical performance
of the loss of robustness due to working with the EIF in the MDP model as compared to using
the estimators proposed in the present chapter. We expect that the comparison would certainly
be nuanced, with the present estimators doing better in situation with relatively short horizons,
high number of i.i.d. trajectories and high outcome model misspecification, while locally efficient
estimators in the MDP model will certainly do best in the opposite situation.

We further discuss efficient estimators in the MDP model in chapter 7.
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2.A Appendix organization

This appendix is organized as follows. In section 2.B, we prove theorem 2.1, which characterizes
the statistical properties of the simplified algorithm presented in the main text of the article. Al-
though we have also derived a more advanced and efficient version of the LTMLE estimator, which
we introduce in section 2.D of this appendix, we choose to present the simplified version first, so
as to convey the key ideas of the theoretical analysis without burdening our reader with too many
technicalities.
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In section B, we derive the EIF of the policy value, a necessary preliminary to establishing the
semiparametric efficiency of DR estimators.

In section 2.D, we present a more advanced version of the LTMLE estimator, which makes
better use of the data. This results in a constant factor speed-up of the convergence rate. This more
advanced algorithm also relies on sample splitting, but fits each second stage model using the full
sample, insteasd of just using a split of the full sample.

Note on notation. So as to lighten notation, we will drop the 7. superscript.

2.B Theoretical analysis of the simplified sample splitting based
algorithm

In this section, we walk our reader through the theoretical analysis for the algorithm derived in
section 2.4.3. We outline the steps of the proof in the proof sketch below. We then state the four
main lemmas on which our proof relies, and then present the formal proof.

Proof sketch. The first fact underpinning our proof is that for any of candidate action-value Q' =
(@, ..., Q) and corresponding value functions V' = (V/,..., V), the difference between the
candidate and the true value function at time point ¢ = 1 can be decomposed as follows:

Vi(s1) = Visi) = - / D(Q))(h)dP™(h), 2.6)

where D(Q')(h) = YL, Di@Q) (k). with Dy(Q)(B) = pra(R)(ry + AV}, (s141) — Qilsivar).
This is formally stated in lemma 2.1 below. For non-random functions )" and V' note that the
RHS of (2.6) is equal to —Ep ., [D(Q")].

The second fact our proof relies on is that the estimators Q(en) resulting from the fitting of the
parametric second stages verify the following equation:

3" D@ ) =0 @)

This is formally stated in lemma 2.2 below. The argument in the proof of lemma 2.2 can be simply
summarized as follows. For each t, D;(Q(e,,)) is the score function of the log likelihood of the
second-stage logistic model for time point ¢.

The third fact we use in our proof is that €,, converges in probability to some limit €.,. Heuristi-
cally, the reason why this is the case is that, due to the convergence of Qn to (D, the log likelihoods
of the second stage models converge to a limit, which in turns implies that their arg min €,, converge
to the arg min of their limit. We make this rigorous in lemma 2.3 below.

Using the first two facts stated above, we obtain, by adding up equations (2.6) and (2.7), that

the difference between our estimator V;Z"MLE (¢,,)(s,) and the truth V; (s ) is

VIETMEE () (s1) — Vi(s1)
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Using the third fact stated above, that ¢, converges to some ¢,,, motivates rewriting the above
display as

—/D@@MW—D@@MMWWM- 2.8)

~

Denote 7 the sample split on which the initial estimators are fitted. Since h — D(Q(ex))(h) is a
non-random function conditional on T,
i D(Q(es0))(h)dP™(h) = Ep,,[D(Q(es))|T]. Therefore, applying the Central Limit theorem
conditional on 7 gives us that the first line of the RHS in the above display is asymptotically nor-
mally distributed and is of order Op(1/y/n). As we will show in the formal proof, this also holds
after marginilazing w.r.t. 7.

The term formed by the second and third lines in the RHS of the above display can be shown
to be 0p(1/+/n). This is formally stated in lemma ?? below. O

The following lemma gives a useful decomposition of the difference between any candidate
state-value function V] and the true state-value function V.

Lemma 2.1 (First order expansion). Consider Q)' = (Q, ..., Q%) a candidate vector of action-
value functions S x A — R for polict 7, and let V' = (V], ..., Vi) the corresponding vector of
state-value functions under ., that is, for all t, s € S, V/(s) = >, 4 Te(d'|5)Q}(s, a’). Denote
Q = (Q,...,Qr) and V= (V4,..., V) the true action-value and state value functions under
Te. For all t, for all h € H, denote p',(h) an importance sampling ratio for time point t and
trajectory h, not necessarily equal to the true importance sampling ratio. Denote p = (p1, ..., pr)
and p' = (p, ..., p'r). We have that

Vi(s:) = Vils) == [ D(s.Q)(map™(n)
- [ Rem(p. Q. 0P 1),

where

T

D(p/a Q/)(h) = Z Dt(p/7 Q/)(h>

t=1
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and
T
Rem(p, p',Q,Q")(h) = Z Remy(p,p’,Q,Q")(h)
t=1
with
Dy(p', Q) (h) =~ o (h) (re + Vi (s041)
- QQ(Sta at)),
and

Remt(pv pla Q7 Q,)<h)
= 7" (pra(h) = p1u(h)) (Qe(st, ar) — Qi (st ar)
+ (Viga(se41) — Vi1 (5041)))-

From the expression in the RHS of the above display, it is immediately clear that
Remy(p, p',Q,Q")(h) =0
ifp=porQ=0q"

The lemma below shows that the maximum likelihood fits €, ; of the second-stage parametric
models solve a certain equation, termed score equation in statistics.

Lemma 2.2 (Score equation). Consider the simplified LTMLE algorithm described in section
24.3. Foreacht =1, ...,T, the maximum likelihood fit €, ; satisfies

Z Dt(pl:ta Q(ent))(H'L) = 0.
i=1
The following lemma shows that the vector €,, = (€1, ..., €, 1) of the maximum likelihood fits

of the second stage models converges in probability to a limit.

Lemma 2.3 (Convergence of €,). Make assumptions 2.2, 2.3, 2.4 and 2.5. Then, there exists
€00 € RT such that

€n — €0 = 0p(1).

The following lemma allows to bound the last two lines of the RHS in (2.8) from the proof
sketch above.

Lemma 2.4 (Equicontinuity). Denote, for all h € H, € € R, Q' and p/

9:(@' p)(h) = D(Q'(€), p) (),
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where ()’ and p' are possibly random. Suppose Hy, ..., H, are i.i.d. trajectories drawn from P™.
Suppose further that Hy, ..., H,, are independent from the potentially random functions Q)" and p'.

Suppose €, L €. for some €. Then
1 n
~> 94, (Q ) (H:) — / 9e,(Q', p") (R)dP™ (h)
i=1

30 @) = [ 90 Q)P B

We now present the formal proof of theorem 2.1.

Proof. From lemma 2.1,
‘A/lTMLE(Sl) - ‘/1(31) - _PﬂbD(Qn(en)ap)'

Since from lemma 2.2 we have P,(D(Q,(¢,), p) = 0, we can add this latter identity to the above
display, which yields
VIPMEE(s1) = Va(sn)

—(Py = P™)D(Qn(en), p)
:(Pn - ij)D(QOO(EOO)a p)
+ (B = P™)(D(Qoo(€xo), p) = D(Qulen), p)). (2.9)

From the Central Limit theorem applied conditionally on 7,

Vi((P, = P™)D(Quo(€xx), p))

% N (0,0%(Qulec),
with

0*(Qoo(€xc)) = Varpm (D(Qu(ex), p)).

Using dominated convergence on the c.d.f. on the LHS,

V(P = P™)D(Quo(€xc), )

L N(0,0%(Quo(ex))

also holds true unconditionally. As proven in section B, the variance of the D((Q)(€x), p) is the
efficient variance from the Cramer-Rao lower bound, provided (Q.(€,) = @, that is provided
the initial estimator’s model is correctly specified. This is the notion of local efficiency from
semiparametric statistics Robins and Rotnitzky [1995], van der Laan and Rubin [2006].
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From lemmas 2.3 and 2.4, the line (2.9) is 0p(1//n).
Therefore, we have that

Va(VIMEE (51) = Vi(s1)) % N(0,0%(Quolex)),

and that

Epny [VIPMEE (1) = Va(s1)| = o(1/v/m).

2.B.1 Proof of lemma 2.1

Proof. Let H ~ P™ . If ()', V' are random functions, further suppose, without loss of generality,
that H is independent of () and V. Denote G a o-field such that @', V' are G-measurable.

Step 1. Observe that
P™D(Q',p") = P™D(Q', p) + PP*(D(Q', p') — D(Q', p)).
Step 2: First order term. Observe that
P™D(Q', p) = Ep=[D(Q', p)(H)|G].

Forallt > 1,...,T, denote F; the o-field induced by Si, Ay, Ry, ..., S, A;, R;. Observe that

Epﬂb [Dt(Q/7 p)(H)‘Stv Ata E—l? g]

=" Epm [pra(Re + 7V 1 (Ses1)

- Q;(Sh At))|St7 At: ft—lv g]
= ’Vtilpl:tEP[Rt + YVii1(Sts1)

- QQ(SD At)‘sty At7 g}
+ 7 pra Ep[(Vi1 (Ser1) = Vi1 (Se1))[Se, Ar, G-

Recall that by definition of @), we have that Ep[R; + vV;1(Si11)|St, Ar] = Q¢(Si, Ay). Inserting
this in the last line of the above display yields

Epﬂb [Dt<Q/7 p)(H)|St7 Ata ‘E—l) g] ==

Vt_lplzt(Qt(St, Ap) — Q4(Sh, Ay))

+ ”Ytpl:tEP[V;rl(StH) — Vi1 (Se41)|5, A, G. (2.10)

We take the expectation conditional on S;, F;_1, G of the first term in the right-hand side of the
above display:

Epm, [’Ytilpl:t(Qt(Sh At) - QQ(St, At)) |St7 -7:13—17 g]
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= 4" p14-1Epm, [0 (Q1(Sy, Ar) — Q1S Ar)|S1, G
=" P11 Epr [(Qu(Sh, Ae) — Q1(Si, A1), G
=711 (Vi(Se) — V/(Sy)). 10

The second equality above uses that, for all G-measurable function f,

EP,m [Ptf(sb At)‘Sn g] = EP,TI'E [f(St, At)’Sta g]-

The third equality follows from the relationship between the value function and the action value
function.
Using the law of iterated expectations, and identities (2.10) and (2.11) yields

Epm,[Di(@Q', p)(H)|G]

= Epn [Epx, [Di(Q', p)(H)[St; Ar, Fi-1, G|G]

= Epx [V 014(Qu(St, Ar) — Q1S Ay)) ]

+ Epn, [V 014 Ep[VY1(St41) — Vi1 (Si41)|Sh, Ay, GlIG]
= Epr[Epn, [’Yt_lﬂlzt(Qt(St, Ay)

— Qy(St, A)| S, Fi-1, Gl1G]

+ Epr, [’thl t(Vi1(Sir1) = Vig1(Se41))|9]

= Epnr, [7 pri—1(Vi(Sy) — V/(Stmg]

+ Ep [V 01:4(Vi1 (Ser1) — Vira (Se11))1G)

Using the above expression in the definition of D(Q’, V") yields

Epx[D(Q, p)(H)|G]
= Z Ep,[7 pra(Viea (Ser) = Vi (Sis))

— 7 1 (V) (Sy) — Vi(S)19]
=Epn [V 11 (Vi1 (Sri1) — Vs (St41))
— pro(Vi(s1) — Vi(s1))|9]
= — (V{(s1) = Vi(s1)),

where we have used that by convention V7 | (S7r41) = Vry1(Sr41) = 0 and pro = 1.

Step 3: remainder term. We similarly show that P™(D'(Q’, p) — D(Q', p)) = Rem(Q, Q’,
psp')- O

2.B.2 Proof of lemma 2.2

We present a proof sketch in this subsection. The complete formal proof is presented in the case
of the full algorithm in section B.
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Proof sketch. The result essentially follows from the following two facts:
« The score of the logistic likelihood of the second stage model for time point ¢ is P, D,(Q, p),

* A maximum likelihood fit solves the empirical score equation.

2.B.3 Proof of lemma 2.3

We present a proof sketch in this subsection. The complete formal proof is presented in the case
of the full algorithm in section B.

Proof sketch. The convergence of Q10 Qo implies the pointwise convergence of the log likelihood
risk R, + to some asymptotic risk R, ;. The fact that Q. € [§,1 — ] C (0, 1) (in other words,
that (). is bounded away from 0 and 1) implies that the asymptotic log likelihood risk R ; is
strongly convex. This implies it has a unique minimizer €., ;. We then show in the formal proof that
since R, ; are a sequence of convex functions that converge pointwise in probability to a strongly
convex function minimized by e, the sequence of their minimizers e, ; converges in probability
t0 €00 t L]

2.B.4 Proof of lemma 2.4

The proof of lemma 2.4 relies on the following three technical lemmas. Recall the following
definition: for all Q' p', h € H, € € R,

9:(Q', p')(h) = D(Q'(€), ') ().

Lemma 2.5. Assume that 0 < p),(H) < M almost surely for allt = 1, ...,T. Make assumption
2.2 on the range of the rewards. Then for all ¢ € R,

19:(Q", )| o (pmvy < BMT,

and for all €, ¢5 € RT

196, (Q", ") = 9e,(Q' P) | Lo Py < 2MT €1 — €3]] 0o

For any €5 € R, and any £ > 0, define the class of functions

Q(Qlu pl)(607 f)
= {9:(Q', 0) = 96 (@' )+ |le — €ollos < &3
The next lemma characterizes covering numbers of this class of functions. Covering numbers are

a measure of geometric complexity whose definition we recall here (we reproduce the definition
2.1.6. from van der Vaart and Wellner [1996]).
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Definition 2.1 (Covering number). The covering number N (¢, F, || - ||) is the minimal number of
balls {g : || f — gl < €} of radius € needed to cover the set F.

Lemma 2.6. For any o > 0, for any probability distribution A on H,

N{a, La(A), Gleo, €)) < (@)

a
with L = 2MT.

Proof. Consider the set

e e
(60,1 + 2157 s €07+ ZTZ)

Vt=1,..T, iy e ZN {—g—L,g—L} }

(0% 0%

Observe that for any f. = ¢.(Q',p0") — 9,,(Q",p) € G(Q',p')(eo,&), there exists an fo :=
9o (@', p') — 9, (@', p') in the set above such that ||¢ — €||.c < «/L. From the second claim

in lemma 2.5, for all h € H, |fo(h) — fe(h)|] < a. Therefore, for any probability distribution A
over H,

[ fer = fell Loy = (/(fe’(h) B fE(h))2dA(h))1/2
<a.

Therefore the set defined above is an a-cover of G(eg, £)) for the norm Lo(A). Since this set has at
most (2¢;,/a)T elements, this proves that

N0, La(A), G(eo, ) < (@)

«

]

The covering numbers characterized in lemma 2.6 are the basis for another measure of geo-
metric complexity of a class of function, the uniform entropy integral, whose definition we recall
below (see also van der Vaart and Wellner [1996]).

Definition 2.2 (Uniform entropy integral). Consider a class of functions X — R. Let ' : X — R
be an envelope function for F, that is a function such that for all x € X, |f(x)| < F(x). The
uniform entropy integral of F, w.r.t. the envelope function F' and Lo, norm is defined, for all 5 > 0
as

JF(Ba‘FvLQ)

B
::/ sup \/log(l + N(o||F||az2, L2(A), F)de,
0 A

where the supremum is over all discrete probability distributions on X.
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The following lemma characterizes the uniform entropy integral of G(eg, £).

Lemma 2.7. Let 3 > 0. Denote L = 2MT. The function Iy : h — L& is an envelope function
for G(eo, ). The uniform entropy integral of G(ey, £) w.r.t. the envelope function F¢ and for the Ly
norm is upper bounded as follows:

Jri(8,G(c0,€), Lz) = O (T8y/10g(1/5))
Proof. For every probability distribution A on #, || F¢|[a 2 = L. From lemma 2.6,
N (o[ Fell2,a, La(A), G(eo, €)) < (2/a)".

Therefore,
B
i, (3.9(e0.€), 1) < | VioB(1+ (2/a)Tda
0
=0 (75+/108(1/5) ) .
where the second equality above follows from an integration by parts. O

Finally, we prove the lemma 2.4. The proof relies on a classical result in empirical process
theory. We first introduce the relevant definitions and the relevant result before stating the proof of
our lemma.

Definition 2.3 (Empirical process and empirical process notation). Consider X' ,3, P') a probabil-
ity space and let X1, ..., X,, be n i.i.d. draws from P'. Let F be a class of functions X — R. For
all f € F, define the so-called “empirical process notation”

Pfo— /f(h)dP’(h).

Denote P, :=n"'Y"" | 0, the empirical probability distribution associated to the sample X, ...,
X,. Observe that using the empirical process notation defined above, we have that P,f =
n~t 37" | f(Xi). The stochastic process

{(Pn—P)f:[eF}
is termed the empirical process associated to P’ and n indexed by F.

We restate here the classical empirical process result van der Vaart and Wellner [1996] we will
use to prove lemma 2.4. (This is lemma 2.14.1 in van der Vaart and Wellner [1996], for p = 1 in
their notation.)

Lemma 2.8 (Pollard’s maximal inequality, vdV-Wellner 1996 2.14.1). Consider X, 3, P') a prob-
ability space and let X1, ..., X,, be n i.i.d. draws from P'. Let F be a class of functions X — R.
Let F be a class of functions X — R with envelope function F'. Then

EP/[?“JQ Vi|(Py = P fI] S Jr(L, F, L) || F|| Ly (pry-
S
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We now have all the ingredients to prove lemma 2.4.

Proof of lemma 2.4. Recasting the claim of lemma 2.1 in terms of empirical process notation, we
want to show that

V(P = P™)(ge, (@', ) = 9e, (@', 0')) = 0p(1).

Let k > 0, v € (0,1/2). Define, for all £ > 0, the following two events:

£1(8) = {llen — €xclloc <&}

and
E(8) =
{ s V(Py— P 0@ ) — 9o (@)

€
le—€oolloo<§

<x}.

The function F : h — £L is an envelope function for G (e, £). By Markov’s inequality and lemma
2.8 applied with the uniform entropy integral bound given in lemma 2.7, we have that

1 — P™[&(8)]
=P™ [/n|(Po = P™)(96,(Q' /') = 9 (Q', )| = K]
<k Epm, [Va|(Py = P™)(ge, (@', 0)) — 9 (@', 0))]
<k 'Jp(1,G(€0, &), La)|| Fe||2,a
<Kk €L,

for some constant /. Set { = x7y/(2K L). Then, from the above display P™[Ey(kvy/(2KL))] >
1—~/2.

Besides, since ¢, Lt €so, there exists ng such that for all n > ng,
P& (ky/(2KL))] > 1 — /2. Observe that if & (ky/(2KL)) N E(ky/(2K L)) is realized,
then

V| (P, = P™)(9e,(Q', p') — 9en (@' 0'))| < K.

Using a union bound, we have that, for all n > ny,

P [Vn|(P = P™)(96,(Q',0) = 9e. (@', 0))| < K]
>1— (1= P™[&(ry/(2KL))))

— (1= P"[&(r7/(2KL))))
>1—.
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Recapitulating the above, we have proven that for all x > 0, v € (0, 1/2), there exists ng such that
for all n > ny,

P [Vl(Py = P™) (90, (@ ) — 9 (@ )] < ]
>1—.

In other words, we have thus proven that

Vil(By = P™)(9e,(Q', ') = 9ese (@, 0)| = 0p(1).

which concludes the proof. [

2.C Efficiency and efficient influence function derivation

In this section we show that our estimator is optimal in a certain sense. Specifically, we show that it
is locally semiparametric efficient. We will introduce our reader to the notions from semiparametric
statistics necessary to understand and prove semiparametric efficiency of an estimator.

In particular we will introduce the concept of efficient influence function (EIF). Deriving the
EIF is the cornerstone of the efficiency analysis. It is also key to the construction of the estima-
tor: in semiparametric statistics, looking for the EIF is typically the starting point for building an
efficient estimator.

Deriving the EIF in the general MDP setting is one of the main contributions of this work.

Note that the presentation of the notions of semiparametric inference is heavily drawn from
?, and entails no novel contribution of our part. We wrote it so as to make this appendix a self-
contained document for the reader non-familiar with semiparametric statistics.

2.C.1 Introducing notions of optimality from semiparametric statistics

The notions of optimality we are about to introduce are relative to both the estimand and the
statistical model. The statistical model M is the set of probability distributions we believe to
contain the true data-generating mechanism, which we will denote F,. We will typically denote P
an arbitrary element of M. The larger the model, the more realistic it is that it contains the truth,
but also the larger is the variance of estimators over this model.

The first notion of optimality we introduce is the notion of efficiency [cite Kosorok]. An estima-
tor is efficient at P, if, were the true data-generating mechanism to be P, it would have the lowest
variance among a certain class of estimators, namely the class of estimators that are regular at P
w.r.t M. We define formally the notion of a regular estimator at P w.r.t. M below. The concepts
of regularity, efficiency and semiparametric efficiency that we are about to introduce are defined
relative to P and to M, but they really only involve M through its geometry in a neighborohood
around P. Even more so, these notions only involve M through its so-called tangent space at P,
which we will denote Ty (P).

We now proceed to stating the formal definitions. In all of this section, we will assume for
simplicity that all probability distributions are dominated by the same measure p. Definitions will
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be stated accordingly, but our reader should be aware that some of them can be extended to the
case where there is not a single dominating measure .

Definition 2.4 (Statistical model). A statistical model M is a collection of probability distributions
{P € M} on a sample space X.

Usually, we suppose that the true data-generating mechanism, that we will denote Fj in this
section, belongs to the statistical model.

In the reinforcement learning setting of this article, the statistical model is a collection of prob-
ability distributions over the space of trajectories H. Any probability distribution P over H can be
factored as follows:

with Q = Hthl Qi and 7w = Hle ¢, and where (), is the conditional distribution of R;, S,,1 given
S, Ay and T, is the conditional distribution of A; given S;. Since we know the logging policy, our
statistical model supposes that for any of its elements P, 7 is equal to the known value of the
logging policy. We therefore write our statistical model as indexed by the known value of the

logging policy:
M(m) =

T T
{P:HQth:‘v’t: 1,..,T, Q EMQ,t}
=1 1=1
:{PZQ?TZQGMQ}»

with Mg = Mg X ... x Mg r. We suppose that the model is fully nonparametric, that is for
every t, Mg is equal to the set of all conditional probability distributions Pg, s, |s,,4,-

Definition 2.5 (Estimand / target parameter). The target parameter mapping, which we denote VU,
is a map defined on the statistical model M, with values either in R? for a certain d, or in some

function space. The estimand or target parameter is this map evaluated at the data-generating
distribution: VU (Fp).

In the setting of this article, for every probability distribution P = Qm over H, the target
parameter mapping at P is defined as W(P) = Ep_p,, [>°7, 7' Ry]. Note that this expression

doesn’t depend on 7, so we can write W(P) = ¥(Q) for a mapping ¥ thus defined.

Definition 2.6 (Estimator). For any sample size n, an estimator U, is a mapping of the sample
space H" to the space of the target parameter/estimand.

Definition 2.7 (One-dimensional submodel). A one-dimensional submodel of M that passes
through P in 0 is a subset of M of the form {P. : € € [—n,n|}, for some n > 0, such that
Pe:(] - P
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Definition 2.8 (Score of a one-dimensional parametric model). The score in €, for any €, of a one-
dimensional parametric model { P, : €} is the derivative of the log-likelihood w.rt. €, evaluated at
€o- Denoting it s, the score is the function defined, for all x in the sample space X,

_ dloa(dP./dp) ()
de

s(x)

€=€p

Definition 2.9 (Tangent space). The tangent space of a statistical model M at P, which we denote
T (P) is the linear closure of the set of score functions of all of the one-dimensional submodels
of M that pass through P. Formally,

Tr(P) = Span(S(M, P)),
with
S(M,P) =

AP, : €} I-dim. submodel of M,

e=0

{ dlog(dP./dp)
de

Py = P}.

Definition 2.10 (Regularity). Suppose the data-generating distribution is P, for some P € M. An
estimator is regular at P w.r.t. M if, for any one dimensional submodel { P. : €} of M such that
P._o = P, the asymptotic distribution of

ViU, = U(Pym)

is the same as the asymptotic distribution of
\/ﬁ(\i}n - \I/(P ))

It is the understanding of the authors of this article that non-regular estimators at P correspond
either to pathological estimators or pathological P’s.

Definition 2.11 (Efficiency). An estimator is a locally efficient estimator of V(P) at P w.r.t. M if
it has smallest asymptotic variance among all regular estimators of V(P) at P w.r.t. M.

Definition 2.12 (Generalized Cramer-Rao lower bound). Consider a one-dimensional model { P. :
€} such that P._y = P. From classical parametric statistics theory, an regular estimator V,, of
U(P) w.rt. {P. : €} has asymptotic variance greater than the Cramer-Rao lower bound vor({ P :

c})
lim nVarp(,) > ver({P. : €}) = %

d¥(P,)
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where Z(P) = Ep [d2 log(dp/d“)(x) |- } is the Fisher information of the model { P, : e} at e = 0.
For a statistical model /\/l, the generalized Cramer-Rao lower bound vgcog for V(P) w.r.t. M,
is the sup of the Cramer-Rao lower bound over the parametric submodels of M through P:
vaor(M) = sup vor({P. : €}).
{Pe:¢}CM,Pe—o=P
A parametric submodel whose Cramer-Rao lower bound is equal to the generalized Cramer-Rao
lower bound is called a least-favorable parametric submodel.

Definition 2.13 (Semiparametric efficiency). An estimator U, is a locally semiparametric effi-
cient of V(P) w.r.t. M if it is consistent for V(P) and if its asymptotic variance is equal to the
generalized Cramer-Rao lower bound, that is if

lim nVarp(¥,) = voar(M).

n—oo

If there exists a least-favorable parametric submodel, a semiparametric efficient estimator has the
same asymptotic variance as the last-favorable parametric submodel.

2.C.2 Proving that an estimator is semiparametric efficient

In this section, we present a sufficient condition for an estimator to be locally semiparametric
efficient. Checking this condition is a standard approach to proving that an estimator is locally
semiparametric efficient.

The condition requires a certain characteristic of the estimator, the influence function (IF), and
a certain characteristic of the estimand and the model, the efficient influence function (EIF) to
be defined and equal. The IF of an estimator is defined if the estimator satisfies the asymptotic
linearity property. The EIF at P w.rt. M of the estimand W (P) is defined if the estimand is
pathwise differentiable at P w.r.t. M.

Definition 2.14 (Asymptotic linearity and IF). An estimator T, : X" — R, based on i.i.d. sample
X1, ..., Xy, of a parameter V(P) is asympototically linear at P, with influence function D(P) :
X = Rif

\i/n ZD +OP( 1/2).

Definition 2.15 (Pathwise differentiability, gradient, and EIF). The target parameter mapping/the
estimand W is pathwise differentiable at P, w.r.t. M, if there exists a function D°(P) € Ly(P),
(where LY(P) = {f € Lo(P) : Pf = 0}), such that, for all parametric submodel {P. : ¢} C M,
with score function S at € = 0 such that P._, = P, we have that

dqjd(ep ‘) L:O = P{D°(P)S}.

If it exists, D°(P) is called a gradient of ¥ at P w.r.t. M. The efficient influence function of U at
Pw.rt. M, also called canonical gradient is the unique gradient of V at P w.r.t. M that belongs
to Ty (P)
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Proposition 2.1. The EIF is the projection on Tx(P), for the L?(P) norm, of any gradient.

Proposition 2.2. Consider P € M Suppose U, isa regular estimator of V(P) w.r.t. M, and that
it is asymptotically linear with influence function D(P). Then U is pathwise differentiable at P
w.r.t. M and D(P) is a gradient of V at P w.r.t. M.

Theorem 2.2. If a RAL estimator has IF the EIF of the target parameter at P, then it is locally
semiparametric efficient at P for the target parameter.

These results suggest the following strategy to find the efficient influence function of a target
parameter: find a RAL estimator of the target, observe that its IF is a gradient, obtain the EIF by
projecting the gradient onto the tangent space.

2.C.3 Explicit derivation of the EIF

Proof. We proceed in three steps.

Step 1: Finding a gradient. Denote V(P) = V[ (s1). Consider

% ZVPuRt :

i=1 t=1

Observe that

where D°(P)(h) = 3", ' pre(h)re — W(P).

Therefore D°(P)(h) is the influence function of the estimator ‘ifg at P. It is straightforward to
check that \ilg is regular. Therefore, from proposition 2.2, ¥ is pathwise differentiable at P w.r.t.
our statistical model M(7) and D°(P) is a gradient of ¥ at P w.r.t. M(7)

Step 2: Identifying the tangent space. Since we assumed that distributions in M (7) are dom-
inated by a measure y, every element P € M(m) can be represented by its density w.r.t. g,
which we will denote p: for every h € H, denoting h = (s1,a1,71, ..., S, as, ¢) the history of the
trajectory up till time ¢, we have

Cdu

:HQNt(StH,?“t‘St,@tht 1 at‘st:

t=1

||::ﬂ
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Consider a one-dimensional submodel { P, : ¢} C M that passes through P in € = 0. Then

dlog p(h)
de I
_ i dlog (jt(st—l—l: 7’t|5ta Gy, Bt—l)
de 0
t=1 €

dlog Gt (st 1,me|se,06,ht—1)
de

. . . . . . 0 _
Since, for any t, h — is a score function, it is in Ly(Pr, s,. (s, 4¢,H_1)-

e=0

Therefore,

T
TM(,,)(P) - Z Lg(PRt,SHﬂSt,At,Ht,l)-
t=1

Conversely, for any (g1, ..., gr) € LY(Pr, s,151,4,) % -+ X LY(Pry. $7.1|Sp, Ap, fir_, )» fOr 7 > 0 small
enough

{PE : dp/dE = Pe, € € [777 _77]}7
where p, is defined, for all h € H as

T
pe(h) = Hqt(5t+la Tt|5t7 at)

=1
X (14 ge(se41,7¢, St, ar))mp(ar]se),

is a submodel of M that passes through P at e = 0. We have that, for all h € H,

dlog p.
de

T
= E gt(st—i-lart;atast,ht—l)-
t=1

e=0

Since % is in Tyq(r) by definition of T)y¢(r), and that Zthl g¢ 1s an arbitrary element of

T

0 _
E LQ(PRt7St+1|St7At,Ht—1 )7

=1
this shows that Z;le LY(Pr,.s,,15:,4;) € Taa(P) and therefore that

T
TM(P) = Z L(Q)(PRt,SHﬂSt,At,Htfl)

t=1

It is straightforward to check that the sum is direct and orthogonal.
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Step 3: Projecting D°(P) on the tangent space. From proposition 2.1, the EIF is given by

(D" (P)|Traem) (P))

I
[M] =

H(DO(P) ‘ L8<PRt7St+l|St7At7Ht—1))

t=1

I
E

(EP[DO(P)(HNSH-D Rta St7 Ata Ht—l]
1

— Ep[D°(P)(H)|S;, As, Hy1]).

t

Observing that the terms that are deterministic conditional on H,_, cancel out, we have that

Ep[D"(P)(H)|Sis1, Re, Si, Ar, Hyi]
— Ep[D°(P)(H)|S;, Ar, Hy 1]

—FEp

T
Z 7T,01:TRT|St+17 Rt, St7 Atu Ht—l]

T=t
T
— Lp ZVTPLTRT|St,At,Ht—1]
T=t
At
=7 P1:¢ (Rt
T
+7Ep ZVT_tPt:TRT’StH,Rt,St;At,Ht—l])
T=t
T
— ' 1 Ep Z fyTitpttTRT’St7 Ay, Htl]
T=t

=7'p1.s <Rt +AV7(Se1) — Q™ (St At))

Conclusion. The right-hand side of the last line above is equal to D(P) from section 2.B. Since,
as we see in the next section, our full-blown estimator has asymptotic variance equal to the variance

of D(P) which we just shown to be the EIF, it is semiparemetric efficient.
[

2.D Cross-validated LTMLE

We now present the full-blown version of our algorithm. The key difference between simplified
version and the full-blown version is that the latter uses the entire dataset to fit the second-stage
models, as opposed to just a split of the dataset. (Using just a split of the dataset is what the
simplified algorithm does, along with other algorithms presented recently in the OPE literature.)
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The standard error in the simplified version scales as 1/v/n’, where n’ is the size of the sample
split used to fit e. With the full-blown algorithm, it scales as 1/1/n, where n is the size of the entire
sample.

2.D.1 Algorithm description

Consider a sample Hy, ..., H, of n i.i.d. trajectories of the MDP. Observe that there is a one-to-
one relationship between the sample H1, ..., H,, and the empirical probability distribution P, =
n~t 3" 8p,. Therefore, we will refer to the sample and to P, interchangeably. Let by, ...,
by, be V vectors in {0, 1}" representing splits of the sample: under a given b, ,,, the training set
is given by {i : b,, (i) = 0} and the test set is given by {i : b,,(i) = 1}. Let B,, a random
vector uniformly distributed on the set {b,, : v =1, ...,V }. Denote P} ; and P, 5 the empirical
distributions of the training set and the test set, respectively, under sample split B,,. Suppose that,
for every ¢, we are given an estimator of )7, that is a mapping of any sample H1,..., H), or
equivalently, of any probability distribution P/, to a model fit, which we will denote Q7(P.).
In practice, Q?(P,’L) can be the estimator of ()7 obtained under a model of the dynamics fitted
from trajectories H, ..., H!. Denote o(z) = 1/(1+ e™%) the logistic function, and o ! its inverse.
Observe that under assumption 1, the range of R;.7, and therefore of Q7 and V,™ is [~ A, A;] with
A, = 3T 47t For all t, P!, define the scaled action-value function estimator as Q7 (P!) =

(Q™(P)) + A;)/(2A). For § € (0,1/2) and any @, : S x A — R, define
09 (54, a) := max(d, min(1 — 6, Q' (54, ay)),

the thresholded version of ()’ is always at least § away from 0 and 1. Let 8, | 0. For any ¢, P,
introduce the perturbed scaled estimator

D (Pr)(e) = (0 Q7 (7)) + )
and let Q™ (P")(¢) be defined by QT (P!)(e) = (Q™(P.)(e) + A;)/(2A,). The expression above

n
defines a logistic regression model with a fixed offset and parameterized by an intercept €, such

that Q7 (P)(0) = Q7<(P'). The TML estimate is obtained by sequentially fitting such logistic
models. Specifically, start at time point 7’ and define the cross-validated risk

Rn,T(e) =

EBnEPnlan |:p1:T (RT 1Og ( ~7r1rﬂe (PT?,Bn)(G) (ST7 AT))

(1 Rr)log (1— G5 (P )(0)(Sr. Aﬂ))] .

Denote ¢, 7 the minimizer of R, r(¢). The other models are fitted by backward recursion. Sup-
pose that we have fitted €, 1, ..., €, ,41. Define V75 (P))(€)(s) = >, me(a|s)Qs,(P))(€)(s, a),
Ui, = Re + V75 (P) ) (€ni1)(Se1) and Uy, = (Upp, + Ay)/(24;). Define the cross-
validated risk

Rni(e) =
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BBy, o1 (O o8 (QF (P25, )05, 4)
(1= O o (1= QF (P2, )0(5.4) )|

The perturbation ¢,,, is defined as the minimizer of the above risk. The TML estimator of V}" (1)
is defined as

Vet B (5)) == B, VI (Py g, ) (1) (51)-
Theorem 2.3. Suppose assumptions 2.1, 2.2, 2.3, 2.4, 2.5 are satisfied. Then
Epny [VTTMEE (51) — VI (51)] = o(1/3/n),
and

Vi (Ve TMEE () - Vi (1) = Op(1/v/n)
% N(0,0%(Quole: )

where, for all non-random Q' and p/
JQ(Q/a P/) = VarP”b (D(Q/7 pl))

It has been established in earlier works Jiang and Li [2015] that the DR estimator with initial
estimator () also have asymptotic variance 02(Q ) /n, and that 02(Q.)/n is the efficient variance
from the Cramer-Rao lower bound, provided ()., = () (that is provided the initial estimator Q is
asymptotically consistent.). If the initial estimator Q is consistent €5, = 0 and Qo (€00) = Qoo =
Q, therefore the DR estimator and the LTMLE have the same asymptotic distribution and they
achieve the Cramer-Rao lower bound.

2.D.2 Additional notation

For a given policy 7 and a transition probability P, denote P™ the corresponding probability dis-
tribution over a trajectory with fixed inital state, that is, for all h = (s, ay, 71, ..., ST, ar, r7),

T

P™(H =h) = HP(Tta5t+1|5t>at)7r(at|5t>'

t=1

From now, we will denote ' := (QY,..., Q%) an arbitrary action-value function, and let

V' = (V/,...,V]) be the corresponding value function under ., that is for all ¢,s;, V/(s;) =
Za; me(a}]se) Q' (s¢, ay). We will also drop the 7. subscript whenever possible and denote Q); :=
Q7¢, the true action value function at time ¢, and similarly, we will denote V; := V™, the true value
function at time ¢. Denote ) = (Q1, ..., Qr) and V = (V4, ..., V).



We introduce the following notation for the perturbed estimators: denote
QI(PY(L),BT,) = ?E(PS,Bn)(Gn,t)’
QI(PY?,Bn) = ?G(PS,Bn)(Gn,t)»
V(P )() =) melai] )Qi (P g, ) (ail).

ay

Finally, define

2.D.3 The fits of the second-stage models solve a score equation

Lemma 2.9. The perturbed estimators Q*, v+ given by the LTMLE algorithm satisfy
EBnpriBnD*(Q*(Pr?,Bn)? V*(PS,BH)) =0.
Proof. Defining UT, B, ‘= Rp, we have that, forallt =1, ..., T,
ltn(€) = —Ep, Py p, f5.(€),
with
f.(e)(H) :=

p14( — Ut,Bn logo(ap, + €)
— (1= Uyp,)log(l — olap, +¢))),

where ap, 1= 07H(Q"™ (PY 5 )(Si, A¢)). Using the expression of o, we rewrite fg, () as

fB.(e)(H) =
Pl:t(Ut,Bn 10%(1 + e_aB”_e)
+(1—- Uthn) log(1 + e t)).

We take the derivative of fp, w.r.t. €

- e~ A4Bn € [j eaBnJre
—pii | ~Up——— (11— —
Pt ( t,Bn 1 + 9By € ( t’B”) 1 + @aBn+E)

=p1:¢ <_ﬁt,Bn(1 —o(ap, +¢€)+ (1 — Ut,Bn)U(aBn + 6))
(

=pP1:¢ U(CZBn + E) — 0t,Bn> .
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Recalling the definitions of ap,, U,; B,» and Q“E, we rewrite the above expression as
5, (€)(H)
=p1 <Qﬂe(Pr?,Bn)(€)(St7 Ar) — fft,Bn)

A (Q?(P,?,Bn)(exst,At)

R vﬂwxmxet“)(stﬂ))

Since ¢; verifies [;, ,(¢) = 0, we have that
Ep, Ep [pu (Rt + AV (Pe g, ) (€641 (St

07 (P g ) (e)(Sh, At))} =0,
that 1s
EBnP7~lL7BnDt<Q;:k(P78,Bn)> ‘A/;s*(Pan)) = 0.

Summing over ¢ yields the result. 0

2.D.4 Proof of convergence of the perturbations
Lemma 2.10. Define, for all x € (0,1), € € R,
d1(e, x) :=log(o (0™ (z) + ¢))
and ¢o(€, z) :=log(1 — o(oc () + €)).
It holds that, for all x € (0,1), € € R,

o6, . (1 1 B

o) = (1412 ) (-0 (@) + o),

0o (1 1 .
and Ee (e,2) = (x +1 a:) o(c™ (x) +e).

Therefore, if x € [0,1 — 0] for some 6 € (0,1/2) we have that for all € € R,

a¢1 —1 8¢2 -1
— < — < .
‘ 5 (e,2)| <26 and ‘ 5 (e,2)| <26

Lemma 2.11. Consider ¢, and ¢- as in lemma 2.10 above, and suppose that © € [§,1 — ], for
some § € (0,1/2). It holds that for all e € R

|d1(e, )] < log(1+67"e),
and |¢y(e, 2)| < log(1 + 6 tef).
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Lemma 2.12. Assume that for all h € H, forallt = 1,..,T, 0 < p14(h) < M for some M > 0.
Assume that for all ||Qi(P;) — Quollpm2 = op(dn) for some o, | 0. Assume that for all t =
L..,T, forall y,a, € S X A, Qroo(St,at) € [0,1 — 0] for some § € (0,1/2). Then, forall € € R,

Rnt(€) — Root(€) = op(1).

Proof. Let e € R. We express the risk R,,; as a cross-validated empirical mean of a loss, and the
risk R, as the population mean of a loss:

Rai(€) =Ep, Py 5 1i(Q}" (P 5. )(€)),
and R 1(€) =P™ lt(Qoot( ),

where, forall Q} : S x A — (0,1), forall h € H
L(Q)(R) =
pre(h) (ﬁt,n,Bn log(Q}(s1, ar))

+ (1 — Ut pp,) log(l — Q;(st, at))).

From there, we are going to proceed in three steps: in the first steps, we will first decompose
Rni(€) — Root(€) in two terms A, ; and B, ,, that we will then each bound separately in the
second and third step.

Step 1: decomposition of R, ;(¢) — R +(¢). Observe that
Rni(€) = Rooi(€e) =Ans + Bny,
with
Ay :EBn<P71,Bn - pr)lt<an (Pr?,Bn)<€))7
and

Boi =Ep, P™ (W@ (P2 5,)(€)) = (@uoa(c)))

Step 2: bounding A, ;. Letng= |np|andn, =n —ng. Denote HY ..., H} . the trajecto-
ries in the training set and H én,p e H }3mn1 the trajectories in the test set corresponding to sample
split BB,,.

Since Q%" e [0n, 1 — 0], lemma 2.11 shows that

[log(Q" () (Hp, ;)| <log(1+4,"e)
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and

[log(1 — Q3" (e)(Hp, ;)| <log(1+0,¢)
S log(1/0n)-

Recalling the expression of [, ;, the fact that by assumption, for every ¢ = 1,...,ny, plzt(Hénﬂ-)
< M almost surely, and the fact that U, ,, p, (H B,.:) € [0, 1], we can bound the loss as follows:

1(Qy" (P, )(€)) (H, ) S M log(1/0),

. . ., . O 0
almost surely, for every i = 1,..,n. Conditional on Hp 4,...,Hp .,

lt(Qf"(PS7B,'L)(6))(H]13,7L71), . lt(@f“(PS,B”)(E))(HEMM) are ii.d. random variables upper
bounded, up to a constant, by M log(1/4,,). Therefore, by Hoeffding’s inequality, for every z > 0,

Pl|(Py 5, = P™)(Q¢"(Py 5,)(€))] > a]

ey [
=4exp 2log(1/6,) )

Therefore,

(Pé,Bn - Pﬂb)lt(()gn(PﬁBn)(E))

o, ( log<1/5n>> |

Since B, takes finitely many values, and that log(1/d,,) = o(n), the above display implies that
Ep,(Pyp, — P™)W(Q (Py g, )(€)) = op(1).

Step 3: bounding B,, ;. Since p;.; < M for every ¢ almost surely under P™, there exists a subset
H of H such that H € H almost surely, and for all A € H, p1+(h) < M for every t. As far as
integrals w.r.t. are concerned, P™, it is enough to characterize the integrands on . Let h be an
arbitrary element of #.

LGP (P 5,)() — 1(Oues(e))
::;n¢<h>{a@m3n<h>(log<~f"cPﬁBn>«»<h>>

—baéwmwmo
+ufam&m»0%u—@%ﬂ%xmm>

—bgl—émﬁdw»)} (2.12)
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From lemma 2.10 and the mean value theorem, for all n such that §,, < ¢,

| Llog(Q1" (P 5, )(€)(h)) — log(Quo,e(€) ()|

< 26, | QI (P25, )(h) — Qs (1)
< 26> 1\@1%83 )(h) = Qoca(h))]
< 26,1 (280) Y Qe(P2 5, )(B) — Qoo (R))]. 2.13)

The third line above follows from the fact that, for all z € [0,1], y € [§,1 — J], and n such that
dn < 0, it holds that | max(6,, min(1 — d,,z)) — y| < |z — y|. The same reasoning shows that

| log(1 = Q{" (PY 5, )(€)(h)) — log(1 = Quce(€)(h))]
<26, (280) M Qi(PY 5, ) () (h) = Quoa(€) ()] (2.14)

Taking the absolute value of (2.12), using the triangle inequality, the fact that 0 < py.,(h) < M,
that @ ,, g, (h) € [0, 1] and the upper bounds (2.13) and (2.14) yields

‘lt(an(Pr?,Bn)(e)) - lt(@oo,t(e))‘
< M25;1A;1|Qt(P£,Bn>(h> - Qoo,t<h))|‘

Therefore, using the triangle inequality and Cauchy-Schwartz, and the fact that B,, takes finitely
many values,

|Ep, P (1(QF (P 5, ) (€) — 1e(Qoos(€)))]
< M26, ' ATHQu(PL ) — Qoo P 2

Therefore, using the assumption that ||Qt(P7?7 B,) — Qoo,tllPm 2 = 0p(d,), we have

Ep, P Q1" (P} p,)(€) = 1(Qsa(e))) = 0p(1).

Therefore, putting together that A,; = op(1l) and B,,; = op(1) and the fact that R,,; —
Roo.(€) = Apt + B+ gives the desired result. O

Lemma 2.13. Make the same assumptions as in lemma 2.12 above. Then
* Rooy has a unique minimizer € 4,
* €t — €cor = 0p(1).

Proof. Letn > 0 and x > 0. The fact that Q. € [§,1 — 0], with § € (0,1/2) implies that R,
is m-strongly convex for some m > (0. Therefore R, ; has a unique minimizer on R that we will
denote €, ;. Denoting A := mn?/2, we have, from m-strong convexity, that

Roo,t(eoo,t + 77) Z Roo,t(eoo,t) + A7 (215)
and Root(€cot — M) > Reoit(€oor) + A. (2.16)
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Consider the following event:

w| >

E = {\Rnt(e) — Reorl€)| < =,
Ve € {€xos €oo — 1, €00 + 7]}}
From the pointwise convergence in probability of R,, ;, which is given to us by lemma 2.12 above,

there exists ng such that for all n > ng, P[€] > 1 — k. Assume & holds. Then, from (2.15) and
(2.16), and the inequalities that define event £, we have that

A
Rn,t(eoo :l: 7]) Z Rn,t(‘soo) + g

From convexity of R, ;, the above display implies that for all € such that |¢e — €| > 71, we have
that

w| >

Rn,t<€) Z 7?'n,t(eoo,t) +

Since €,; minimizes R,,;, we must have R, ; < R, (€oot) < Rnui(€sor) + A/3. Therefore, if
€ is realized, €, must lie in [ex s — 7, €00t + 7. Since £ is realized with probability 1 — &, this
concludes the proof. [

2.D.5 Proof of theorem 2

The proof relies on the following empirical process result.

Lemma 2.14. Consider F, (P} 5 ) as defined in the previous section. Consider n,, = op(1). Then

Vi swp o |(PLy — P™)f| = op(1).

fefﬂn (PS’Bn)

Proof. This is a direct corollary of lemma 2.4. 0

Proof of theorem 2. Recall that V;™ " (s)) = EBnV(P,,[L{ B, )(€n,1)(51). Therefore, from lemma
2.1,

%WE,TMLE(Sl) _ e (51)
= — Ep, P"D(Q(P) 5, )(en), V(Py 5, )(€n)). (2.17)

Recall that from lemma 2.9,

‘/\/ITF@,TMLE(Sl) . Vﬂ—e(51>
=Ep, P 5 D(Q(PY 5 ) (), V(PL 5 )(€n))- (2.18)
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Summing (2.17) and (2.18) yields
Ve TMEE (1) = Ve (s1) =

Eg, (P, — P™)D(Q(P)5,) () V(Py 5, )(€n))-
Using the notation f. introduced in the previous section, we can rewrite the above expression as

‘A/lﬂe,TMLE(Sl) . V7T5 (51)
= Ep,(Pyp, — P™)fe () ,)
+ Ep, (P, 5, = P™)(fe(Pyp,) = feee (P ,))-

By the central limit theorem for triangular arrays

V(P — P™)fe . (P)5,)
L N0, Var(D(Quo(ese), Voo (€0 ) (H))).

Therefore, \/n(Pr 5 —P™)f...(P? 5 ) = Op(n~'/?). The second term is the RHS of is 0p(n~/?)
by lemma 2.14. Since B,, takes values on a finite support, this implies that

Vet EE (51) = Ve (51) = Op(n™'/?).

2.E Experiment Details

In this section, we provide full details of our experiments and utilized domains. In particular, we
provide detailed descriptions of discrete-state domains ModelWin, ModelFail and Gridworld.

2.E.1 ModelWin

The ModelWin environment was constructed in order to simulate situations in which the approxi-
mate model of the MDP will converge quickly to the truth. On the other hand, importance-sampling
based methods might suffer from high variance.

The ModelWin MDP consists of 3 states, and the agent always begins at state s;. At sq, the
agent stochastically picks between two actions, a; and as. Under action a;, the agent transitions
to s, with probability 0.4 and s3 with probability 0.6. On the other hand, under action a, the
agent does the opposite- it transitions to sy and s3 with probability 0.6 and 0.4, respectively. Under
both actions, if the agent transitions to s, it gets a positive reward of +1. Consequently s; to s3
transitions are penalized with -1 reward. In states s3 and so, both actions a; and a, will take the
agent back to s; with probability 1 and no reward. The horizon is set to 7" = 20.

The considered behavior policy takes action a; from s; with probability 0.73, and action as
with probability 0.27. The evaluation policy has the opposite behavior. Note that both the behavior
and evaluation policies select actions uniformly at random while in states s; and ss.
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2.E.2 ModelFail

Unlike the ModelWin domain, the agent does not observe the true underlying states of the MDP in
ModelFail. The purpose of this domain is to test environments are not known perfectly, and where
the approximate model will fail to converge to the true MDP. ModelFail attempts to mimic partial
observability, common in real applications.

The actual MDP consists of 4 states, 3 states and a final absorbing state, however the agent is
not able to distinguish between them. The agent always starts at the same state, s;, where it has
two actions available. With actions a, it transitions into the upper state (s,), whereas with action
as it goes to the lower state (s3). No matter which state the agent transitioned to, both s, and s3
lead to the terminal absorbing state s,. However, ss to s, transition carries reward +1, whereas s3
to s4 leads to reward of -1. The horizonis T" = 2.

The considered behavior policy takes action a; with probability 0.88, and action a; with prob-
ability 0.22. The evaluation policy has the opposite behavior.

2.E.3 Gridworld

The last discrete-state environment used is a 4 X 4 gridworld domain with 4 actions (up, down,
left, right) developed by Thomas [2015]. As emphasized by Thomas and Brunskill [2016], this is a
domain specifically developed for evaluation of OPE estimators. However, due to its deterministic
nature, it will favor model-based approaches.

The horizon for GridWorld is 7" = 100, after which the episode ends unless the terminal state
of s15 is reached before 7'. The reward is always -1, expect at states sg where it is +1, sjo with +10,
and s where the agent is penalized with -10 reward.

We used two different polices for the gridworld, as described in Thomas [2015]. In particular,
policy m; selects each of the 4 actions with equal probability regardless of the observation. Intu-
itively this policy takes a long time to reach the goal, and potentially often visits the state with
the maximum negative reward. In addition, we also considered the near-optimal+ policy 75, which
exemplifies a near-deterministic near-optimal policy that moves quickly to sg with reward +1, with-
out visiting sg with -10 reward. At sg it chooses action down with high probability, collecting as
many positive rewards as possible until the time limit runs out. Once it eventually chooses the
right action, it moves almost deterministically to s15 where it collects its final reward and end the
episode.
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In this chapter, we refine existing guarantees for empirical risk minimizers over the nonpara-
metric function class of cadlag functions with bounded section variation norm (s.v.n., also referred
to as Hardy-Krause variation). At the time of release of the original preprint [Bibaut and van der
Laan, 2019], van der Laan [2016] had shown that that ERMs over this class of function had rate
of convergence in Ly norm o(n~'/*), and Fang et al. [2019] had shown that, in regression settings
under some restrictive conditions on the design, ERMs had L, norm convergence rate 6(71*1/ 3),
where n is the sample size. In this work, we show the 9) (n~'/%) under more general conditions
than Fang et al. [2019].

Getting faster than n rates of convergence over realistic nonparametric models for inifinite
dimensional statistical parameters such as regression functions is a paramount importance in semi-
parametric estimation problems. Indeed in such problems, estimators minus their true target can
often be decomposed an empirical mean (or empirical process), which can be shown to converge
to its limit distribution at speed /n, plus a remainder term. The remainder term often involves
the product of the estimation error of two infinite dimensional parameters. When these errors are
op(n~'/4), the remainder can be shown using Cauchy-Schwartz to be op(n~'/2), and thus to be
negligible in front of the first empirical mean or empirical process term. This situation arises for
example in average treatment effect estimation from observational data, where the remainder term
involves the product of the estimation error for the propensity score and for the outcome model.

The key theoretical building block of this work is a new bound on the bracketing entropy of
the class of cadlag function with bounded s.v.n., which we obtain from a bound on the brack-
eting entropy on the class of multivariate cumulative distribution functions by Gao [2013]. We
show that the bracketing entropy of cadlag functions with s.v.n. no larger than a fixed constant is
O(e ' log(1/€)?@=1), where e is the L size of the brackets and d is the dimension of the domain.
This enables us to obtain rate of convergence in Ly norm for ERMs Op(n~/3(log n)*@=1/3), Per-
haps surprisingly, the dependence on the dimension only applies to the logn factor, making these
estimators good candidates for high dimensional problems. Simulations studies, in particular that
of ? confirm that these estimators have very strong practical performance.

In this work, we derived statistical guarantees only in the i.i.d. setting. As we see in subsequent
chapters, the bracketing entropy bound can be reused in various dependent observations setting,
allowing us to get convergence guarantees in particular under martingale conditions and also for
weakly dependent data.

—1/4

3.1 Introduction

Empirical risk minimization setting. We consider the empirical risk minimization setting over
classes of real-valued, d-variate functions. Suppose that Oy, ..., O,, are i.i.d. random vectors with
common marginal distribution Py, and taking values in a set ©. Suppose that O C |0, 1]d x ), for
some integer d > 1 and some set ) C R. Suppose that for all i, O; = (X}, Y;), where X; € [0, 1]d,
Y; € Y. We suppose that F, lies in a set of probability distributions over O that we denote M,
and which we call the statistical model. Consider a mapping # from the statistical model to a set ©
of real-valued functions with domain [0, 1]¢. We call © the parameter set. We want to estimate a
parameter 6, of the data-generating distribution P defined by 6y = 6(P,). Let L : © — R be a



71

loss mapping, that is for every 6 € O, L(0) : O — R is a loss function corresponding to parameter
value 6. We suppose that L is a valid loss mapping for ; in the sense that

0y = arg %Igél PyL(0).

Statistical model, sieve, and estimator We define our statistical model implicitly by making a
functional class assumption on the parameter set ©. Specifically, we suppose that O is a subset
of the class F, of cadlag functions over [0, 1]¢ with bounded sectional variation norm [Gill et al.,
1995]. We define now the notion of sectional variation norm. Denote D([0, 1]%) the set of real-
value cadlag functions with domain [0, 1]¢. Consider a function f € D([0,1]¢). For all subset
0 # s C [d] and for all vector = € [0, 1], define the vectors zs = (z; : j € s), x5 = (x;: j & 5),
and the section f; of f as the mapping f,(xs) : s — f(xs,0_5). The sectional variation norm of
f is defined as

=10+ 3 / fu(day)],
]

0+#sCld

where [d] is a shorthand notation for {1, ..., d} and f,(dx;) is the signed measure generated by the
cadlag function f;. Consider a sequence (O,,),,>1 of subsets of O such that is non-decreasing for
the inclusion. For any n > 1, we define our estimator 6,, as the empirical risk minimizer over ©,,,
that is

~

0, = arg ergi@n P,L(0).

Rate of convergence results. Our main theoretical result states that the empirical risk minimizer
0,, converges to 0 at least as fast as Op(n~"/3(logn)*4~1/34,), where a, depends on the rate of
growth of ©,, in terms of variation norm. The key to proving this result is a characterization of the
bracketing entropy of the class of cadlag functions with bounded sectional variation norm. A rate
of convergence is then derived based on the famed “peeling” technique.

Tractable representation of the estimator. Fang et al. [2019] showed that if the parameter
space is itself a set of cadlag functions with bounded sectional variation norm, then the empirical
risk minimizer 6,, can be represented as a linear combination of a certain set of basis functions.
(The number of basis functions grows with n and is no larger than (ne/d)?). The empirical risk
minimization problem then reduces to a LASSO problem.

Related work and contributions. van der Laan [2016] considered empirical risk minimiza-
tion over sieves of JF;, under the general bounded loss setting, and showed that it achieves a
rate of convergence strictly faster than n~/* in loss-based dissimilarity. Fang et al. [2019] con-
sider nonparametric least-squares regression with Gaussian errors and a lattice design, over Fg ps
for a certain M > 0, and show that the least-squares estimator achieves rate of convergence
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n~13(logn)“@ for a certain constant C'(d). In this article, we show that a similar rate of conver-
gence n~/3(log n)?(4=1)/3 can be achieved under the general setting of empirical risk minimization
with unimodal Lipschitz losses (defined formally in section 3.3). We show that this setting covers
the case of nonparametric least-squares regression with a bounded dependent variable, and logistic
regression, under no assumption on the design. We also consider the nonparametric regression
with sub-exponential errors setting, and show that this n~'/3(log n)2(@=1/3q,, rate is achieved by
the least-squares estimator over a certain sieve of the set of cadlag functions with bounded sectional
variation norm.

3.2 Representation and entropy of the cadlag functions with
bounded sectional variation norm

As recently recalled by van der Laan [2016], Gill et al. [1995] showed that any cadlag function
on [0, 1]¢ with bounded sectional variation norm can be represented as a sum of (2¢ — 1) signed
measures of bounded variation. This readily implies that any such function can be written as a
sum of (2¢ — 1) differences of scaled cumulative distribution functions, as formally stated in the
following proposition.

Proposition 3.1. Consider f € D([0,1]?) such that || f|, < M, for some M > 0. For all subset
s C [d], and for all vector x € [0,1]% define the vector x;, = (z; : j € s). The function f can be
represented as follows: for all x € [0,1]¢,

F(2) = FO)+ (M = [ O)) 3 / " gon(drs) — anagealdey),

0#sCld) ”

where g 1 and gs o are cumulative distribution functions on the hypercube [0, 15, and o = (as;
0#sCld,i=1,2} € A2 2 where A2 is the (2 — 2)-standard simplex.

This and a recent result [Gao, 2013] on the bracketing entropy of distribution functions implies
that the class F, 5; of cadlag functions over [0, 1]¢ with variation norm bounded by M has well-
controlled entropy, as formalized by the following proposition.

Proposition 3.2. Let d > 2 and M > 0. Denote F, ; the class of cadlag functions on [0, 1]¢ with
sectional variation norm smaller than M. Suppose that F, is such that, for all 1 < r < oo, for
all real-valued function f on [0,1]% || fllpy.r < (") f|l,irm for some c(r) > 0, and where i is the
Lebesgue measure. Then for all1 < r < oo and all 0 < € < 1, the bracketing entropy of Fqm
with respect to the || - || p, » norm satisfies,

log Ny (e, Far, || - [lros) S Cr, d)Me™"log(e/M) Y,

where C(r,d) is a constant that depends only on v and d. This implies the following bound on the
bracketing entropy integral of Fy \r with respect to the || - || p,» norm: forall 0 < § < 1,

Jy(8 Faar, || - llror) S V/C(r,d) VM| log(s/M)|*.
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3.3 Rate of convergence under unimodal Lipschitz losses

In this section, we present an upper bound on the rate of convergence of 6,, under a general class
of loss functions. Essentially, we require the loss to be unimodal and Lipschitz with respect to
the parameter, in a pointwise sense. We formally state below the assumptions of our result. Let
(a,)n>1 be a non-decreasing sequence of positive numbers, that can potentially diverge to co.

Assumption 3.1 (Control of the variation norm of the sieve). Suppose that for all n > 1,
O C {0 €D(0, U< 6], < a}.
Assumption 3.2 (Loss class). There exists some L : R x Y — R such that, for any n, for any
0 € ©,, and for any o = (z,y) € [0,1]? x Y,
L(O)(z,y) = L(8(x),y).

Further assume that L is such that, for any vy, there is an u, such that u i(u, y) is

* non-increasing on (—oo, u,|, and non-decreasing on [u,, o),

* a,-Lipschitz.

We will express the rate of convergence in terms of loss-based dissimilarity, which we define
now.

Definition 3.1 (Loss-based dissimilarity). Let n > 1. Denote 0,, = argmingeco, PyL(0). For
all € ©,, we define the square of the loss-based dissimilarity d(0,0) between 0 and 0,, as the
discrepancy

d*(0,0,) = PyL(0) — PyL(6,,).

The third main assumption of our theorem requires the loss L to be smooth with respect to the
loss-based dissimilarity.

Assumption 3.3 (Smoothness). For every n, it holds that
sup [|L(0) — L(6y) | p.2 < and(6, 6,).
0cOy,

‘We can now state our theorem.

Theorem 3.1. Consider ©,, a sieve such that assumptions 3.1-3.3 hold for the sequence a,, consid-
ered here. Suppose that a,, = O(n?) for some p > 0. Consider our estimator 60,,, which, we recall,
is defined as the empirical risk minimizer over ©,, that is

0, = arg Inin P,L(0).
Suppose that
0y € O = {6 € © : Ing such thatVn > ny, 6 € 6,,}.

Then, we have the following upper bound on the rate of convergence of 6, to Oy

d<én> 90) = Op(annil/g(log n>2(d*1)/3>'



74

The reason why we consider a growing sieve O,, is to ensure we don’t have to know in advance
an upper bound on the variation norm of the losses. The rate a,, impacts the asymptotic rate
of convergence and finite sample performance. As the theorem makes clear, the slower we pick
ay,, the better the speed of convergence. However, for too slow a,,, f; might not be included in ©,,
even for reasonable sample sizes. Note that, if there are reasons to believe that ||6y||, < A for some
A > 0, one can set a,, = A and then the rate of convergence will be Op(n~1/3(logn)2(@=1)/3),

3.4 Applications of theorem 3.1

3.4.1 Least-squares regression with bounded dependent variable

Consider a,, a non-decreasing sequence of positive numbers, that can potentially diverge to co. Let
0, = (X1,Y1), ..., (X,,Y,) be i.i.d. copies of a random vector O = (X, Y') with distribution 7.
Suppose that X takes values in [0, 1]¢ and Y takes values in ), = [—dy, G,]. In the setting of least-
squares regression, one wants to estimate the regression function 6 : = € [0,1]¢ — Ep,[Y|X = 7]
using the square loss L defined, for all § € © as L(0) : (z,y) — (y — 6(z)). Let©, = {0 €

A~

D([0,1]9) : |0, < @, }. We consider the least-squares estimator 6,, over ©,,, defined as

~

0, = arg gnin P,L(0).

€0,

Proposition 3.3 and proposition 3.4 below justify that assumptions 3.2 and 3.3 of theorem 3.1
are satisfied.

Proposition 3.3. Consider the setting of this subsection. We have, for alln > 1, € ©,, © €
0,1]4, and y € Y, that

L©O)((w,y)) = L(O(x),y)

where, L(u,y) = (y — u)? for all u, y. )
Furthermore, for all y € Y, the mapping u — L(u,y) is

* non-increasing on (—o0, y| and non-decreasing on [y, ),
e and 4a,-Lipschitz on {0(x) : 0 € ©,,,z € [0,1]}.

Proposition 3.4. Consider the setting of this subsection and recall the definition of the loss-based
dissimilarity (see definition 3.1). Foralln > 1, 0 € ©,,, we have that

|1 L(0) — L(O)nll py2 < 4and(8,6r).
Corollary 3.1. Set a,, = 4a,,. Then,

10 — 0, py2 = Op(ann’l/?’(log n)2(d*1)/3).
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3.4.2 Logistic regression

Consider a,, a non-decreasing sequence of positive numbers that can potentially diverge to co. Let
0, = (X1,Y1),...,0, = (X,,,Y,) be i.i.d. copies of a random vector O = (X,Y), where X takes
values in [0, 1]¢ and Y € {0, 1}. Denote P the distribution of O. We want to estimate

Ep[Y|X = ] >
1—Ep[Y[X=a])’

90:x»—>10g(

the conditional log-odds function. Let L be the negative log likelihood loss, that is, for all § € ©,
z €[0,1]%,y € {0, 1}, L(0)(w,y) = ylog(1+exp(—0(x))) + (1 —y) log(1 + exp(6(z))). Denote
0, = {0 € D([0,1]%) : [|0||, < a,}. We denote 6, the empirical risk minimizer over ©,,, that is

~

0, = arg min PyL(#).

0cOy,

Propositions 3.5 and 3.6 below justify that assumptions 3.2 and 3.3 of theorem 3.1 are satisfied.

Proposition 3.5. Consider the setting of this subsection. We have, for alln > 1, § € ©,, o =
(z,y) €10,1]¢ x {0,1}, that

where, for all u,y,

L(u,y) =ylog(l+e™*) + (1 —y)log(l + €").
Furthermore, for all y € {0, 1}, the mapping u — L(u,y) is
* non-increasing on R if y = 1,
* non-decreasing on R if y = 0,
* 1-Lipschitz on R.

Proposition 3.6. Consider the setting of this subsection, and recall the definition of the loss-based
dissimilarity. For all n > 1, we have that

1Z(8) = L(6n) [ 2 < 21 + €™)'2d,, (6, 6,).
Corollary 3.2. Set a,, = 2(1 + ¢*)'/2, Then
dn(6,6,) = Op(a,n=3(logn)2d-1/3),
and

10 — 0, py2 = Op(ain’l/?’(log n)2(d*1)/3).
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3.5 Least-squares regression with sub-exponential errors

In this section we consider a fairly general nonparametric regression setting, namely least-squares
regression over a sieve of cadlag functions with bounded sectional variation norm, under the as-
sumption that the errors follow a subexponential distribution. Although this situation isn’t covered
by the hypothesis of theorem 3.1, our general bounded loss result, it is handled by fairly similar
arguments. This is a setting of interest in the literature (see e.g. section 3.4.3.2 of van der Vaart
and Wellner [1996]).

Suppose that we collect observations (X1,Y)), ..., (X,, Y}, ), which are i.i.d. random variable
with common marginal distribution Fy. Suppose that for all i, X; € X = [0, 1]d, Y, e Y =R, and
that

Vi = 0o(Xi) + e,

where 0y € © = {0 € D([0,1]¢) : ||0|l, < oo}, and e, ...e, are i.i.d. errors that follow a sub-
exponential distribution with parameters («, v/). Suppose that for all 7, X; and e; are independent.
Let a,, be a not-decreasing sequence of positive numbers that can diverge to co. Define, for all
n>10,={0co:|f, <a,}

The following theorem characterizes the rate of convergence of our least-squares estimators,
which we explicitly define in the statement of the theorem.

Theorem 3.2. Consider the setting of this section. Suppose that 6y € O. Then, 6,,, the least-
squares estimator over ©,,, formally defined as

n

~

1 )
by = arg fuin — ;(Yi —0(Xy))",

satisfies

16 = Ooll o2 = Op(((Cler,v) + 3)an + [[Bolloc)n™"* (log n) @~ 72).

where the constant Co, v) is defined in the appendix.

3.6 Discussion

In this chapter, we analyzed the bracketing entropy of the class of d-variate cadlag functions with
bounded sectional variation norm. We use this bound on the bracketing entropy to provide bounds
on the convergence rate in probability of empirical risk minimizers.

We studied in particular empirical risk minimizers corresponding to two losses: the square loss
and the logistic loss (under the condition that the underlying regression function lies away from
0 and 1). We showed in these two cases that the L, norm of difference between the estimated
function and the truth converges at rate Op(n~"/3(logn)?@~1/3). This is especially meaningful
in practice as asymptotic linearity and efficiency of semiparametric estimators often relies on esti-
mating nuisance parameter at Lo norm rate op (n_l/ 4).
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It is relatively straightforward extend the results of this chapter in several directions: firstly
giving high probability bounds instead of rates of convergence in probability, extending the results
to other common losses such as the hinge loss or the negative likelihood loss, studying the effect
of margin bounds. These are direct consequences of classical statistical learning theory results
on empirical risk minimization (see e.g Bartlett et al. [2006]). Another further extension of the
present work is to give guarantees for the cross-validated selection of the sectional variation norm
via the Super Learner. We do several of these extensions in subsequent chapters. In particular, we
provide high probability bounds under various losses for different types of non independent data
in chapters 5 and 7.
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3.A Proof of the bracketing entropy bound (proposition 3.2)

The proof of proposition 3.2 relies on the representation of cadlag functions with bounded sectional
variation norm and on the the three results below. For all d > 1, M > 0, denote

Fanr = {f € D((0,1]) : || fllo < M}

The first result characterizes the bracketing entropy of the set of d-dimensional cumulative
distribution functions.

Lemma 3.1 (Theorem 1.1 in Gao [2013]). Let G, be the set of probability distributions on [0, 1]
Forl<r<ooandd > 2,

log Ny (e, Ga, || - l,0r) < C'(d, 7)e | log e|*@—1)

for some constant C'(d, r) that only depends on d and r, and where 1 is the Lebesgue measure on
[0, 1]

As an immediate corollary, the following result holds for bracketing numbers w.r.t. || - || , 2.

Corollary 3.3. Let 1 < r < oo. Suppose there exists a constant c(r) such that ||-|| p, » < ¢(r)||-|| u.r-
Then,

for some constant C (v, d) that only depends on r and d.

The next lemma will be useful to bound the bracketing entropy integral.

Lemma 3.2. For any d > 0 and any 0 < 6 < 1, we have that

)
/0 e 1/2(log(1/6))" e < 6V (log(1/6))",

Proof. The result is readily obtained by integration by parts. 0
We can now present the proof of proposition 3.2.

Proof. We will first upper bound the (¢, || - || p, »)-bracketing number for F,; ;. An upper bound on
the (e, || - || p,,»)-bracketing number for F, 5, will then be obtained at the end of the proof by means
of change of variable. Recall that any function in J,; can be written as

f = E Q510951 — (s,295.2,

sC[d]

with gp1 = gpo = 1, and forall § # s C [d], gs1,9s2 € Gs, and @ = (a5 : s C [d],i = 1,2) €
A2 where A2 is the 29+ standard simplex.
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Let e > 0. Denote N (e/21, A2 || - ||oo) the (€/2%F1, || - || oo )-covering number of A2, Let
L d
{@P:j =1, N(e/2 A |- )}

be an (/2% || -||o0)-covering of A2 For all s C [d], denote Nj(e, Gs, || - || p,.») the (€, || - || py.r)-
bracketing number of G, and let

{(lgj),ugj)> .] = 17 ”'7N[](€7gsa H ’ HPOJ")}
be an (e, || - || p,r)-bracketing of Gj.

Step 1: Construction of a bracket for 7; ;. We now construct a bracket for f from the cover for
A?""" and the bracketings for G, ) # s C [d], we just defined. By definition of an (¢/29+1, || - || 0)-
cover, there exists jo € {1,..., N(e/2%1, A2 || . ||p,,)} such that |a — @l@)||, < /291,
Consider s C [d], i € {1,2}. By definition of an (e, ||-|| p, »)-bracket exists j, ; € {1,..., Ny (€, G, |-
| o) such that

lgjs,i) < goq < ugjs,i).
This and the fact that
a9 e/ttt <oy < ol 4 /20,

will allow us to construct a bracket for o ;g ;. Some care has to be taken due to the fact lﬁ can
be negative (as bracketing functions do not necessarily belong to the class they bracket). Observe

that, since a;; > 0, we have

gl < agiges < agul.

l].sz

Denoting (lgj “'))Jr and (19 )) the positive and negative part of we have that

(afly) — /25 ) (1) " < gl

Sy

and — (@l + /241)(10-9)" < —al; .

Therefore,
Oég{O)l(]S z) 6/2d+1’l Js z &syilgjs,i)_
Since u(j i) > 0 (at it is above at least one cumulative distribution function from G;), and a(J 0) +

/241 2 i, we have that

Oés,igs,i = ( + 6/2d+1) ]S 1)
Therefore, we have shown that

JO l(]s i 6/2d+1 ’lgjs,i)

SZ S

< Q055 < ( ) 4 /2" ul Got),




80

Summing over s C {1, ...,d} and i = 1, 2, we have that
A =Ty < f STy — Ay,

where, fori =1, 2,

A = Z a, ]0 Pei — €/201 =],
sCld]
and Fz — Z( (]0 + 6/2d+1>u]91
sC[d]

Step 2: Bounding the size of the brackets. For: = 1,2,

Js,i
lsez

0<Ty— A=Y al%(ud — 1) 4 /27 (s + [13+]).

sCld]

Since, forevery s C [d], i = 1,2 ul* and I*' are at most e-away in || - | p,- horm from a cumulative
distribution function, we have that Hus “lpr < 14 €eand ||l [ pr < 1+ €. By definition, for all
s Cld),i=1,2, |[ul*" —I!*'||p, < e. Therefore, from the triangle inequality,

1T = Aillpr <€ Z as; +e(1l+e).

seC[d]

Therefore, using the triangle inequality one more time,

Ty = Ao = (Ay = To)|lpy € a1+ sz +2e(1+¢)
sCld]

< 3e + 262

Since cumulative distribution functions have range [0, 1], brackets never need to be of size larger
than 1. Therefore, without loss of generality, we can assume that e < 1. Therefore, pursuing the
above display, we get

I't — Ay — (A = T9) || pyr < Be.

Step 3: Counting the brackets. Consider the set of brackets of the form (I'y — Ay, Ay — T'g),
where, fori = 1, 2,

A = Z ajo)lj“ . €/2d+1|lgs,i|7
sCld]

and I; = Z( o) 4 €/24 Y dsi
sC[d]
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where jo € {1,..., N(e/241), A>""" || - ||o)} and for any s,i ji; € {1, ..., Ny(e, G, | - |[mor)}-
From step 1 and step 2, we know that this set of brackets is a (5e, || - || 5, ,)-bracketing of F;. Its
cardinality is no larger than the cardinality of its index set. Therefore

d+1
Ny, Fr [l lpr) < N (/25 A% - o) TT Nute G Il - 1)

sC[d]

The covering number of the simplex can be bounded (crudely) as follows:

2d+1 d
N(e/2H1, A7 |- [l) < (—)

o €
therefore

2(1+1

log N (/27 A2 || - ||oe) < dlog(1/€) + d(d + 1) log 2.
From corollary 3.3,

log Ny(€,Go || - [ly,r) < C(r d)e ! [log e**1.
Therefore,

log Nyj(5¢, Fu, || - || po,r) (r,d)24 2 log €[>V + dlog(1/€) + d(d + 1) log 2

r?
(r, d)24 27 log e[ 24D,

Therefore, doing a change of variable, (and for a different constant absorbed in the << symbol),

<C
<C

log Ny (e, Far, || - [lror) S C(r, d)2 2 Me™"log e/ M)V

The wished claims hold for C(r, d) = 2¢+2C(r, d). O

3.B Proofs of theorem 3.1 and preliminary results

3.B.1 Overview and preliminary lemmas

The proof of the theorem relies on theorem 3.4.1 in van der Vaart and Wellner [1996], which gives
an upper bound on the rate of convergence of the estimator in terms of the “modulus of continuity”
of an empirical process indexed by a difference in loss functions. We bound this “modulus of
continuity” by using a maximal inequality for this empirical process. This maximal inequality is
expressed in terms of the bracketing entropy integrals of the class of function £,, = {L(0)—L(6), :
0 € ©,}. We link the bracketing entropy of £, to the one of ©,, through lemma 3.4.

We first restate here the theorem 3.4.1. in van der Vaart and Wellner [1996].
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Theorem 3.3 (Theorem 3.4.1 in van der Vaart and Wellner [1996]). For each n, let Ml,, and M,
be stochastic processes indexed by a set ©. Let 0,, € © (possibly random) and 0 < 9,, < n be
arbitrary, and let 0 — d,, (0, 0,,) be an arbitrary map (possibly random) from © to [0, 00). Suppose
that, for every n and 6, < 6 <7,

sup M, (0) — M,(0,) < -2,
0cO,
0/2<dn (0,0n)<

E” sup \/ﬁ[(Mn - Mn)(g) - (Mn - Mn)(en)]+ N ¢n(5)>
/220 (0.0) <5

for functions ¢,, such that § — ¢,(8)/5% is decreasing on (0,,n) for some o < 2. Letr, < 6,
satisfy

1
72 (—) < +/n, foreveryn.

T'n
If the sequence 6,, takes its values in ©,, and satisfies
Mn@ﬂ) > M, (0,) — OP(T;2>

and d,,(0,0,,) converges to zero in outer probability, then ry,d,,(0,,0,) = O%(1). If the displayed
conditions are valid for n = oo, then the condition that 0,, is consistent is unnecessary.

The quantity ¢, () is the so-called “modulus of continuity” of the centered process /n(M,, —
M,,) over ©,, = F,,. Theorem 3.3 essentially teaches us that the rate of the modulus of continuity
gives us the (an upper bound on) the rate of convergence of the estimator.

We now restate the maximal inequality that we will use to bound the modulus of continuity.

Lemma 3.3 (Lemma 3.4.2 in van der Vaart and Wellner [1996]). Let F be a class of measurable
functions such that P f? < 6% and || f||sc < M for every f € F. Then

Jn(6, F, Lo(P
Ep sup V(P = PYf1 S )3, La(P) (1+ I 52\@( >>M).

Application of the above maximal inequality is what will allow us to bound the “modulus of
continuity”. The following lemma will be useful to upper bound the entropy integral of £, =
{L(#) — L(6,) : 6 € ©,} in terms of the entropy integral of O,,.

Lemma 3.4. Let F': R x W — R a mapping such that, for any w € W, there exists a,, € R such
that a — F(a,w) is

* non-increasing on (—o00, a,),

* non-decreasing on [a,,, ),
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» M-Lipschitz for some M that does not depend on w.
Let A a set of real-valued functions defined on a set V. Let
B={(v,w) e Vx Wi F(a(v),w) : a € A}.
Let r > 1, and let P a probability distribution over )V x W. Then, for any 6 > 0,
NH((S: B, || ’ ||P0,7") < N[}((S/Mv A, || ) ||P()J‘)7
and
J[]((;’ B, H ) HPO,T) < MJH((S/M7 A, H ) ||P0,7’>‘
(Note that the above quantities might not be finite.)

We defer the proof of this lemma to subsection 3.B.3. The following lemma shows that the
variation norm dominates the supremum norm.

Lemma 3.5. Forall f € D([0,1]%),

1flloo < 11 f1lo-

3.B.2 Proof of theorem 3.1

We now present the proof of theorem 3.1.

Proof of theorem 3.1. The proof essentially consists of checking the assumptions of theorem 3.3
for a certain choice of M,,, M, d,, and r,. Specifically, we set, for every # € ©,, and every n,

M,,(0) = =B, L(9),
M, (0) = =Ry L(0),
0, = arg 91161(192 PyL(0),

d2(0,0,) = PyL(0) — PyL(6,),
rn = C(r,d)"Y3a; 'n'/3(logn) ~24-/3,

Further set n = oo and §,, = 0. From now, we proceed in three steps.

Step 1: Checking condition 3.3. By definition of ), and by definition of the loss-based dis-
similarity, we directly have, for every 6 € ©,,

M(0) = My(0) = —Po(L(0) — L(0)) = —dy, (6, 6,).

Therefore, condition 3.3 holds.



Step 2: Bounding the modulus of continuity. We want to bound
Ep, (9su®p [(ML,, — My,)(0) — (M, — M,,)(0,,)]
in(6.0.3<5
= FEp, sup (P, — Ry)(L(0) — L(6,))]
00,
dn (6,00)<5
= Ep, sup [(F — Ro)gl,
gggn(é)

where

Gn(0) ={L(0) — L(6,) : 0 € ©,,d,(0,0,) <}
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3.1)

We now further characterize the set G,,(0). From assumption 3.3, for all 6 € O, ||L(0) —
L(6,)|lp2 < andn(0,6,). Therefore, denoting £,, = {L(0) — L(6,) : § € ©,} and L, () =
{9 € L :|gllp2 < d}, we have that G,,(§) C L,,(a,,0). We now turn to bounding in supremum
norm the class £,,. From assumption 3.2, for all 0 € ©,,, || L(0) — L(6,,)||cc < a,]|6 —6,]|co- From
the definition of ©,, and lemma 3.5, we have that, forall § € ©,, ||§ — 0, ||~ < 2a,, which implies
that ||L(0) — L(6,,) |l < 2a2. Therefore, from (3.1) and the maximal inequality of lemma 3.3, we

have

Ep, esuep [(ML,, — My,)(0) — (M, — M,)(0,,)]
dn (060, <6
< Ep sup |(P,— R)g|
gELn(and)

¢n(0)
N

<

with

(an(Sa £n7 H ’ HPO,2>

J
) =06, Lo Ia) (14 L2 L

Step 3: Checking the rate condition 72¢,(1/r,) < \/n. From lemma 3.4, and then from

proposition 3.2,

J[](a/n(s, E’m || : ||P0,2) SafTLJH<57 977,7 LQ(PO))

<Sa,C(r,d)"?a)/*s"*(log(a,/5))"
<C(r, d)1/2ai/251/2(log(an/é))d_l.

Recall that we set

r, = C(r, d)’l/?’a;lnl/?’(log n)’z(d’l)/:)’.
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Since we supposed that a,, = O(n?) for some p > 0, we have that log(a,,r,) < log n. Therefore,
radn(1/75)

SriC(r, d)l/zaiﬂr;l/z(log(anrn))d_l (1 +

C(r, d)l/Qai/Zrﬁl/Q(log(anrn))d_l 0,2
(an/n)*v/n "

C(r, d)l/zai/Qri/z(log n)d_1>

<C(r, d)*a3r3/*(logn)4~! <1 +2
~ n n \/ﬁ

<3vn.

3.B.3 Proof of technical lemmas 3.4 and 3.5

Proof of lemma 3.4. Let [l,u] an (e, || - || p,)-bracket for A and let a € A such that a € [I,u].
Define, for all (v, w) € V x W,

Alv,w) = {F(aw,w) if 1(v) < ayp < u(v),
| F(l(v),w) A F(u(v),w) otherwise,

and
F(v,w) = F(l(v),w) V F(u(v),w).
We claim that (A, I') is an (Me, || - || p-)-bracket for (u,v) — F(a(v),w). We distinguish three

cases. Let (u,v) € V x W.

Case 1. Suppose that [(v) < a,, < u(v). Then since a — F'(a,w) reaches its minimum in a,,,
we have that A(v,w) = F(ay,,w) < F(a(v),w). If a(v) € [ay,u(v)], then, as a — F(a,w) is
non-decreasing on [a,,, o0), we have that F(a(v),w) < F(u(v),w). If a(v) € [I(v),a,], then,
as a — F'(a,w) is non-increasing on (—o0, a,), F(a(v),w) < F(l(v),w). Thus F(a(v),w) <
F(l(v),w)V F(u(v),w) =T'(v,w).

Observe that, under [a,, € [[(v),u(v)], we have that |[(v)—a,| < |u(v)—I(v)] and |u(v)—a,| <
|u(v) — I(v)|. Therefore, if I'(v, w) = F(u(v),w),

P (v, w) = A(v, w)| = [F(u(v), w) = F(aw, w)] < Mlu(v) = aw| < Mlu(v) = 1(v)].
Case 2. Suppose that a,, < [(v) < u(v). Then, as a — F'(a,v) is non-decreasing on [a,, 00),
A(u,v) = F(l(v),w) < F(a(v),w) < F(u(v),w) = I'(u,v),

and |I'(u,v) — A(u,v)| < M|u(v) — I(v)].
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Case 3. Suppose that I(v) < u(v) < a,,. Then, as a — F(a,v) is non-increasing on (—o0, a,,),
Au,v) = Flu(v),w) < Fla(v), w) < F(l(v), w) = T'(u, v),

and |['(u,v) — A(u,v)| < M|u(v) — 1(v)].
We have thus shown that, for all (v,w) € V x W,

A(v,w) < F(a(v),w) < T'(v,w),
and
['(v,w) — A(v,w)| < M|u(v) — U(v)].
By integration of the above display, we have that
IT = Allpy < Mllu—1|p,

Therefore, we have shown that an (¢, || - || p,)-bracket for A induces an (Me, || - || p,)-bracket for
B. Therefore, for all € > 0,

Ny(& B, || - llpr) < Ny(e/M, A, || - || o),

and, for all 6 > 0,

é
6B ) < [ flom Ny(e/ ML A )de

5/ M

< [\l NyC A )i
0

= MJy(6/M, A, || - || pr)-

Proof of lemma 3.5. Let z € [0, 1]¢. From the representation formula in proposition 3.1,
f@ =5+ Y [ faz),
0£sCld) ¥ [0s:7s]
Therefore,

EEIEOES iy SRR

0#sCld)

NOEDS /[ | Iftd)

0#5Cld]

= [[fllo-

By taking the sup with respect to z, we obtain the wished result. [
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3.C Proof of propositions of section 3.4

3.C.1 Proof of results on least-squares with bounded dependent variable

Proof of proposition 3.3. Let y € [—ay,a,]. It is clear that u — L(u,y) = (y — u)? is non-
increasing on (—oo, y] and non-decreasing on [y, c0).
We now turn to showing the Lipschitz property claim. Observe that

U, ={0(z): 0 €0,,x 0,1} C [y,
Let uq, us € U,,. We have that
1L1,) = Lz, )] =1y = wa)? = (5 — )
=[2y — uy — ug||us — uy|
<4a,|ug — uq|,
which is the wished claim. [
The proof of proposition 3.4 requires the following lemma.
Lemma 3.6. Consider ©,, 0,,, 0y, and d,, as defined in subsection 3.4.1. Then, for all 0 € ©,
dy(0,0,) = 110 = OollB, = 10 = Oully 2 = 10 — G0l 7, 2.

Proof. Ttis straighforward to check that ©,, is a closed convex set. Denote, for all 01, 0, (01, 0) =
Ep,[6:1(X)02(X)]. Observe that, for all § € ©,,, [|0]|%, »(#, ). Let § € ©,,. We have that

dy(0,0,) =Ep[(Y — 0(X))’] = Ep[(Y — 0,(X))?]
=Ep[(Y — 00(X))*] + Ep,[(00(X) — 0(X))?]
—{Erl(Y = 60(X))] + Er,[(60(X) — 6a(X))*]}
=10 = 0ol 7,2 = 16n — G0, -
Therefore,
@20, 00) = 110 = Oally 2 =116 = 00) + (6 = 00} 3,2 — 1160 — ol = 110 = ol

=—2(0—0,,00 — 0,)
>0.

The last line follows from the fact that § € ©,, and that 6, is the projection for the || - ||, 2 of 6y
onto the closed convex set ©,,. []

We can now state the proof of proposition 3.4.

Proof of proposition 3.4. From proposition 3.3, for all o = (x,y) € [0, 1]? X [—ay, @), |L(0)(0) —
L(0)(0)| < |6(z) — 0,(x)|. Therefore, by integration

I1L(0) = L)l py.2 <4an |0 = Onll .2
<dand,(0,6n),

where the last line follows from lemma 3.6. O]
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3.C.2 Proofs of the results on logistic regression

Proof of proposition 3.5. Let y € {0,1}. Tt is clear that u — L(u,y) is non-increasing on R if
y = 1 and non-decreasing on R if y = 0. Let’s now turn to the Lipschitz property claim. For all
u € R,

L p—
ou Y T T e

—_— y.
Therefore, for allu € R, y € {0, 1},
oL
— <1
‘ 5 (u,y)‘ <1,

which implies that L is 1-Lipschitz in its first argument. O

Proof of proposition 3.6. For all z, denote ny(x) = Ep,[Y|X = z] = (1 + exp(—b6y(x))~!, and
na(x) = (1 + exp(—6,(z))~!. Forall p € [0,1], ¢ € R, denote

fo(q) = plog(1 +e7%) + (1 —p)log(l +e7).
Observe that, for all 6,
PoL(8) = Byl f) (0CX)] (3.2)

For all p € [0, 1], ¢ € R, we have that

Therefore, for p € [0,1] and ¢ € [ay, Gn), we have that f)(¢) > 27'(1 4 e®)~'. From the above
display, we have that, for all = € [0, 1]d,

MmW@—Mm@MDZMMM@WQFﬂMD+Kﬁ%QH@—%@V
4%m—m@mww—%mwgmj&ﬂum—@@w
Therefore, for any ¢ € ©,,, using (3.2),
di(@, en) :POL(G) - POL(GR)
1

2 Epy [(1n(X) = no(X))(0(X) — 0n(X))] + 10 = 0nllh, o (3:3)

A(1 + en)
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Let 6 € ©,,. For all t, define A(t) = 6, +t( — 6,,) and g(t) = P,L(A(t)). Since 0, and 6 are in O,,
and that ©,, is convex, for all ¢ € [0, 1], é(t) € O,,. Therefore, by definition of 6, for all ¢ € [0, 1],
g(t) > g(0). Thus, by taking the limit of (g(t) — ¢(0))/t as t | 0, we obtain that ¢’(0) > 0. We
now calculate ¢'(0):

d

g(0) = dt {Epo [170(X) log(1 + e~ (On(X)+(0(X)—0n (X))

+ (1= 70(X)) log(1 + P H1ECO=0n (X)) }

t=0

=Ep, [ — ﬁo(X)m(e(X) — 0 (X))

X)

_l’_
=Ep,[{=no(X )(1_77n(X>>+(1_770( )1 (X)HO(X) = 6,(X))]
=Epy [(1n(X) = 10(X))(0(X) = 0 (X)],

which is equal to the first term in the right-hand side of (3.3). Therefore, as ¢'(0) > 0,

2 _ 2
From proposition3.5, for all 0 = (z,y) € [0,1]¢ x {0, 1}, |L(0)(0) — L(6,)(0)| < |0(x) — 6, (x)],
therefore, by integration,

IL(0) — L(0n) || py2 < 110 — Onllpo2 < 2(1 + €™) 7%, (6, 6,,).

]

3.D Proof of the rate theorem for least-squares regression with
sub-exponential errors

We first give an informal overview of the proof. We will proceed very similarly as in the case
of the proof of the rate theorem under bounded losses, that is we will first identify M,,, M, d,
that satisfy the hypothesis of theorem 3.3, and then we will bound the modulus of continuity of
M,, — M,.

Observe that

n

0, = arg min 1 Z(Y; —0(Xy))?
=1

00, N
1 n
= arg min — Z(@O(Xi) —0(X;) + e;)?

0cO
" =1
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n

= arg s - 3 2(00%) — 6o(X0)es — (00X,) — 00(X0)*

=1

This motivates setting
1 n
M,,(6) = ~ Zl 2(6 — 60) (Xi)e; — (6 — 6p)(X,),

and, since Ep,[(0 — 0p)(X;)e;] = 0,
M, (0) = —Po(0 — 0)?,
and introducing the loss-based dissimilarity d,,, defined, for all § € ©,,, by
dp(0,0,) = —(M(0) — Mo (6,))".
The main effort will then be to upper bound, for any § > 0, the quantity

Ep, 951191) |(M, — M,,)(0) — (M, — M,,)(0,)].
4,(00,)<5

The proof relies on the following lemmas, whose proofs we defer to subsection 3.D.1.

Lemma 3.7. Forall 0 € ©,,
10 = Onll 2 < dn(0,6,).
For any # € ©,,, we introduce the functions ¢, ,(¢) and g2 ,,(¢), where, for all (z, e)
g1n(0)(z, €) = (0(x) — On(2))e,
and
Gon(0) = (0 —0,)(20 — 6, — ).
We will consider the following two sets:

gl,n = {gl,n(e) 10 e @n}
Gon ={92n(0) : 0 € ©,,}.

We will use the following version of the so-called Bernstein norm, defined for any ¢ > 0 and for
any function g : (x,¢e) — g(z,¢) as

9l|7,.5: =t *Po(tg),

where ¢(x) = e® — x — 1. As for all i, e; is sub-exponential with parameters (o, v), |e;| is
sub-exponential with parameters (o/(«, V), v/(«, v)). We will shorten notations by denoting o/ =
o (a,v) and ' = V'(«,v). The following lemma characterizes the Bernstein norm of a certain
type of functions.

€T
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Lemma 3.8. Let f : X — R such that || ||« < M. Suppose that M > 1. Consider g, : (z,e) —
f(x)e. Then, setting t = (aM)™1, we have

gl mp,me < [1£1lm20M e/,
Similarly, now consider go : (x,¢e) — f(x)|e|. Setting t = (o/ M), we have

g2l .m0 < 111l 20" M/,

This has the following immediate corollary for g ,,. In this following result as well as in the
rest of this section, we will denote t,, = (2,a/) 7.

Corollary 3.4. We have that for all 6 € ©,,
9100 Ro,B.tn < Cull0 — Onl ) 2,
where C,, = C(v, V) ay, with C(a, v) = 20/ (v, v)e” (@¥)?/ (4 (aw)?),

The upcoming lemma relates the bracketing numbers in || - || p, 5+, norm of G, ,, to the brack-
eting numbers of O,, in || - || g, 2 norm.

Lemma 3.9. For any € > 0,

N[](eagl,nv || ’ ||P07B7tn) < N[](On_lev @n’ || ’ ||P072)7
and the bracketing entropy integral of G ,, satisfies, for all § > 0,

Jp(0, G | R e) < Cudp(C 10,00, | - I p2).

The upcoming lemma relates characterizes the || - ||p, 2 and the || - || norm of g,, and the
bracketing numbers in || - || p, 2 norm of Gy ,,.

Lemma 3.10. Consider g, ,, defined above. For every § € ©,,
1920(0) | 202 < (1000 + 3an) (|0 — Onl| .2
1920(0) [0 < 2an([|00]lc + 3an),
and, for all ¢ > 0,
Nﬂ(€7g2,m || ’ HP072) < N[]((||90||oo + 3an)_1€7 @m || : ||P0,2)7
and, for all 6 > 0,
T8, Gons ||+ 1 po.2) < (10010 + 3a) Ty (([100]15 + 3an) ™16, 00, || - [1y,2)-

In addition to lemma 3.3 (lemma 3.4.2 from van der Vaart and Wellner [1996]), we will use the
maximal inequality of lemma 3.4.3 from van der Vaart and Wellner [1996], which we restate here.

Lemma 3.11 (Lemma 3.4.3 in van der Vaart and Wellner [1996]). Let F be a class of measurable
functions such that || f||ps < 0 for every f € F. Then

J 57‘F7 ' ,
Ep iug\ﬁ(Pn — P)f| < Jy(8, F. || - |l pB) (1 + K I ||PB)> '
€

52 /n

We can now present the proof of theorem 3.2.

Proof. We will oragnize the proof in three steps
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Step 1: Checking that M,,, M,,, and d,, satisfy the conditions of theorem 3.3.

* By definition of d,,, for all § € ©,,, M,,(6) — M, (0,)) = —d2(0,6,,), therefore condition 3.3
is satisfied.

« By definition of 6,,, M,,(,) > M,,(6,) — Op(r2).

n

We will apply the theorem with 7 = oo.

Step 2: Bounding the modulus of continuity. We have that

Ep, esuep |(Mn - Mn)(‘g) - (Mn - Mn)(en”
dn(ee,a,ﬁga

=LEp, sup % (0(Xi) = 0(X3))es + (P — Po)((0 = 60)* — (6 — 00)*)

dn(0,0m)<s =1

=2Ep, sup |[(By—Ro)g1n(0)| + Ep, sup |(Py — Fo)gan(0)],
0e6, 0c0,
o (6,60)<5 dn(0.0,)<6

with ¢, ,, and g, ,, as defined above. From lemma 3.7, for any 6 € ©,,, |0 — 0,,||p,2 < d(0,6,,), and
from corollary 3.4 and lemma 3.10, that ||§ — 6,,||, > < J implies that ||g1.,(0)| .5+, < Cnd and
(I160]l o + 3an)d. Therefore, the right-hand side of the above display is upper-bounded by

2Ep,  sup  [(Py— Ro)gl + Er, sup (P — Fo)gl,
gegl,n g€g2,n
l9ll Py, B.tn <Cnd llgllpy,2<(lI60ll Py, 2+3an)s

where G, ,, and G, ,, are as defined above.
From lemma 3.3 and lemma 3.11, we can bound the above display by

‘]H(Cnéa gl,?"m H : HP,B,tn)
C25%/n

nm«a@gmunwaam>(r+

+ J[]((HQOHOO + San)57 g2,m “ : HP072)
o (1 0 #3008 G- 2k + 30
(I1Bolloc + 3an)?6%y/n
<(J(Cad, Gin, |- p.san) + Ty ((100]loo + 3an)d, Gans || - |y 2))
" (1 L+ 0G0 G | - llppe) T (Il +300)0 Gom, || - llr,2)20n ([0l + 3an)> '
Cro%y/n (I16ollc + 3an)?6*v/n

3.4)

From lemma 3.9,

J[]<Cn67 gl,n7 || : HP,B,tn) S CnJ[](57 @Tm || : HP0,2>-



Therefore,

‘][](O’fl57 gl,m H ' HP,B,tn) < C—l ‘][](57 @m H ) ||Po,2)
C262 /i = ovn

From lemma 3.10,

J[]((HQOHOO + 3GN>57 g27n7 H ’ ||P0,2) < (||00||P072 + San)‘]ﬂ(év @n’ || ’ ||P072)'
Therefore,

Ji((bolloo + 3an)d, G, || - Il o,2)26n([100]loo + 3an)
(I1olloc + 3an)?0%y/n

Therefore, we can bound (3.4) by

< ([16ollo + 3an) Jy (6, O, [| - [| £y 2)-

(Co+ 3an + 10l ) Ty (5,0 | - 102) (1 1!
< 6n(6).

with

Ciot 4+ 3an + [160]l00) Ty (6, On, || - | 2y.2)
NG

6n(6) =((C (0 ) + 3)an + [B0l1o0) 7 (5,00 ] - 17,2)
(14 (€t 300+ 100) 0.8 | - 2\
34 /n

Step 3: Checking the rate condition. Recall that we set
r, = C(r, d)’l/S((é’ + 3)an + |60]|s0) " (log n)’Q(d’l)/gnl/S.
Therefore,

rn((C+ B)an + [00lloc) Jy (i, Oy [ - [1702)
S (€ + 3)an + [100]l0)C (1, d) 2,27, 2 (log (ara)) !

S 1 2((C + 3)an + [|6o]l0)*2C(r, d)' 2 (log )
SV,

93

where, we used in the third line above, that since a, = O(n?) for some p > 0, log(a,r,) =

O(log n), and in the fourth line, we replaced r,, with its expression. Therefore,

rad(1/ra) S Vn,

which concludes the proof.
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3.D.1 Proofs of the technical lemmas

Proof of lemma 3.7. The proof follows easily from observing that ©,, is convex and that 6,, is the
projection on ©,, of 6, for the || - || p, 2 norm. O

Proof of lemma 3.8. By definition of the Bernstein norm, and using the power series expansion of
¢, we have

p k k
||91||P03t t_QZtk Of

Py P
=t~ 221&’“ (/") Poc”

3 tE MV 2B [e¥]
<t 2Hf||2PO,QZ -

k!
k=2
_ P MPEp, [e]
<A b2 Y
k=2 )

<t [ flI5 2 By €]
2
St_z Hf”?%,?em ‘

The second line in the above display follows from the fact that X and e are independent under F.
The fourth line uses that M > 1, which implies that M k=2 < MP*. The sixth line uses that ¢ is
sub-exponential with parameters («, /). This proves the first claim.

The second claim follows by the exact same reasoning, by 2rcplacing e with |e| in the above

developments and using that for t = (a/ M), Ep, [eMel] < e2a72. O

Proof of lemma 3.9. . Let € ©,, Consider [, u] an (¢, || - || p, 2)-bracket for 6. By appropriately
thresholding ! and u, we can ensure that [, v have values in [—a,,, a,] while still preserving that
[l <6 <wand ||l —u|lp2 < e Forall z, e, we have that

A(z,e) < (0(x) — 0,(x))e < T'(x,e),

where

Ax,e) = (1—6,)(x)et + (u—6,)(x)e,
and

[(z,e) = (u—0,)(z)e" + (I —0,)(z))e.
For all z, e,

[(x,e) — Az, e) = (u—1)(x)]e].
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Set t,, = (2a,a). From lemma 3.8, |[I' — A||p, 5, < 20/ Me” (@¥)*/(4e/ (@) ¢,
We have just shown that an (e, ||- || p, 2)-bracketing of O,, induces a (Cye, || - || 5, 5.+, )-bracketing
of G ,,, which implies that

Ny(&, Grns || lpo..2.) < Ny(Crle, O, [ - Iy 2)-

Therefore, using the above bound on the bracketing number of G, ,,, and doing a change of variable
in the integral, we obtain that

)
‘]H(éa gl,nv || : ||P07B7tn) :/ \/log N[](Ea gl,n7 || : ||P(),B,tn)d€
0

é
g/ \/logN[](Cgle, On, || - | po,2)de
0

cyls
<Co [\l Ny 00 - n2)du
0
SCnJ[](Cgl(S, @nv || ' HP0,2)'
O

Proof of lemma 3.10. The first two claims are elementary.
We turn to the claim on the bracketing numbers. Let [/, u] be an (¢, || - || , 2)-bracketing of ©,,.
Defining
A=u20—0y—0,)" —1(20 — 0y —0,)"
and ' =1(20 — 0y — 0,,)" — u(20 — 6y — 6,,),

we have that A < (0 —6,,)(20 — 6y — 0,,) < T. Observe that
T — A= (u—10)[20— 6 — 6,].

Therefore ||I'— Al p, 2 < €(3a,+ 0]l ). This proves that an (e, || - || , 2)-bracketing of ©,, induces
an (e(||6o||oo + 3an), || - || p,,2)-bracketing of G ,,. From there, proceeding as in the proof of lemma
3.9 yields the claims on the bracketing number and the bracketing entropy integral. [
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Chapter 4

Generalized Policy Elimination: an efficient
algorithm for Nonparametric Contextual
Bandits

AURELIEN BIBAUT, ANTOINE CHAMBAZ, MARK VAN DER LAAN
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In this chapter, we look into the problem of sequential decision making under the stochastic
contextual bandit setting presented in subsection 1.2.1. Consistently with our objective of avoiding
modelling assumptions not warranted by the available domain knowledge, we consider only non-
parametric policy classes. In this chapter, we make progress toward computationally efficient con-
textual bandit algorithms that achieve the minimax regret rate over nonparametric policy classes.

Specifically, we propose the Generalized Policy Elimination (GPE) algorithm, which is the
first to be regret optimal (up to logarithmic factors) for policy classes with integrable entropy,
while only making a polynomial (in time) number of calls to optimization oracles.

For classes with larger entropy, we show that the core techniques used to analyze GPE can be
used to design an e-greedy algorithm with regret bound matching that of the best algorithms to
date.

At a technical level, the key enabler of our regret analysis is a novel maximal inequality for
importance sampling weighted martingale processes. On the computational side, we provide exam-
ples of nonparametric policy classes over which the relevant optimization oracles can be efficiently
implemented.

4.1 Introduction

In the contextual bandit (CB) feedback model, an agent (the learner) sequentially observes a vector
of covariates (the context), chooses an action among finitely many options, then receives a reward
associated to the context and the chosen action. A CB algorithm is a procedure carried out by the
learner, whose goal is to maximize the reward collected over time. Known as policies, functions
that map any context to an action or to a distribution over actions play a key role in the CB literature.
In particular, the performance of a CB algorithm is typically measured by the gap between the
collected reward and the reward that would have been collected had the best policy in a certain
class II been exploited. This gap is the so-called regret against policy class 11. The class II is
called the comparison class.

The CB framework applies naturally to settings such as online recommender systems, mobile
health and clinical trials, to name a few. Although the regret is defined relative to a given policy
class, the goal in most settings is arguably to maximize the (expected cumulative) reward in an
absolute sense. It is thus desirable to compete against large nonparametric policy classes, which
are more likely to contain a policy close to the best measurable policy.

The complexity of a nonparametric class of functions can be measured by its covering numbers.
The e-covering number N (¢, F, L.(P)) of a class F is the number of balls of radius ¢ > 0 in
L,.(P) norm (r > 1) needed to cover F. The e-covering entropy is defined as log N (¢, F, L,.(P)).
Upper bounds on the covering entropy are well known for many classes of functions. For instance,
the e-covering entropy of a p-dimensional parametric class is O(plog(1/¢)) for all » > 1. In
contrast, the e-covering entropy of the class {f : [0,1]¢ — R : Va,y, |f*D(z) — floD(y)| <
M ||z — y||*~L*J} of d-variate Holder functions is O(e=%%) for r = oo (hence all » > 1) [van der
Vaart and Wellner, 1996, Theorem 2.7.1]. Another popular measure of complexity is the Vapnik-

'] is the integer part; f(") is the m-th derivative.
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Regret exponent vs. entropy exponent

eps. greedy
FK

08 full info
GPE

Exponent f(p) in regret O(Tﬂp])

0 1 2 3
Exponent p in entropy O{s’p)

Figure 4.1: Exponent in regret upper bound (up to logarithmic factors) as a function of the expo-
nent in the (supremum norm) covering entropy. FK is the theoretical upper bound of Foster and

Krishnamurthy [2018]. Full info is the bound achieved by Empirical Risk Minimizers under full
information feedback.

Chervonenkis (VC) dimension. Since the e-covering entropy of a class of VC dimension V' is
O(rV'log(1/e)) for all » > 1 [van der Vaart and Wellner, 1996, Theorem 2.6.7], the complexity of
a class with finite VC dimension is essentially the same as that of a parametric class.

We will consider classes II of policies with either a polynomial or a logarithmic covering
entropy, for which log N (e, II, L,(P)) is either O(e~?) for some p > 0 or O(log(1/¢)). The
former are much bigger than the latter.

Efficient CB algorithms competing against classes of functions with polynomial covering en-
tropy have been proposed [e.g. by Cesa-Bianchi et al., 2017, Foster and Krishnamurthy, 2018].
However, these algorithm are not regret-optimal in a minimax sense. In parallel, Dudik et al.
[2011], Agarwal et al. [2014] have proposed efficient algorithms which are regret-optimal for fi-
nite policy classes, or for policy classes with finite VC dimension. Thus there seems to be a gap: as
of today, no efficient algorithm has been proven to be regret-optimal for comparison classes with
polynomial entropy (or with infinite VC dimension). In this article, we partially bridge this gap.
We provide the first efficient algorithm to be regret-optimal (up to some logarithmic factors) for
comparison classes with integrable entropy (that is, log N (¢, I, L,.(P)) = O(e™?) for p € (0,1)).
Our main algorithm, that we name Generalized Policy Elimination (GPE) algorithm, is derived
from the Policy Elimination algorithm of Dudik et al. [2011].

4.1.1 Previous work

Many contributions have been made to the area of nonparametric contextual bandits. Among oth-
ers, one way to classify them is according to whether they rely on some version of the exponential
weights algorithm, on optimization oracles, or on a discretization of the covariates space.
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Exponential weights-based algorithms. The exponential weights algorithm has a long history
in adversarial online learning, dating back to the seminal articles of Vovk [1990] and Littlestone
and Warmuth [1994]. The Exp3 algorithm of Auer et al. [2002b] is the first instance of exponen-
tial weigthts for the adversarial multi-armed bandit problem. The Exp4 algorithm of Auer et al.
[2002a] extends it to the contextual bandit setting. Infinite policy classes can be handled by run-
ning a version of the Exp4 algorithm on an e-cover of the policy class. While the Exp4 algorithm
enjoys optimal (in a minimax sense) regret guarantees, it requires maintaining a set of weights
over all elements of the cover, and is thus intractable for most nonparametric classes, because
their covering numbers typically grow exponentially in 1/e. Cesa-Bianchi et al. [2017] proposed
the first cover-based efficient online learning algorithm. Their algorithm relies on a hierarchical
cover obtained by the celebrated chaining device of Dudley [1967]. It achieves the minimax regret
under the full information feedback model but not under the bandit feedback model, although it
yields rate improvements over past works for large nonparametric policy classes. Cesa-Bianchi
et al. [2017]’s regret bounds are expressed in terms of an entropy integral. An alternative approach
to nonparametric adversarial online learning is that of Chatterji et al. [2019], who proposed an
efficient exponential-weights algorithm for a reproducing kernel Hilbert-space (RKHS) compari-
son class. They characterized the regret in terms of the eigen-decay of the kernel. They obtained
optimal regret if the kernel has exponential eigen-decay.

Oracle efficient algorithms. The first oracle-based CB algorithm is the epoch-greedy algorithm
of Langford and Zhang [2008]. Epoch-greedy allows to turn any supervised learning algorithm into
a CB algorithm, making it practical and efficient (in terms of the number of calls to a supervised
classification subroutine). Its regret can be characterized in a straighforward manner as a function
of the sample complexity of the supervised learning algorithm, but is suboptimal. Dudik et al.
[2011] introduced RandomizedUCB, the first regret-optimal efficient CB algorithm. Agarwal et al.
[2014] improved on their work by requiring fewer calls to the oracle. [Foster et al., 2018a] pointed
out that the aforementioned algorithms rely on cost-sensitive classification oracles, which are in
general intractable (even though for some relatively natural classes there exist efficient algorithms).
Foster et al. [2018a] proposed regret-optimal, regression oracles-based algorithms, motivated by
the fact that regression oracles can in general be implement efficiently. Another way to make
tractable these oracles is, in the case of cost-sensitive classification oracles, to use surrogate losses,
as studied by Foster and Krishnamurthy [2018]. They gave regret upper bounds (see Figure ??)
and a nonconstructive proof of the existence of an algorithm that achieves them. They also pro-
posed an epoch greedy-style algorithm that achieves the best regret guarantees to date for entropy
log N (¢, IT) of order e~? for some p > 2. The caveat of the surrogate loss-based approach is that
guarantees are either in terms of so-called margin-based regret, or can be expressed in terms of
the usual regret, but under the so-called realizability assumption. We refer the interested reader
to Foster and Krishnamurthy [2018] for further details.

Covariate space discretization-based algorithms. A third way to design nonparametric CB
algorithms consists in discretizing the context space into bins and running multi-armed bandit
algorithms in each bin. This approach was pioneered by Rigollet and Zeevi [2010] and extended
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by Perchet and Rigollet [2013]. They take a relatively different perspective from the previously
mentioned works, in the sense that the comparison class is defined in an implicit fashion: they
assume that the expected reward of each action is a smooth (Holder) function of the context, and
they compete against the policy defined by the argmax over actions of the expected reward. Their
regret guarantees are optimal in a minimax sense.

4.1.2 Our contributions

Primary contribution. In this article, we introduce the Generalized Policy Elimination algo-
rithm, derived from the Policy Elimination algorithm of Dudik et al. [2011]. GPE is an oracle-
efficient algorithm, of which the regret can be bounded in terms of the metric entropy of the policy
class. In particular we show that if the entropy is integrable, then GPE has optimal regret, up to
logarithmic factors. The key enabler of our results is a new maximal inequality for martingale
processes (Theorem 4.5 in appendix 4.C), inspired by [van de Geer, 2000, van Handel, 2011].
Although our regret upper bounds for GPE are no longer optimal for policy classes with non-
integrable entropy, we show that we can use the same type of martingale process techniques to
design an e-greedy type algorithm that matches the current best upper bounds.

Comparison to previous work. Earlier works on regret-optimal oracle-efficient algorithms
[Dudik et al., 2011, Agarwal et al., 2014, Foster et al., 2018a, for instance] have in common that
the regret analysis holds for a finite number of policies or for policy classes with finite VC dimen-
sion. GPE is the first oracle-efficient algorithm for which are proven regret optimality guarantees
against a truly nonparametric policy classes (that is, larger than VC).

Secondary contributions. In addition to the nonparametric extension of policy elimination and
analysis of e-greedy in terms of (bracketing) entropy, we introduce several ideas that, to the best
of our knowledge, have not appeared so far in the literature. In particular, we demonstrate the
possibility of doing what we call direct policy optimization, that is of directly finding a maximizer
7 of m — V() over IT where V() estimates the value V() of policy . As far as we know, no
example has been given yet of a nonparametric class II for which 7 can be efficiently computed,
although some articles postulate the availability of 7 [Luedtke and Chambaz, 2019, Athey and
Wager, 2017]. Here, we exhibit several rich classes for which direct policy optimization can be
efficiently implemented. Another secondary contribution is the first formal regret bounds for the
e-greedy algorithm, which follows from the same type of arguments as in the analysis of GPE. We
were relatively surprised to see that unlike the epoch-greedy algorithm, the e-greedy algorithm has
not been formally analyzed yet, to the best of our knowledge. This may be due to the fact that
doing so requires martingale process theory, which has only recently started to receive attention in
the CB literature.

4.1.3 Setting

For each m > 1, denote [m] = {1,...,m}.
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At time ¢ > 1, the learner observes context W, € W = [0,1]%, chooses an action A; € [K],
K > 2, and receives the outcome/reward Y; € {0,1}. We suppose that the contexts are i.i.d.
and the rewards are conditionally independent given actions and contexts, with fixed conditional
distributions across time points. We denote O; the triple (W;, Ay, Y;), and P the distribution® of the
infinite sequence Oy, Oy, ..., O, . ... Moreover, let O™ = (Wl Aref y) be a random variable
such that W't ~ W, Af|iwrel ~ Unif([K]), Y| A Wl ~ Yi|A;, W,. We denote F} the
filtration induced by Oy, ..., O;.

Generically denoted f or 7, a policy is a mapping from W x [K]| to R, such that, for all
w €W, > i f(a,w) = 1. Thus, a policy can be viewed as mapping a context to a distribution
over actions. We say the learner is carrying out policy 7 at time ¢ if, for all a € [K], w € W,
P[A; = a|W; = w] = 7(a,w). Owing to statistics terminology, we also call design the policy
carried out at a given time point. The value V() of 7 writes as

V() = Ep | > Ep[Y|A=a,Wr(a]W)

a€[K]

For any two policies f and g, we denote

V(g,f) = Ep Z% . (4.1)
]

a€[K

We call V' (g, f) the importance sampling (IS) ratio of f and g. The IS ratio drives the variance of
IS estimators of V(f) had the data been collected under policy g.

4.2 Generalized Policy Elimination

Introduced by Dudik et al. [2011], the policy elimination algorithm relies on the following key
fact. Let g,f be the uniform distribution over actions used as a reference design/policy:

Y(a,w) € [K] x W, gret(a,w) = K.

Proposition 4.1. Let 6 > 0. For all compact and convex set F of policies, there exists a policy
g € F such that

sup V((Sgref + (1 - 5)97 f) < 2K. (42)
feF

We refer to their article for a proof of this result. Proposition 4.1 has an important conse-
quence for exploration. Suppose that at time ¢ we have a set of candidate policies F;, and that
the designs g, ..., g; satisfy (4.2) with F; substituted for /. We can then estimate the value of

2P is partly a fact of nature, through the marginal distribution of context and the conditional distributions of reward
given context and action, and the result of the learner’s decisions.



103

candidate policies with error uniformly small over ;. This in turn has an important implication
for exploitation: we can eliminate from F; all the policies that have value below some well-chosen
threshold, yielding a new policy set J;,1, and choose the next exploration policy g;1 in Fyiq.
This reasoning suggested to Dudik et al. [2011] their policy elimination algorithm: (1) initialize
the set of candidate policies to the entire policy class, (2) choose an exploration policy that ensures
small value estimation error uniformly over candidate policies, (3) eliminate low value policies, (4)
repeat steps (2) and (3). We present formally our version of the policy algorithm as algorithm 4.1
below.

In this section, we show that under an entropy condition, and if we have access to a certain
optimization oracle, our GPE algorithm is efficient and beats existing regret upper bounds in some
nonparametric settings. Our contribution here is chiefly to extend the regret analysis of Dudik et al.
[2011] to classes of functions characterized by their metric entropy in L., (P) norm. This requires
us to prove a new chaining-based maximal inequality for martingale processes (Theorem 4.6 in
appendix 4.C). On the computational side, our algorithm relies on having access to slightly more
powerful oracles than that of Dudik et al. [2011]. We present them in subsection 4.2.2 and give
several examples where these oracles can be implemented efficiently.

We now formally state our GPE algorithm. Consider a policy class F. For any policy f, any
0= (w,a,y) € W x [K] x {0, 1}, define the policy loss and its IS-weighted counterpart

((f)(0) = fla,w)(1 —y),

0()0) = %ﬂa,w)(l ),

the corresponding risk R(f) = E[(( O] = Ep[t,(f)(O,)] and its empirical counterpart
Ri(f) =171 3, G()(07).

Algorithm 4.1 Generalized Policy Elimination

Inputs: policy class F, € > 0, sequences (;)¢>1, (Z¢)i>1-
Initialize F; as F.
fort > 1do

Find g; € F; such that, for all f € F;,

t—1

| falw,)
=12 G+ - s)go ety = 2K 3

=1

Define g; = 0;grer + (1 — 6;)Gs.
Observe context W;, sample action A; ~ ¢,(-|W;), collect reward Y;.
Define F;, as

{feftzﬁt(f) §min§t(f)+xt}. (4.4)

feF

end for
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4.2.1 Regret analysis
Our regret analysis relies on the following assumption.

Assumption 4.1 (Entropy condition). There exist c > 0, p > 0 such that, for all € > 0,
log N(e, F, Loo(P)) < ce?.

Defining F; 1 C F; as (4.4), the policy elimination step, consists in removing from J; all the
policies that are known to be suboptimal with high probability. The threshold z; thus plays the role
of the width of a uniform-over-#; confidence interval. Set € > 0 arbitrarily. We will show that the
following choice of (d;),>; and (z,),>1 ensures that the confidence intervals hold with probability
1 — 6, uniformly both in time and over the successive F,’s: for all 7 > 1, 6, = 7~ (1/2A1/(2P)) and

T, = x.(€) = UT(E){ 1CA1 -+ u Cf/\F/r(e) 8 \/log (@)

723

e (51))

— defined in appendix 4.D, v.(¢) is a high probability upper bound on

sup Varp({,(f)(O7)|Fr-1).
feF-

It is constructed as follows. It can be shown that the conditional variance of £, (f)(O,) given F,_;
is driven by the expected IS ratio Ep[)_ ) f(a, W)/g-(a, W)|F;_]. Step 4.3 ensures that the
empirical mean over past observations of the IS ratio is no greater than 2/, uniformly over F,.
The gap (v, (€) — 2K) is a bound on the supremum over F, of the deviation between empirical IS
ratios and the true IS ratios.

We now state our regret theorem for algorithm 4.1. Let f* = arg min ;. » be the optimal policy
in F.

Theorem 4.1 (High probability regret bound for policy elimination). Consider algorithm 4.1. Sup-
pose that Assumption 5.1 is met. Then, with probability at least 1 — T¢, forall t > 1,

S -Y)

=1

t

¢
< y[tlog <%> + 22:67(6) + 267
T=1

T=1

O (Vi(og(1))™)  ifpe )
o oe®)?) e

The proof of Theorem 4.1, presented in appendix 4.D, hinges on the three following facts.
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1. Controlling the supremum w.r.t. f € JF. of the empirical estimate of the IS ratio (see (4.3)
in the first step of the loop in algorithm 4.1) allows to control the supremum w.r.t. f of the
true IS ratio V' (g,, f).

2. With the specification of (x;)¢>; and (d;);>1 sketched above we can guarantee that, with
probability at least 1 — 3¢, f* € F, C ... C Fi.

3. If f* € F, then we can prove that, with probability at least 1 — 5e, for all T € [t],
R(§T> - R(f*) < 2,1;7_(6).

This in turn yields a high probability bound on the cumulative regret of algorithm 4.1.

4.2.2 An efficient algorithm for the exploration policy search step

We show that the exploration policy search step can be performed in O(poly(¢)) calls to two opti-
mization oracles that we define below. The explicit algorithm and proof of the claim are presented
in appendix 4.F.

Definition 4.1 (Linearly Constrained Least-Squares Oracle). We call Linearly Constrained Least-
Squares Oracle (LCLSO) over F a routine that, for any t > 1, ¢ > 1, vector w € R¥?, sequence
of vectors Wy, ..., W, € W, set of vectors uy, ...,u, € REY, and scalars by, ..., b,, returns, if there
exists one, a solution to

. o 2 .
min Z (w(a, ) — f(a, W) subject to
a€[K]
TE[t]
Vm € [q], Z Um(a, ) f(a, W;) < b,.

a€[K]
TE]

Definition 4.2 (Linearly Constrained Cost-Sensitive Classification Oracle). We call Linearly Con-
strained Cost-Sensitive Classification Oracle (LCCSCO) over F a routine that, for any t > 1,
q > 1, vector C € (R,)%Y, set of vectors W, ..., W, € W), set of vectors uy, ..., u, € R*', and set
of scalars by, ..., by, € R returns, if there exists one, a solution to

IfIél}:l Z C(a,7)f(a, W) subject to
a€[K]
TE[t]

Vm € [q], Z um(a, 7) f(a, W) < b,.

a€[K]
TEt]

The following theorem is our main result on the computational tractability of the policy search
step.
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Theorem 4.2 (Computational cost of exploration policy search). For every t > 1, exploration
policy search at time t can be performed in O((Kt)?logt) calls to both LCLSO and LCCSCO.

The proof of Theorem 4.2 builds upon the analysis of Dudik et al. [2011]. Like them, we use
the famed ellipsoid algorithm as the core component. The general idea is as follows. We show that
the exploration policy search step (4.3) boils down to finding a point w € RX? that belongs to a
certain convex set U/, and to identifying a g, € F; such that y__ _(f(a, W,) — w(a,7))* < Afora
certain A > 0. In section 4.F.1, we identify ¢/ and A. In section 4.F.2, we demonstrate how to find
a point in / with the ellipsoid algorithm.

4.3 Finite sample guarantees for c-greedy

In this section, we give regret guarantees for two variants of the e-greedy algorithm competing
against a policy class characterized by bracketing entropy, denoted thereon log /V[}, and defined
in the appendix®. Corresponding to two choices of an input argument ¢, the two variants of al-
gorithm 4.2 differ in whether they optimize w.r.t. the policy either an estimate of its value or an
estimate of its hinge loss-based risk.

We formalize this as follows. We consider a class JFq of real-valued functions over VW and
derive from it two classes F'¢ and F""&° defined as

F={(a,w) = fo(w): fi,..., fx € Fo,
Yw e W, (fi(w), ..., fx(w)) € A(K)}, 4.5)

where A(K) is the K -dimensional probability simplex, and

JFhinge {(a,w) = fa(w) @ fi,... fx € Fo,
Yw € W, Y e falw) = 0}, (4.6)

Let ¢' be the identity mapping and ¢""&° be the hinge mapping = — max(0, 1 + z), both over
R. Following exisiting terminology [Foster and Krishnamurthy, 2018, for instance], an element of

F is called a regressor. Each regressor f is mapped to a policy 7 through a policy mapping, either
Tdif f € Fd or Fhinee if f € Fhinee where, for all (a,w) € [K] x W,

%Id(f)(av w) = f(a’ w),

e ( f)(a,w) = 1{a = argmax f(a’,w)}.
a’'€[K]

For ¢ set either to ¢'¢ or ¢""&¢, for any f : [K] x W — R, for every o = (w,a,y) €
W x [K] x {0,1} and each 7 > 1, define

(f)(0) = ¢(f(a,w))(1 —y),

*It is known that log N (¢, F, L,.(P)) is smaller than log Nj(2¢, F, L,.(P)) for all € > 0.
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1) s gref<a7w> a. W .
) = EE S o w)(1 ),

the corresponding ¢-risk R?(f) = E[(?(f)(O™)] = Ep[t¢(f)(O,)] and its empirical counterpart
Ri(f) =t 3L _ 2(f)(O,). Finally, the risk of any policy 7 is defined as R(r) = R?(r) with
¢ = ¢! and the hinge-risk of any regressor f € FUine i defined as RM"¢(f) = R®(f) with
(b — (bhinge.

We can now present the e-greedy algorithm.

Algorithm 4.2 ¢-greedy.

Input: convex surrogate ¢, regressor class F, policy mapping 7, sequence (0;);>1.
Initialize 7y as gref
fort > 1do

Define policy as mixture between ¢,.r and 7;_1:

Gt = OGret + (1 — 0¢) Ty

Observe context IW;, sample action A; ~ g;(-|W,), collect reward Y;.
Compute optimal empirical regressor

feF

- 14
J = argmin ; 2(£)(0,). (4.7)

~

Compute optimal policy estimator 7; = 7(f;).
end for

We consider two instantiations of the algorithm: one corresponding to (¢'¢, 714, 714) and called
direct policy optimization, the other corresponding to (phinee, Fhinge zhinge) and called hinge-risk
optimization.

Regret decomposition. Denote 7}; the optimal policy in IT = 7(F) and 7* any* optimal mea-
surable policy. The key idea in the regret analysis of the e-greedy algorithm is the following
elementary decomposition (details in appendix 4.E):

Y, — R(w) = Y, = Ep[Yil Fi_1] + 8i(R(gwr) — R(r")) +(1 = 6) (R(Fi1) — R(x")) . (4.8)
rewar‘d, noise explora‘gon cost exploitggon cost

Control of the exploitation cost. In the direct policy optimization case, we can give exploitation
cost guarantees under no assumption other than an entropy condition on /. In the hinge-risk
optimization case, we need a so-called realizability assumption. Denote RX, = {z € R :

Zae[m zq = 0}

4There may exist more than one.




108

Assumption 4.2 (Hinge-realizability). Let

f*= argmin Rhinge(f)
[IIK]xW—RE
be the minimizer over all measurable regressors of the hinge-risk. We say that a regressor class
Fhinge satisfies the hinge-realizability assumption for the hinge-risk if f* € JFhinee,

Imported from the theory of classification calibration, Assumption 4.2 allows us to bound the
risk of a policy R(7"&°( )) in terms of the hinge-risk of the regressor f. The proof relies on the
following result:

Lemma 4.1 (Hinge-calibration). Consider a regressor class F""&. Let

7€ argmin R(m)
m[K]xW—A(K)

be an optimal measurable policy. It holds that R(7*) = R(7""¢¢( f*)) and, for all f € Frinee,
R(%hinge(f)) o R(ﬂ'*) S Rhinge(f) _ Rhinge(f*).

We refer the reader to Bartlett et al. [2006], Avila Pires and Szepesvari [2016] for proofs,
respectively when K = 2 and when K > 2. Under Assumption 4.2, Lemma 4.1 teaches us that we
can bound the exploitation cost in terms of the excess hinge-risk R""8°( f)—min p¢ rhinge RM78°(f7),
a quantity that we can bound by standard arguments from the theory of empirical risk minimization.
The fondamental building block of our exploitation cost analysis is therefore the following finite
sample deviation bound for the empirical ¢-risk minimizer.

Theorem 4.3 (¢-risk exponential deviation bound for the e-greedy algorithm). Let ¢ and F be
either ¢'4 and F'¢ or ¢""&° and F™°. Suppose that g1, . . . , g, is a sequence of policies such that,
forall T € [t], g, is F._i-measurable. Suppose that there exist B, > 0 such that

sup  sup  [9(fi(a, w)) = ¢(fa(a, w))| < B,

J1,f2EF a€[K],weW

min g(A,, W;) > d a.s.
TEL

Define [ = argmin;r R®(f), the F-specific optimal regressor of the ¢-risk, and let ﬁ be the
empirical ¢-risk minimizer (4.7). Then, for all x > 0 and « € (0, B),

P|R*(f)) — R*(f3) > H, (a, 8, B°K/, B)
+ 160B+/ Kz /ot +3B/dtx| < 2e™ 7,

with Hy(a, 8, v, B) = o + 1604 /v /t

B
3B
X/ \/log(1+NH(e,.7:,L2(P))de+6—10g2.
/2 t
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As a direct corollary, we can express rates of convergence for the ¢-risk in terms of the brack-
eting entropy rate.

Corollary 4.1. Suppose that log(1 + Nyj(e, F, Ly(P))) = O(e™P) for some p € (0,1). Then
RO(Jy) = R2(f3) = Op (1) (373)).

Control of the regret. The cumulative reward noise S _, (Y; — Ep[Y;|F,_1]) can be bounded by
the Azuma-Hoeffding inequality. From (4.16) and Corollary 4.1, ; controls the trade off between
the exploration and exploitation costs. We must therefore choose a ¢; that minimizes the total

of these two which, from the above, scales as O(d; + (tét)_(%A%)). The optimal choice is J; o

=G ). The following theorem formalizes the regret guarantees under the form of a high-
probability bound.

Theorem 4.4 (High probability regret bound for e-greedy.). Suppose that the bracketing entropy
of the regressor class F satisfies log(1 + Njj(e, F, Lo(P)) = O(e™P) for some p > 0. Set 0, =

~(3Vak)
t forallt > 1. Suppose that
o either ¢ = ¢'9, F is of the form F'9, 7 = 74,
s or ¢ = ¢Mee, Fis of the form F'nee, 7 = 7hinee and F satisfies Assumption 4.2.

Then, with probability 1 — €,

t

> V() = Y;) < V/tlog(2/e) + 771 \/log(2t(t + 1) e).

=1

4.4 Examples of policy classes

4.4.1 A nonparametric additive model

We say that a(e) = O(b(e)) if there exists ¢ > 0 such that a(e) = O(b(e)log®(1/¢)). We present
a policy class that has entropy 6(6_1>, and over which the two optimization oracles presented in
Definitions 4.1 and 4.2 reduce to linear programs. Let ([0, 1]) be the set of cadlag functions and
let the variation norm || - ||, be given, for all » € D([0, 1]), by

m—1

2]l = sup sup Y [A(wisr) = h(z)]

m>2x1,...,Tm i1

where the right-hand side supremum is over the subdivisions of [0, 1], that is over {(z1, ..., %) :
0<z<...<z, <1}. Set C, M > 0 then introduce

H = {h e D((0,1]) - |[a[l, < M}
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and the additive nonparametric additive model derived from it by setting Fy =

d
{(a,w) = agihy(w) : |ag] < C hey € H}.

=1

Let F = F' derived from F; as in (4.5).
The following lemma formally bounds the entropy of the policy class.

Lemma 4.2. There exists ¢y € (0, 1) such that, for all € € (0, ¢),
log Njj(e, F, || - lloo) <K log Nyj(€, Fo, [| - [loc)
<Kcoe 'log(1/e).
for some ¢y > 0 depending on (C,d, M).

We now state a result that shows that LCLSO and LCCSCO reduce to linear programs over JF.
We first need to state a definition.

Definition 4.3 (Grid induced by a set of points). Consider d subdivisions of [0, 1] of the form

0=wi1 <wo<...<wy =1,

0 =Wd1 S W1,2 S S Wd,qq = 1.

The rectangular grid induced by these d subdivisions is the set of points (w1 ;,, Wa 4y, . . ., Wi 4i,) With
i1 € [q1], -, ia € [qq)- We call a rectangular grid any rectangular grid induced by some set of d
subdivisions of [0, 1].

Consider a set of points w1, . .., w, € [0,1]% A minimal grid induced by wy, . . . w, is any rect-
angular grid that contains w, . . . w, and that is of minimal cardinality. We denote by G(wy, . . .,
wy,) a minimal rectangular grid induced by wy, . . . w, chosen arbitrarily.

Lemma 4.3. Let wo = 0,wi, ..., w; € [0,1]% Foralll € [d], let Hyy = Hyy(woy, ..., wey) =
t t
{x — ZBTl{fL’ Z U)TJ} : /BT S R?Z |B7'| S M}
7=0 =0

and jfo,t =
d
{(a,w) =" agihai(w) : [oag| < B, hay € Hiy}-
=1

Let (Uq,7)ac[k),-c]y) be a vector in RE, Let ]7* be a solution to the following optimization problem

(P2):

max 37 3 g fla, W)

fe]'—O,t aG[K] =1
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s.t. Va € [K], Yw € G(wo, ..., wy), fla,w) >0, 4.9)
Yw € G(wo, ..., wy), Zfaw—l (4.10)

a€[K]

Then, ]?is a solution to the following optimization problem (P;):

t
max »  » uarf(a, W)

a€[K] 7=1
s.t. Va € [K],Yw € [0,1]%, f(a,w) >0, 4.11)
Yw € [0,1] Zfa,wzl (4.12)

4.4.2 Cadlag policies with bounded sectional variation norm

The class of d-variate cadlag functions with bounded sectional Variation norm is a nonparametric
function class with bracketing entropy bounded by O(¢~'log(1/¢)2(@=1), over which empirical
risk minimization takes the form of a LASSO problem. It has received attention recently in the
nonparametric statistics literature [van der Laan, 2016, Fang et al., 2019, Bibaut and van der Laan,
2019]. Empirical risk minimizers over this class of functions have been termed Highly Adaptive
Lasso estimators by van der Laan [2016]. The experimental study of Benkeser and van der Laan
[2016] suggests that Highly Adaptive Lasso estimators are competitive against supervised learning
algorithms such as Gradient Boosting Machines and Random Forests.

Sectional variation norm. For a function f : [0,1]? — R, and a non-empty subset s of [d],
we call the s-section of f and denote f, the restriction of f to {z € [0,1]¢ : Vi € s,z; = 0}.
The sectional variation norm (svn) is defined based on the notion of Vitali variation. Defining
the notion of Vitali variation in full generality requires introducing additional concepts. We thus
relegate the full definition to appendix 4.H, and present it in a particular case. The Vitali variation
of an m-times continuously differentiable function g : [0, 1]™ — R is defined as

omg
Vg = [
(g> [0,1]™ ax]_ c. &Bm

For arbitrary real-valued cadlag functions ¢g on [0, 1] (non necessarily m times continuously
differentiable), the Vitali variation V(™) (g) is defined in appendix 4.H. The svn of a function
f:10,1]¢ — R is defined as

£l = 1F O+ > vUh(s

P#£sC[d]

that is the sum of its absolute value at the origin and the sum of the Vitali variation of its sections.
Let D([0, 1]¢) be the class of cadlag functions with domain [0, 1]¢ and, for some M > 0, let

Fo={febD(0,1]") : | fll. < M} (4.13)

be the class of cadlag functions with svn smaller than M.
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Entropy bound. The following result is taken from [Bibaut and van der Laan, 2019].

Lemma 4.4. Consider F defined in (4.13). Let P be a probability distribution over [0, 1]¢ such
that ||-||p2 < col|-|| 4,2, with v the Lebesgue measure and co > 0. Then there existc; > 0,¢€y € (0,1)
such that, for all € € (0, ¢y) and all distributions P over [0, 1]¢,

log Njj (€, Fo, La(P)) < exMe™ log(M /e)***.

Representation of ERM. We show that empirical risk minimization (ERM) reduces to linear
programming in both our direct policy and hinge-risk optimization settings.

Lemma 4.5 (Representation of the ERM in the direct policy optimization setting). Consider a

class of policies of the form F'¢ (4.5) derived from Fq (4.13). Let ¢ = Mg Suppose we have

observed (W1, A1, Y1), ..., Wi, A Y,) and let W, ... | W, be the elements of G(W1, ..., W,).
Let (3 )ac(],jeim) be a solution to

. {A, =a}
ﬂlelnl@lf?mz 2 {gT Ayt

Tl(ze

x Zﬁ;l{WT > Wj}}

s.t. Yl e [m ZZB“l{Wl>W}_1 (4.14)
a€[K] j=1
vl € [m],Va € [K], Y Be1{W; > W;} >0,
j=1

Va € [K], > |8 < M.
j=1

Then | : (a,w) = > 7%, B 1{w > W, 3} is a solution to mingeza S0 €2(f)(O;).

We present a similar result for the hinge-risk setting in appendix 4.H. It is relatively easy to
prove with the same techniques that ERM over F"¢ also reduces to linear programming when
JFo is an RKHS.

4.5 Conclusion

In this chapter, we proposed and analyzed a polynomial time algorithm for sequential decision
making under the stochastic contextual bandit model. Our algorithm achieves the minimax (up
to log factors) regret rate w.r.t. nonparametric policy classes with integrable entropy. For larger
classes, the regret rate isn’t minimax optimal. We believe this is due to our proof techniques, and
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that it is doable to design polynomial time algorithms for classes with non-integrable entropy as
well. One notable feature of our setting is that we do not require the realizability assumption — a
setting sometimes called the policy setting.

In our view, the main contribution of this work is to show that it is possible to design and
analyze regret efficient polynomial time algorithms on what we call “real” nonparametric classes,
in the policy setting. Our proposed solution is far from fully satisfactory, for several reasons.
Firstly, as already mentioned, our algorithm isn’t regret optimal for large entropy classes. Secondly,
as mentioned in the introduction chapter, a practical contextual bandit algorithm should not rely
on knowing a priori the complexity of the policy class, rather it should data-adaptively learn it.
Finally, it would be desirable to improve the current work in the direction of more broadly tractable
optimization oracles. This latter question has been in particular studied in Foster et al. [2018b]
where the authors propose procedures relying on square loss regression oracles instead of in general
intractable cost-sensitive classification oracles.
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4.A Additional comparisons with previous articles

Comparison with Chatterji et al. [2019]. Their regret-optimality claim holds only against
RKHS classes for which the kernel has exponential eigendecay These are small classes: the corre-
sponding policy classes have entropy log N (¢) < C'log(1/¢)?, for some constant C' > 0, which is
essentially a parametric complexity.

Comparison with the original Policy Elimination of Dudik. An essential difference is that the
Policy Elimination (PE) algorithm is not implementable, as it requires to optimize an expectation
with respect to the true distribution of contexts, which is unknown. In Dudik et al. [2011], the
authors present the Policy Elimination algorithm primarily so as to introduce their main ideas, and
then propose a substantially more complex algorithm inspired by PE, RandomizedUCB, which is
actually implementable.

Our Generalized Policy Elimination algorithm replaces the step in PE that optimizes w.r.t. a
true expectation with a step that optimizes w.r.t. an empirical expectation, which makes it imple-
mentable. Our implementable version of PE is an alternative to the rather complex Randomize-
dUCB. We however pay a price for this gained simplicity, as we have to rely on more powerful op-
timization oracles (our linearly constrained version of cost sensitive classification and least squares
oracles).

One seemingly minor difference (but key to the regret analysis) is that our algorithm comes
with different settings of the uniform exploration rate, and of the empirical regret threshold that
defines which policy to eliminate. In our work, these are dependent on the entropy of the policy
class.
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4.B Notation

Set arbitrarily n > 1 and let ¢ be either ¢'¢ or ¢""&°. We denote by P, the empirical distribution
n~' 3" Dirac(0O;). For all measurable f : [K] x W — R, we let £, (f) be the vector-valued
random function (£5(f),...,¢2(f)) over [K] x W. In order to alleviate notation, we introduce
the following empirical process theory-inspired notation. For any fixed, measurable function f :

(K] xW — R,
Plinlf) = 5 3" Bn [6(1)(0)IF .

Pati £) = 3 E(1)(00),

1 n
(P = P)lun(f) = =5~ (Ep [£()O)IFia] = £(1(01).
i=1
For a random measurable function f : [K] x W — R, we let Ply.,,(f) = Pl.,(f")| =y, and
Polion(f) | pr=p> (P = Ba)lion(f) | pr=s-

4.C Maximal inequalities

4.C.1 The basic maximal inequality for IS-weighted martingale processes

Definition 4.4 (Bracketing entropy, van der Vaart and Wellner [1996]). Given two functions [, u :
X — R, the bracket [l,u] is the set of all functions f : X — R such that, for all x € X,
l(z) < f(x) < u(x). The bracketing number Ny (e, F, L,(P)) is the number of brackets [l, u] such
that ||l — u||p, < € needed to cover F.

The following proposition is a well-known result relating bracketing numbers and covering
numbers [van der Vaart and Wellner, 1996, for instance].

Proposition 4.2. For any probability distribution P, for all ¢ > 0, N (¢, F, L,(P)) < Njj(2¢, F,
Ly(P)) and N(€, F, || - lo) < Nij(2¢, F, [ - lloo)-

In the statement of Theorem 4.1, the high-probability regret bound for GPE, we used the cov-
ering numbers in uniform norm. The previous lemma allows us to carry out the analysis in terms
of bracketing numbers in uniform norm.

Theorem 4.5 (Maximal inequality for [S-weighted martingale processes). Consider the setting of
Section 4.3 in the main text. Specifically, suppose that for all i > 1, A;|W; ~ g;(-|A;) where g; is
F;,_1-measurable. Letn > 1, and fy € F. Suppose that

* there exists 0 > 0 such that, for every i € [n], g;(a,w) > 6;
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e there exists B > 0 such that sup yc 7 SUp, ye(x)xw |9(f (@, w)) — ¢(fola, w))| < B;

* there exists v > 0 such that sup .z V,.(o(f) — ¢(fo)) < v, where, for any pair (f,g) of
functions [K] x W — Ry, Vi.(g) = n~ ' 320, V(gi, f) (the definition of V (g, f) is given in
(4.1) in the main text).

Then, for all o € [0, B,
vx Bx _
P {sup M, (f) > Hp(«,6,v, B) + 1604 | — + 3—] <277,

feF n on

where
Mol = = 3B [#(0) = B0 Fia] - (£(0) - 6€(1)(0)) . @13)

and

B
B
H,(a,d,v,B) = o+ 160\/§/ \/log(l + Nyj(€, ¢(F), La(P)))de + 3— log 2.
n Jaos2 on
Proof of theorem 4.5. The proof follows closely the proof of [Theorem A.4 in van Handel, 2011].

From a conditional expectation bound to a deviation bound. Let x > 0 and let A be the event

A= L) 2 v},

feF

with ¢(x) = H,(a, d,v, B) + \/vz/n + Bx/(dn). Observe that, for any = > 0,

¥(z) < B [;ggl{mn < o}(P - anm(f)] .

Therefore, to prove the claim, it suffices to prove that

B [sup L T(f) < )P - Ptua] < v (1oe (14 7))

feFr

or<e(on(1+ g)) =+ (3

which, as 1) is increasing, implies P[A] < 2e~*, which is the wished claim.

as this would imply
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Setting up the notation. In this proof, we will denote

H ={o(f) —o(fo): f € F}.

Observe that by assumption 7 has diameter in || - || norm (and thus in L, (P) norm) smaller than
B.Forall j > 0,lete; = B277, and let

B, = {7 W) :p=1,... N;}

be an ¢;-bracketing of / in Ly(P) norm. Further suppose that 53; is a minimal bracketing, that is
that N; = Njj(e;, H, Lo(P)). For all j, h, let p(j, h) be the index of a bracket in 53; that contains
h, that is p(7, h) is such that

Forallh € H,j > 0,4 € [n] let

and

AP = (h— MM (A, W),

Adaptive chaining. The core idea of the proof is a so-called adaptive chaining device: for any
h, and any i € [n|, we write
B(AL W) =h(As, Wo) = AT (A Wi) v AT M (A, W)
NP (AL W) VAT T AL W) — ATV (A W)
th-1
+ Z N (A, Wa) v N E (A, W)
j=1

+ /\07}1("42'7 VVZ)7

for some 7" > 0 that plays the role of the depth of the chain. We choose the depth 7/* so as to
control the supremum norm of the links of the chain. Specifically, we let

Tihimin{j ZO:Ag’h>aj}/\J,

for some J > 1, and a decreasing positive sequence a;, which we will explicitly specify later in
the proof. The chaining decomposition in 4.C.2 can be rewritten as follows:

h(A;, Wi) =X A, W7)

J
D7 AL W) = NV N (AL W) 1 = )
7=0
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J
+ Z { (Aj’h(Ai, W;) v )\j_l’h(Ai, W) — )\j_l’h(Az‘y VV,)) 1{7}‘h =J)}
=1

+ (VAL ) = VAL W) 1 > 7
Denote a? = \O"(A;, W,),
bt = (A, W5) — N0y X (A, W) ) L] = 5,
and
G 2 (WA, W)V (AL ) — WAL ) 1t = )
+ (W (AL W) = NTHAL ) L > ).
Overloading the notation, we will denote, for every ¢ € [n] and function h : [K] x W — R,

h(As;, W;)(1 —Y;)
9i(Ai, W)

t(h) =

From the linearity of /1, ..., ¢,, we have that
J
(P = Pa)lun(h) = A%+ Bi" + Z i,
with
Z Elti(al")| Fima) — ti(a}),
Z B[0P Fi_y) — 600,

Z Elli(c} (™).
The terms A", BJ" and CJ"* can be intepreted as follows. For any given h and chain corresponding
to h:
. AZ represents the root, at the coarsest level, of the chain,
« if the chain goes deeper than depth j, C7" is the link of the chain between depths j — 1 and
Js
« if the chain stops at depth j, B" is the tip of the chain.

We control each term separately.
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Control of the roots. Observe that, for all i € [n],

)\O’h(A’L'a VI/’L)2

Eplti(a)2|Fi ] =Ep [ (1- m2|m_1]

gi(Ailwi)2
(A (a, W;) — h(a, W;) + h(a, W;))®
<F F._
r aez[;q Qi(a, Wz) o
<267 8 Bp | Y (A(a, W;) — h(a,Wh))” | Fiy

a€[K]

+Ep Z h(a, Wi)?| Fi
a€[K]
<AK§'e?

In the second line we have used that (1 — Y;) € [0,1]. As [|\>"| < B and inf,,, g;(a,w) > 6,
we have that

Therefore, from lemma 4.6,

K N, 8 B N,
EA Al < | 0 i | L
P [i‘é% } —860\/ 5 Og( Pw)%an Og( P[A]

Control of the tips. As )\{’h is a lower bracket, Ei(b{’h ) < 0 and thus

Ep |66 Fia] - (00"

)

<Ep |61 |Fi|

[(R(Ay, Wi) — NR( A, W) v N (A, W) L

—F — V1 = -

P i (AZ,VVZ) (1 2)1{ i F 1

[h( Ay, Wy) — M (A, W) v B (AL W) h_

<FE 1 F_

= oA W) =
AM{r) = 5}

<K L L F._

= I gi(Ai, W5) !

We treat separately the case ;7 < J and the case ;7 = J. We first start with the case 7 < J. If

7/ = j, we must then have A" > a;, which implies that

Ag’hl{ﬁh = j}
gi(Aia Wz)

E G| P | = 60) =Ep Fi,
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Therefore, for j < J,

, Ke?
En {sup Bfl’f} <7
heF a;

Now consider the case j = J. We have that
1 n
Bt <= ; Ep AP

. h(A;, W;) — )‘J’h(Az'7 W)
= Z Ep
i1 9i(Ai, ;)

Fi—l:|

S%ZEP > hla, Wy) = XM a, Wi) | Fiy
i=1 a€[K]
2 1/2
<o [ e || 3 hta W) X a ) | |F
=1 a€[K]
9N\ 1/2

K n
<|=N"E hia, W;) — N (a, W;))?|F,_
= n ; P Z( (CL, ) (aa )) ‘ 1

a€[K] ]
SK&J.
Therefore,
En {sup B;{’h} < Kejy.
heH
Control of the links. Observe that \> — M ~b" = \h — p + h — N1 Using that M < h and

M ~Lh < R the definitions of Af’h and A7~ yield
_ A?h < ()\jJL _ h)(Ai,VVi)l{Tih > j} <0,
and 0 < (h — N7 (A, Wy)1{r]! > j} < Af’l’h.
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Therefore, recalling the definition of C‘Z ’h, we have that
AP > g <t < AT > )
Applying /; to cf M amounts to multiplying it with a non-negative random variable. Therefore,
—G(AP U >} < 6" <) S LA > ),
and then
(N < A7 > jYy v A E > ).
From the definition of 77/ and the fact that (1 — Y;) € [0, 1], we have that
()] < a5V a4
Besides,
Ep [e,-(c{vf)m,l} <2 {Ep [&(A{’f)ﬂﬂ-,l} + Ep [ﬁi(A{’l’f)le-,l] } .
We have that, for all j,

(f (Ai, W5) = NP2 (A;, W3))2(1 = Yy)?
91-2(141', W)

Ep {&(A{’hﬂ

o) -o]

b

SEP Z (f(av VVZ) — /\j’h(a’a Wz))z

F;_
gi<a7 WZ) '

Therefore, for all ¢, j,
Ep [(mc{vh))?m,l} <TTUK(E, + €.

7—1

Observe that CJ" depends on h only through p(0, h),...,p(j, k). Therefore, as h varies over H,
C%" varies over a collection of at most

random variables. Therefore, from lemma 4.6,

. 2K (€2 + €2
Ej {Sup Of{h} < 4\/M log (1 +
heH on

NS
<
w | 0o
Q
o,
o <
o,
|
I
o
(0]
N
—_
_l’_
~J
S
N———

P
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End of the proof. Collecting the bounds on Ea[sup,cy Bi", E#[sup,cy B2 and
Ep[supyey C7"] yields

B [sup(P = P)a(t)] <Hes 4322
heH j=0 aj

Set

on
4= ej\/Klog(l + N,/PlA])

Replacing a; in the previous display yields

B N
B [sup(P - Pn>em<f>] <Keytd 1og( 0 )
feF 36n
Nji
+2OE €5 log(l—l—P[A]>.

Since (1 + N;/P[A]) < (1 + 1/P[A]) [Ti_o(1 + Ni), we have

Mk

e] ) log( P]E[A]) <2263J10g (1+P[1A]) +§;log(1+Nk)

7=0 k=0
J ) J j
<2 ; I 14+ — 2 log(1+ N
< <;€J>\/Og< +P[A])+ ]Z:;ejkz; og(1+ Ny)

We first look at the second term. We have that



J
=4 Z(Ek — €k+1) log(l + Nk)
k=0

<4 //2 Vlos(1+ Nij(e, F, Ly(P)))de.

Therefore, observing that Zj:o €; < 2, and gathering the previous bounds yields that

£ [y Rt

K B
<Key + 1604/ —/ \/log(l + Ny (u?, F, Loo(P))du
677/ 04/2

8 B
+ g%log (1 -+ N[](l,f, LOO<P))

)
+ 160\/5\/1% (1 + ﬁ) + ;% log (1 + ﬁ)
<H,(v,6,a) + 160\/2\/1% (1 + ﬁ) + 3% log (1 + ﬁ) ;

K B
Hy,(v,0,a) =Ko+ 1604/ — / \/log(l + Njj(u?, F, Loo(P)))du
on a2

with

B
+3- log (14 Njj(1, F, Le(P))) -

4.C.2 Maximal inequality for policy elimination
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Theorem 4.6 (Maximal inequality under parameter-dependent IS ratio bound). Let F be a class
of functions A x W — [0, 1]. Suppose that we are under the contextual bandit setting described
earlier, and that g; is the F;_-measurable design at time point 1. Let, for any i > 1, any f € F,

: a|W
Vi = e | 3 T

a€[K]

Foranyn > 1, f € F, denote
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Let [ be the direct policy optimization loss, and for all 1, let {; be its importance-sampling weighted
counterpart for time point i, that is, for all f € F, 0 = (w,a,y) € O,

ZC@W W)

a€[K]

and ££)(0) igiia'ﬁ;)) (1-y).

Suppose that there exists 0 > 0 such, that for all a,w € A x W and i € |n], g;(a|w) > 0.
Then, forall z > 0,v > 0, € € [0, 1]

P |sup 1{V,,(f) < v}(P — P)l1n(f) > H,(v,6,€) + 37\/>—|— 3—} < 2e7",

feF 0
with

H,(v,5,¢) =+/ve + 127\/2/\/% VI08(1+ Nj(u2, F, Loo(P)))du

3
+ 5-log (1+ Ny (1, F, Lo (P)))

The proof of the preceding theorem relies on the following lemma, which is a direct corollary
of corollary A.8 in van Handel [2011].

Lemma 4.6 (Bernstein-like maximal inequality for finite sets). Let, for any i € [n], j € [N], X;;
be an F;-measurable random variable, and let, for any j € [N], M} = >" X, ;. Let for all
j € [N],

:—ZEP SIFical.

Suppose that for all i € [n], j € [N], |X; ;| < ba.s. for some b > 0. Then, for any event A € F,

. N 8 N
EA 1 < oYM < do4 /1 14+ —— —bl 1+— ).
o, <ot < "\/0g( + o) * 50 (1 )

Proof of lemma 4.6. Observe that

20 " E[¢(X-)
n b

bk2

i— 1} = ZZWEXZ’F@*J

i=1 k>2

2 1< )
= > 0 > E[X7|Fi]
k>2 =1
<2¢(1)ay,

<202

n7j :

The conclusion follows from corollary A.8 in van Handel [2011]. L]

Proof of theorem 4.6. The proof follows closely the proof of theorem A.4 in van Handel [2011]
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From a conditional expectation bound to a deviation bound. Let z > 0 and let A be the event

Az {sup LV (feob (P — P oun(f) > wm} ,

fer

with

VT x
— H,(v, 5 JE 4
U(x) n(v,0,€) + 37 " + 3571

Observe that for any = > 0,

() < B [?233 L{V(f) < o} (P — Pn>em<f>] |

Therefore, to prove the claim, it suffices to prove that

B {5 1T(f) < )P = P)tua(] < v (1og (14 7))

or<e(on(1+ hg)) =+ (i)

which, as 1) is increasing, implies P[A] < 2e~*, which is the wished claim.

as this would imply

Setting up the notation. Forall j > 0, lete; = 277 and let

Bj = {(ij,p7?]’p) P = 1a s 7Nj}
be an ¢;-bracketing of F in L., (P) norm. Further suppose that 53; is a minimal bracketing, that is
that N; = Njj(¢;, F, Loo(P)). For all j, f, let p(j, f) be the index of a bracket of B; that contains
f, that is p(j, f) is such that
Forall f € F,j > 0,i € [n] let
)\Jrf f f]»p(.jaf),
and

AP = (f = )4, W),
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Adaptive chaining. The core idea of the proof is a so-called adaptive chaining device: for any
f,and any i € [n], we write
F(As, Wo) =F(A5, Wh) = X7 (A, W) v A= (4, W)

+ )\Tifvf(Ai, Wi) v )\Tif_l’f(Az‘, Wi) — )\T’f_l’f(Aiv W)
f

T, —1
+ N (AL W) VN (A, W)
j=1

+ )\O’f(Ai, Wl),

for some Tif > 0 that plays the role of the depth of the chain. We choose the depth Tif so as to
control the supremum norm of the links of the chain. Specifically, we let

/ Ay
7/ =min<j>0: ———< >a; p A J,
gi(Ai, Wy) —

for some J > 1, and a decreasing positive sequence a;, which we will explicitly specify later in
the proof. The chaining decomposition in 4.C.2 can be rewritten as follows:

(A, W5) :/\O’f(Az‘, W;)
+ i {F(A, W;) = N v 8 (A4, W) b {7 = 5}
jjO
+ > L (A W) v N (A, W) = NN (A, W) 1 = )}
j=1
J + (XN (A, W) = NN (AL W) {7 > )
Denote azf = N\ (A, W),

b = {F(A Wi) = NV N (A, W b = ),

and
ol = (W (A, Wi) v NTH (A, Wh) = MM (A, W) 1] = )
+ (N (A W) = N (A W) Y > )
From the linearity of /1, . .., ¢,, we have that

(P = P)lun(f) = AL+> By +> i/,
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with
n

Al iﬁ z; Elti(a])|Fi1] — ti(a]),

BJf_ ZE be |E 1]—f(bjf)

=— Z E[t(T|Fimy] = ti().
o

The terms A7, B/ and CJ/ can be intepreted as follows. For any given f and chain corresponding
to f:

. A{; represents the root, at the coarsest level, of the chain,

e if the chain goes deeper than depth j, CJ'/ is the link of the chain between depths j — 1 and

Js
* if the chain stops at depth j, BJ/ is the tip of the chain.

We control each term separately.

Control of the roots. Observe that, for all i € [n], |¢;(af)| < 6~ as., and that

-)\O’f(Az', W¢)2

(al)?|F;_1] =Ep

(1= Y)?|Fiy

E[K]

V().

In the second line we have used that, A/ (A;, W;) < f(A;, W;), that (1 —Y;) € [0,1], and that
f(a,W;) € [0, 1]. Therefore, from lemma 4.6,

Ep ;g}ngf) < v}Aﬁ} < 4\/% log( Pﬁ]) + %1 g( P]\[ZZ]) :

Control of the tips. As &-(b{’f ) <0, we have that

Eplti(b j’f)\F' =60
<Ep[t;(b}")| Fii]
F(A W) — N (A, W) v N1 (A, W)

=F
r gi(Ai7 VVz)

(1-Y)
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3f

<Ep|— 1
= (A, Wh) tn

We treat separately the case j < J and the case j = J. We first start with the case j < J. If
7/ = j, we must then have A/ /g;(A;, W;) > a;, which implies that

E[ be }Fz 1] —K(bjf)glE _ (Ag’f)Q

——r—=—|F;_
] _g'?(A’M VI/’L) !

<2p | 3 L0 (w0, )|y

aj CLG[K] gl( 3 7,)
<Lvip

The second line above follows from the fact that 0 < f — M/ < f since 0 < M < f. The third
line above follows from the fact that 0 < (f — M) (a, W) < ||f — M|« < ¢;. Therefore, for
1<,

_ , 1
Ep {sup H{V,.(f) < v}Bg;f} < —we;.
fer J

Now consider the case j = .J. We have that

1 i —)\J’f Asz
B SE;EP {(f )( )

b

1 - (f = M) (A, Wh)
< vn (Z B [

gi(Aia Wz)

1/2
)

ZEP Zf G‘W fla, Ws) = Ma, Wi))|Fiy

aE[K]

1 1/2
< o ; Vg(f)ﬁ])

veyg.

1/2

| /\

The second line follows from Cauchy-Schwartz and Jensen. The third line uses the same arguments
as in the case j < J treated before. Therefore,

Ef {sup H{V,.(f) <v}BM| < \Joey.
fer
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Control of the links. Observe that A/ — N=0/ = \of — f 4+ £ N=1/ Using that M/ < f

and M~/ < f the definitions of Af’f and AJ~17 yields
=AY < (W = (A W)LE > ) <0,
and 0 < (f — N "W (A4, W)1{r] > j} < ATTH,
Therefore, recalling the definition of cj o , we have that
A >y < g < ATV = )

Applying ¢; to CZ / amounts to multiplying it with a non-negative random variable. Therefore,

—G(AP A > g} < (e <) <a(AP R = 5Y),
and then
(D] < A {7 > jy v AT E > g,
From the definition of 77/ and the fact that (1 — Y;) € [0, 1], we have that
6 < a4y Va1,

Besides,

Ep [t ] < 2{Bp [6(AI2IFL ] + Bp [6(A IR
We have that, for all j,
(f (A, W5) — N (A, W7))?

el pin =y L e B iy
Fa W) oy — i (e W F
<Ep ez[;qgi(a|m)(f( Wi) = XM (a, W) | Fia
<Vi(f)e;

Therefore, for all 7, 7,
Ep [(6(e)* 1 Fia | < Vi€ + 651):

Observe that CJ/ depends on f only through p(0, f),...,p(j, f). Therefore, as f varies over F,

C%7 varies over a collection of at most
J
N =] M
k=0
random variables. Therefore, from lemma 4.6,
B [sup 1{V,(f) < v}c,%f} g4\/ Aoy, ( [ A])

feF
8ajVaj_ 1y
ey (1 )
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End of the proof. Collecting the bounds on Ep[sup;c-1{V,(f) < w}B}/],
Elsupser L{Talf) < 0} B3] and Bflsupyer L{V(f) < 0} O] yields

J-1
B [sup 1T, () < 0}(P = P (D] v + 3 2
€ = Y

+4\/z log< P]FA]) + %log( PA&])

Set

3 NUE;
a; = — = .
7 8V log(1 + Njy1/P[A])
Replacing a; in the previous display yields

A ¥, 8 Ny
B [supLTA(f) < 0)(P - ) tua)] v+ 5108 (14 5 )

Since (1 + N;/P[A]) < (1 + 1/P[A]) [Ti_o(1 + Ni), we have

Ji\/ejlog< N; > Z\/—Jlog(l+—>+21og1+]vk

We first look at the second term. We have that

D VG Viog(l+Ny) =3 Viog(1+Ni) 3 _(v2)~
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2 g
— log(1 + N).
( 2_1> ZGk €k+1 g( k)

k=0

Letting uj, = \/x, we have that N, = Njj(u?, F, Loo(P)) and thus

Z\/_Z\/log1+Nk / 10g1+N[](u F, Loo(P)))du.

UJ+1

Therefore, observing that ijo Ve < v2/(\/2 — 1), and gathering the previous bounds yields
that

B [igl{m < o}(P - Pn>em<f>}

g\/m+(8+2f< _1> \[// \/logl—i—N[] w2, F, Loo(P))du

81
+——log (1+N[](1 f L (

3on
_1(8+2\/§)\/g\/10g (1+ﬁ +%log <1+ﬁ)

NG
<H,(v,6,e5) + 37\/5\/1%; (1 - ﬁ) + %log (1 + ﬁ) ;

H,(v,6,€) =/ve + 127\/g/m \/log(l + Nj(u?, F, Lo (P)))du

with

3
+ %log (14 Njj(1, F, Lo (P))) .

4.D Regret analysis of the policy evaluation algorithm

4.D.1 Definition of v, and constants in the definition of x,

Forallo >0,v>0,p>0,7>1,let

b= o B CET) oo (12}
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with
127+/c .
Cl(C,p) = 177’127 QL_TI lfp ) (07 1)
1+ B2V2Efp >,

co =37,¢c3=3log2,andcy = 3. Foralld > 0,v > 0,7 > 1, let

1 1
) 2 et ("7 D) 1 21 (D),

withcs = cg = 2. Forall > 0,v > 0,7 > 1,p > 0, let

z,(€,0,v,p) = 2(a.(€,9,v,p) + b, (€,0,v)).

Foralld > 0,7 > 1, let

4 2 1 16log 2 1 1
UT(€75)ﬁ2K+5_1{M+3— log(T(T:r )>+ Glog 4——610g<—T(T;L >>}>

730 VT T T
with
64/C .
C, (C p) - 1-p/2 P lfp € (0’2)7
B 14 82 ifp > 1

The quantity v, from the main text is defined as v, = v, (€, 0, ).
We can now give the explicit definitions of the sequences (¢;) and (z;). For all 7 > 1, let

or = 7_(%/\ﬁ) and Ty = (€, 07,07 (€,07), ).

The constant ¢; in the main text is defined as ¢; = ¢4 + c.

4.D.2 Proofs

Lemma 4.7 (Bound in the max IS ratio in terms of max empirical IS ratio). . Consider a class of
policies F as in the current section. Suppose that g : A x W — [0, 1] is such that g is uniformly
lower bounded by some 6 > 0, that is, for all a,w € A x W, g(a,w) > 4.

Suppose that assumption Al holds. Then, for all e > 0,

€

n(n+1)

f(a|W)
P |sup(P — P, 3 >u,(e,0) —2K| <2
(PP 2 gay (= e

The proof of lemma 4.7 relies on the following result, which is a slighlty modified version of
corollary 6.9 in Massart [2007]. The only differences are that
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* we state it with lower bound of the entropy integral o//2 > 0, instead of 0, which makes
appear an approximation error term c,

* we state it for i.i.d. random variables instead of independent random variables, we set to 1
the value of € in the original statement of the theorem.

Proposition 4.3. Let F be a class of functions f : X — R. Let Xy,...,X,, be i.id. random
variables with domain X and common marginal distribution P. Suppose that there exists o and b
such that, for all f € F, forany k > 2,

Eellf(O1) < Ho=2

Assume that for all € > 0, there exists a set of brackets 3(¢€, b) covering F such that, for all bracket
11, u] in B(e, ),

k!
E[((u = D(X)F] < e
We call such a B(e, ) an (¢, b) bracketing of F, and we denote Njj(€,b F) the minimal cardinality

of such an B(e, b).
Then, for all o € (0, 0), and for all x > 0,

P [sup(P — P, f > H,(a,0,b) + 100\/§+ 2bx} <e™
n

eF

where

H,(a,0,b) = a+—/ \/logM]ebf)de+< )10g./\/'[(ab}")
/2

Proof of proposition 4.3. 1t suffices to choose J in the proof of corollary 6.9 in Massart [2007]
such that a//2 < €; < «, and not let it go to oo at the end of the proof. ]

Proof of lemma 4.7. Let

H= hwl—>zf

E[K]

Observe that, for all h € H, h(W)| < 671, as g > 4, and thus Ep[h?(W)] < §2. Observe that
an e-bracketing of F in Ly(P) induces a (v/Ked !, b) bracketing of 7 in the sense of proposition
4.3. Therefore, from proposition 4.3

€
Plsup(P — P)f > v,(e,6) —2K| < —
pd )f 2 vale,9) ] n(n 1)
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The following lemma shows that, with high probability, the policy elimination algorithm doesn’t
eliminate the optimal policy.

Lemma 4.8. Suppose that Al holds. Suppose (x,(¢€)) is as specified in subsection 4.2.1. Then, for
allt > 1,

Plff€e F]>1—3e.
Proof. Denote f, = arg min feF, f{T( f). We have that
RT(f*> - RT(fT) SR(f*) - R(fT)
+ R (f*) = R(f7)
+ R(fT) - éT(fT)

<R (f*) = R(f")
+ sup R(f) - RT(f)
feF-

Define the event

i = {‘V’T € [t]: sup V(g,, f) < UT(E,éT)},

feF,
where v, (€, d,) is defined in subsection 4.2.1. From lemma 4.7,
P[th} Z 1 — 2e.
For all 7 € [t], define the event
Ear = {maxsup R = R(1) < aredvn(e0).) ).
TE[t] fer,

where a, is defined in subsection 4.2.1. From theorem 4.6,
P[Szcyt, &t <e

We now turn to controlling R, (f*) — R(f*). So as to be able to obtain a high probability bound
scaling as /v, (€,d,)/7, we need f* to be in F,.. As we are about to show, if the desired bound
holds, that £; ; N &, holds, and that f* € F, them we will have that f* € F, ;. This motivates a
reasoning by induction.

Let, for all 7 € [t],

Eur = {Ro(F7) = R(F) < bole,0r0(e6,)) }

where b, is defined in subsection 4.2.1. We are going to show by induction that for all 7 € [¢],

T

P [Ec, 751,t,52,t] < S
3 321 s(s+1)
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By convention, we let &9 = {f* € F}. and 3.0_, 1/(s(s 4+ 1)) = 0. The induction claim thus
trivially holds at 7 = 0. Consider 7 € [t|. Suppose that

—

PlES . 1, E14,E04) <

S

s(s+1)

1

Observe that £, N &, N &, implies f* € F, as we then have

éT(f*) - RT(.]ET) SaT*1(€7 57'717 ,UT71<€7 (57—,1),]?) + bT*l(EJ 57'717 UT*I(‘E’ 67'71))
<x7—1(67 57’—17 UT—1(€7 57’—1))-

Using this fact, distinguishing the cases & ;1 and £ and using the induction hypothesis yields

T—1°

P[g?ifr) gl,ta gQ,t] Sp[g?iq—) 53,7'—17 gl,ta 52,2?] + P[gg,T—lﬂ gl,t7 52,15]

s(s+1)

T—1
<P[&5.. fr € F &yl + )
s=1

Observe that under { f* € F,.} N &y, we have that V(g,, f*) < v, (e, d,) and thus
Bl (f)(On)IF, 1] < Kule,5,).

Besides, |(.(f*)(0,) — E[.(f*)(O,)|F,_1] < 6;'. Therefore, from Bernstein’s inequality for
martingales
€
P& [feF &yl < —.
[ S,Taf ) 2,25] — T(T+1)
Therefore,

s(s+1)

PlES €1ty Eay] < Z
s=1

We have thus shown that, for all 7 € [t],

T

P[Eg,ragl,tagQ,t] S Z

s=1

s(s+1)
Therefore,
P[g3,t7 gl,ta g?,t] :P[glﬂfa g?,t] - P[€§7t7 gl,ty 82715]
=P[&14] = Pl€1s, &3] — PlEs 4y Evt, Ear]

=1- P[glc,t] - P[gl,t, gg,t] - P[gl,t752,t7€§,t]
>1 — 4e.
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The following lemma gives a bound on sup ;. R(f) — R(f*) which holds uniformly in time
with high probability.

Lemma 4.9. Consider algorithm 4.1. Make assumption Al. Then, with probability 1 — 4¢, we
have that, for all T € [t],

sup R(f) — R(f*) < 2z,.
feF,

Proof. Observe that, for all f € F,

Define the events

£, = {vT & [1, sup V(ge f) < vrle. m} ,
feF,
Ear ={f" € F}.
From lemma 4.8,
P[Sl,t} 2 1 — 4e.
Under &, 4, we have that, for all f € F,,
E [(KT(f)(OT))ﬂFT—I} < K. (e, ;).

Therefore, using also that |£,.(f)(O,)| < 6!, theorem 4.6 gives us that, for all 7 € [¢],

P R _RT > T\ Ur 757'757'7 ug < 9
sup (f) (f) = ar(e,v-(€,67),6-,p), €1 S TrED

which, by a union bound gives us that

P [g?it?gl,t} < €,
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with

Esp = {VT € [t], sup R(f) — RT(f) < aT(e,vT(e,éT),5T,p)} .
fEFs

We now consider the term R, (f) — R(f*). We have that

Under &, ; N &, each term in the sum satisfies
EP [(ET(f*)(OT))2|FT—1j| S KUT(€7 67’)

and

|€T(f*)(07> — Ep [KT(f*)(OTMFT—l] < 57_1'

Therefore, from Bernstein’s inequality and a union bound, letting

Ena = {v7 € W Be(F7) = R(F) < br(6.0,(e,6,).0,) }
we have that
PIES 14, E] S e
Observe that under £, N &, it holds that

V1 e [t] sup R(f) — R(f*) < z-.
fEF,

Therefore, to conclude the proof, it suffices to bound P[&;;, £4.]. We have that
P(E3 N Eap)] SP[E1s, Ea, (E30 N Eay)] + PET,] + PIES ]
<P[E14, Ea4, E3)
+ P[gl,tv 52,ta gAf,t] + P[glc,t] + P[Eg}t]
<6e,
which yields the wished claim. O
We can now prove theorem 4.1.

Proof of theorem 4.1. Observe that

t

SV - Y, =3 (1Y) — Epl(1 - V)| ]

T=1
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+ZEP1— )| Fr_1] — R(f*).

Since (1 —Y;) € [0, 1], from Azuma-Hoeffding, we have that, with probability at least 1 — e,

S(1=Y,) = Bpl(1 = Y))|Fy 1] <y tog (1)

=1
Observe that
Ep[(1=Y:)|Fra] = R(gr) = 0:R(gres) + (1 — 6-) R(3),
where g, € F,. Therefore,
Ep[(1 = Y)[Froa] = R(f*) <0:(R(gres) — R(f7)) + (1 = 6-)(R(g7) — R(f7))

<o + (R(gr) — R(f"))

From lemma 4.9, with probability 1 — G, for all 7 € [¢],
R(G,) - R(f*) < a..

Therefore, with probability at least 1 — 7e, we have the wished bound. O

4.E Regret analysis of the c-greedy algorithm

4.E.1 Regret decomposition

Using in particular the linearity of 7 — R(7) and the definition of ¢;, we have that

Y, — R(r")
=Y, — E[Y}|Fia] + E[Yi|Fioa] — R(77)
=Y, — E[Yy|Fy 1] + R(gr) — R(7")
:}/t - E[Yt|Ft—1l+ Ot(R(Gref) — R(W*)Z

Vv
reward noise exploration cost

+(1=0,) (R(7-1) — R(x")). (4.16)
exploit;t,ion cost

4.E.2 Proof of deviations inequalities

Proof of theorem 4.3. Observe that

RO(f) = R*(f3) = ZE C(f)O)Fra | s
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:—ZW _f¢(ff)( r)

+ Mt(ft)

with M;(f) as defined in (4.15) and where we take f, = f+ in the definition of M. Since ft is the
empirical ¢-risk minimizer, line 4.E.2 is non-positive, and thus

R?(fi) — R*(f3) < My(fy). (4.17)

Observe that, for all f € F,
. B
() — R < 5
and

Ep [((€F)(0) — (72)(0,)) | o]

o <¢(f(AT7 WT) — ¢<f* (AT> WT)) 2
b g (A, WT])E2 (=Y e
(¢(f(a, Wr) — ¢(f5(a, Wr)
= aezu:q gr(a, W) }FT 1]
K B?
< .
-0

Therefore, using (4.17) and theorem 4.5, we have that

P |RO(f;) = R(f5) > H, <a, 5, B\/f; B) +160B IEI + 3%

with

v [P B
Hi(a,6,v,B) =a+ 160\/;/ \/log(l + Njj(e, F, Ly(P)))de + SE log 2.
a/2

Proof of theorem 4. For any p € (0,2) U (2, 00),

B
V€0 1-p/2 a\1-p/2
log(1 + N Ly(P) < —~—— | B7P°— (= .
/Q/Q\/Og( + H(E’f7 2( )— 1_p/2 <2>

We set

0 forp € (0,2)
a = 1
B (E)r forp > 2.
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Then, we have

H,.(,8,0,B) < 32 gl—L%Blpm;ﬁl for p € (0,2),
B (57) <1+°1_—p/2>—|—%10g2 for p > 2.
Therefore, for
2-(e, K6, B, p)
L BE (5B 1160\ l0g(2]6) ) + 22 log(4/e) itp € (0.9)

32/p( <)L/ (1 RN ) + B, /glog@/e) +3Blog(d/e) ifp > 2.

Theorem 4.3 gives that
P |RY(f) = R(f5) 2 a(e. K,6,6, B.p)| < e

Observe that

t t
> V() - Y, = ZV ) — Ep [Y;|Froa] + > Ep[Yy|Fri]
=1 T=1

~

<Z5 (Gres) — R(m)) + (1 = ) R(7(fr—1) — R(mp))

+ ZEP[YT|F’T—1] - YT

S i 57'
+ 3 (R () - B
+ Y Ep[Y;|F].

T=1

By a union bound, with probability at least 1 — €/2,

Zm — RO(f%) <Z ( K,5,B,p).

By Azuma-Hoeffding, with probability at least 1 — ¢/2,

i Ep[Y,|Fr_] - Y, < /21og(2/e).



142

Therefore, with probability at least 1 — e,

t t
€
* . < -
T§:1:V(7TH> }/’r = E 67' —|—ZE7— <27_(7_ + 1)7Ka 6TaB7p)

=1
StsV7 /log(t/e).
[
4.F Results on efficient algorithm for policy search in GPE
4.F.1 Casting exploration policy search as a convex feasibility problem
For any M > 0, denote P;(M) the following feasibility problem.
Find §, € F, such that % g{;{] e {f“;g;gt(a'm) < M.
reft-1]
For all f € F;, let
wey = (fla,Wr) s a € [K], 7 € [{]).
For any given f € F, observe that
feF «=vret—1],R(f) < min Re(f) + & = br
= Vrelt—1,u_ w1y < by, (4.18)
where
tor = (1{8 < r}l{AsgiZﬁv(Vt)_ iae K)o m) ‘
Introduce the set
Co=A{wyse: f € R},
which, by (4.18) can be rewritten as
Co ={wys,: f e F, VT € [t],u,ywr < b} (4.19)

Based on (4.18) and (4.19), we can thus rewrite P;(M ) as the following two-step problem.

1 z
1. Find w € C, such that Vz € C,, —— - =M.
ind w € C; suc atvz € A Z ](5t/K+(1—5t)wavT_

a€[K],re[t—1
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2. Find f € F; such that wyy = w.

As F is convex, that functions in f have range in [0, 1], and that for all z € R¥?,

Za,T
- ]_ Z[I:(] 5t/K + (]. - 5t)wa,7
TE[t]
is a convex mapping, the set
Dy(M) =C, N RE? ;v c— “a,r <M
t( ) t lUG Ze ty Z (St/K+ 1_5t)wa77— =
Te[t 1

is a convex set. The following lemma ensures it is not empty.

Lemma 4.10. Let C be a compact convex subset of RKU=Y. Set arbitrary 6 € (0,1) and w € C.
Then

max ———

Za,r
zeC t—1 Z §/K + (1 = 0)war —

Te[t 1

4
< -K.
3

As we will recall precisely in the next subsection, so as to be able to give gaurantees on the
number of iterations needed by the ellipsoid algorithm to find a point in a convex set, we need a
lower bound on the volume of the set. As we can make the volume of D, arbitrarily small in some
cases, similarly to [Dudik et al., 2011], we will consider a slightly enlarged version of D, whose
volume we can explicitly lower bound. The following lemma informs how to construct such an
enlarged set. Before stating the lemma, we introduce the following notation:

. 1 Za,T
fus =3 az §/K + (1= 6)War

Lemma 4.11. Letw € (R,)%X%, 6 € (0,1), A € (0,8/2). Then, for all u € By(0,1), z € [0, 1]%!
|hst(w + Au, z) — hs(w, 2)| < &5(A),
with & 5(A) = 2A6~ \/_
For all A > 0, let
Cia = {w e R d(w,C, < A}
From the above lemma, if w € D;(M), every point w’ € B(w, A) satisfies

max hy s(w', z2) < M + & 5(A).

2€Cy
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Therefore, provided D, contains at least one point, say w, the set
Dip ={w e Ct,A:Vz e Chs(w,z) < M+&5(A)}

contains B(w, A). Finally, suppose that w € D; A(M). Then, by definition of D, A (M), there
exists a w’ € C; such that d(w’, w") < A, and thus by lemma 4.11,

max fuy5(w, z) < M+ 28;5(A).
zelt

By lemma 4.10, we can pick M = 4K /3 while still ensuring that D,(M) is non-empty. Them
setting A such that & 5,(A) = K/3, that is setting it to A, = 6%/(t — 1)/K ensures that D; a,
contains a ball od radius A; and that M + 2&;5,(A;) < 2K. Therefore, the exploration policy
search problem (4.3) is equivalent to the two-step process

1.Find w € Dy a,
2. Find f € F such that ||ws; — w|2 < A,.

4.F.2 Finding an element of // using the ellipsoid algorithm

Finding an element of a convex set of non-negligilble volume such as D, A, (4K/3) can be per-
formed in polynomial time with the ellipsoid algorithm. The ellipsoid algorithm requires having
access to a separation oracle.

Definition 4.5 (Separation oracle). Let C C R", n > 1 be a convex set. A separation oracle for
C is a routine that, for any w € R" outputs whether w € C, and if w # C, returns an hyperplane
separating w and C.

We will not recall here the ellipsoid algorithm as it is standard, but we restate a know lemma
on its runtime.

Lemma 4.12 (Runtime of the ellipsoid algorithm). Let C be a convex set. Suppose we know an
R > 0 such that C C B, (0, R), and that there exists a point w € C and A > 0 such that
B(w, A) C C. Then the ellipsoid algorithm finds a point in C in no more than

(o)

Therefore, to construct an efficient algorithm that finds the exploration policy at time ¢, we just
need to find how to implement a separation oracle for D; »,. Observe that we can rewrite D; A, as
the intersection of two convex sets:

calls to a separation oracle for C.

5
Dt;At = Ct,At N {U} - RKt . VZ S Ctht,ét(w,z) S gK} X

A separation oracle for D; 5, can thus be built from a separation oracle for C; o and a separation
oracle for {w € RE?: Vz € Cihys,(w, 2) < 5K /3}.

The following lemma shows how to implement a separation oracle for C; o using one call to
LCLSO.



145

Lemma 4.13 (Separation oracle for C;). Let w € CX'. Let
W= argg}rlleig |w —w'||.
If |lw—w|| <A, then w € Ci a. If not, then
H={zeR": (z—w,w—w) =0}
is an hyperplane that separates w from C; a.

Proof. Tt suffices to show that Vz € H, d(z,C: o) > 0, or equivalently that d(z,C;) > A. Observe
that since w € C; o, we must have that d(w, C;) > A. Therefore, it will be enough to show that

VzeH, dz,C) > dw,Cy).
We first show that for all Z € C;, (2 — w, w — w) > 0. Then, for all A\ € (0,1),
lw — (A2 + (1 = N@)[[; =[l(w — @) = Mz = @)|3
=|w — @[3 + Nz — @[3 — 2A\(Z — @, w — D).
Therefore, for A € (0, 1) small enough,
lw = (A2 + (1 = dd)|f; < [Jw — @f5.

Since, by convexity of C;, AZ + (1 — \)w € Cy, this contradicts that 0 is the projection of w on C;.
Therefore, we must have that

(Z—w,w—w) <0 (4.20)

forall Z € C;.
We can now use this property to show the wished claim. Let z € H, and let Z € C,. We have
that

Iz = 2113 =ll(z — w) + (w — @) + (@ — 2)]I3
=z —wl3 + llw — @[3 + & — 213
+2(z—w,w—w)

TV
=0 by definition of H

+2(w — 1, D — 3)

[ J/

TV
>0 from (4.20)

+2(z—w,w—2)

—————
>—|lz—w|||[o—Z||

by Cauchy-Schwartz

(lz = wll = [lw = @])* + [l — 2[5

>
Zd(w,Ct),

which concludes the proof. [
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The next lemma shows how to implement a separation oracle for

K}

L, = {w € REY V2 € Gy by g, (w,2) <

W Ot

using one call to LCCSCO.

Lemma 4.14 (Separation oracle for £;). Let w € Rt Let

2* = argmax hy s, (w, 2).
2€Cy ’

2* can be found in one call to LCCSCO. If h; 5, (w, 2*) < 5K/3, then w € L;. If not, then w & L,
and

H={w : heg,(w,2%) + (Vhe) (w,2*) T (0 — w) = 0}
separates w and L.

We restate below for self-containdness lemma 10 from Dudik et al. [2011], which will be useful
in the rest of the section.

Lemma 4.15 (Lemma 10 in [Dudik et al., 2011]). For z € R™, let f(x) be a convex function of ,
and consider the convex set K defined by K = {x : f(x) < 0}. Suppose we have a point y such
that f(y) > 0. Let V f (y) be a subgradient of f aty. Then the hyperplane f(y)+Vf(y)" (x—y) =
0 separates y from K.

Proof. Observe that

with

= > 0.
uaﬂ- 5t/K + (1 — 5t)wa77— - O

Therefore, arg max.ec, b s(w, 2) = wy, -, where

1 R .
* i < .
f* = arg max -— ;{} Uqr f(a, W,) subject to V7 € [t], R.(f) < max R (f) +e;
TE[t—1]
As
. 1 1{A, =a}(1 - Y,
R =2 30 AU ),

N A
s€[7]
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the constraint R (f) < max;cr R,(f)+e,. is a linear constraint, and therefore, f* can be obtained
with one call to LCCSCO.
From lemma 4.15, if h; 5, (w, 2*) — 5K/3 > 0,

H={w : hg,(w,2) + (Vhe) (w,2*) T (0 — w) = 0}

separates w from
! Kt /% b
{w eR :ht,gt(w,z)—gKSO},

and thus from £, which concludes the proof. O]

4.G Proof of the results on the additive model policy class

4.G.1 Proof of lemma 4.2

The following result is the fundamental building block of the proof.

Lemma 4.16 (Bracketing entropy of univariate distribution functions). Let G the set of cumulative
distribution functions on [0, 1]. There exist co > 0, €y € (0, 1) such that, for all € € (0, €),

log N[j(6,G, || - lloo) < coe™ " log(1/e).
We first state an intermediate result.
Lemma 4.17 (Bracketing entropy of linear combinations). Let H be a class of functions and let
J
F = {Zajhj tay,...,a; € [—B,B], hy,...,hy € H}

=1

< M. Then, for all € > 0,

4JBM
log N (6.7 ) < Thog Ny (575311 )+ T1og (2720,

Proof of lemma 4.17. Let
B = {(ly,ux) : k € [N]}

be an e bracketing in || - || norm of H. For all m, let v, = m(B/M)e. For all f = Z}]:1 a;h;,
there exist k1, ..., ky and mq, ..., my such that Vj € [J],

lkj S h_] S Ukj,
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and
Qm;_y <a; < Q-
Therefore,
Aky, ..o kyymy, oo omy) < f <YT(ky, ... kyymy,...,my),
with

Akt kg, my) =3 a1 (l) 4 (1)

J

and T(kl, ce kJ, my, ... ,TTLJ) = Zamj—l(uij>+ + Oémj(uij)_.
j=1
Therefore, we have that
’ ( kJ,ml,...,m)—A(k:l,.. ]{7],777,17...,771])’
J J
Z (i, = 13,) + D _(0m, = 1) (tm, )" = <zmj>—>\
: j:
JBe
<JB M
€+ M
=2.JBe
Therefore,
oM\’
N[](QJBevfa || ’ ||OO) < N[](E’Hv ” : ||OO) X T )
hence the claim. [

We can now prove lemma 4.2
Proof of lemma 4.2. Lete > 0. Let
B = {(li,u;) : 1 € [N]},

be an e-bracketing in || - || the set of distribution functions on [0, 1], which we will denote G. Let
h € H. There exist a € [—B, B|, b € [0, B], h1, hs € such that h = a + b(hy — hs), and there
exists i1, 72 € [N] such that

lil S hl S U/il and li2 S h/2 S uizu
and i3 € [—1/¢,1/€] such that a € [ay, 1, a;,] with

(07 = i3M€,



149

and iy € [0,1/¢] suchthat b € [3;,_1, 3;,] with
Biy = taMe.
Therefore, we have that
A(11, 49, 13,14) < h < Y(iy,19,13,14),
with

A(iy, 49,13, 14) =ty—1 + Big—1(l;; — Uiz)Jr + Biy (liy — wiy) ™
and Y (i1, i2, i3, 14) =y + Big(wi, — i)™ + Big—1(wiy, — liy) ™.
Note that
0 S T<i17 i27 i37 Z4) - A<i17 i27 7:37 Z4) :aig - Oéi:;fl
+ ﬁiB_l(uil - li1 + Uiy — llz)

+ (Bis — Big—1) ((wg, — i) " — (L —uz,)7)
SME + 2Me + Me(uil — li2>+

<4 Me.
Therefore,
B = {(A(i1, 49, i3, 1a), (i1, d2,43,94)) : 01,42 € [N] i3 € [~1/€,1/¢],is € [0,1/¢]}
is an 4 M e-bracket in || - || norm of H. Thus
2 1
NH(4M€,H, || : ||oo) SE X E X N[}(G,g, || ) ||OO)2
That is
8M? €
) < — .
logN[](e,H, H Hoo) —210g< 62 ) +2lOgNH (4M’g’ H HOO)

V8M

Therefore, from lemma 4.17 and lemma 4.16,

A4JBM

log Njj(e, F, || - |loo) <J log <

MJBM
) o (02
€

€

+ 2J10g NH <2J—B,ga ” ’ HOO>

4/BI(M NV M?)(B v 1))

€

<(2Jcy+ 1)e tlog (

forall e € (0,2J Be). O
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4.G.2 Proof of lemma 4.3

Proof of lemma 4.3. We decompose the proof in three steps. We will denote feas(P;) and feas(Ps)
the feasible sets of P; and Ps.

Step 1: The feasible set of P, is contained in the feasible set of P;. First, observe that for any
h:a e S0 B {x >z}, ||hll, = 320_,|B;]. Therefore, for every I, H;, C # and thus
F,C F.

Second, observe that for any w € [0, 1]%, there exists @ € G(wy,...,w,) such that f(w) =
f(zZJ) Therefore, if f satisfies (4.9) and (4.10) at every (a,w) € [K] x G(wy,...,w), it satisfies
them everywhere. Therefore, this proves that the feasible set of P, is contained in the feasible set
of 7)1 .

Step 2: For any f in the feasible set of P;, there is an f in the feasible set of P, that
achieves the same value of the objective function. Let [ : (a,w) — S agihai(w;) be
an element of the feasible set of PP;. Observe that for all a, [, there exists Ba,l of the form
l}aﬁl LT Zizl Bas1{x > w,,;} such that for all 7 € {0,...,t}, l~za7l(wT7l) = hai(wry). As f
and f coincide at every (a,w) € [K]x G(wy, . .. ,wy), constraints (4.11) and (4.12) are satisfied at
every (a,w) € [K]xG(wo,...,w,),and f and f achieve the same value of the objective function.

To prove that f is in the feasible set of P, it remains to show that the functions (ha,1)ac[k],ic[q) are
in H,; 4, that is that for all a, [, Zizo |Bair] < M. We have that

t

t
Z |6a,l,’r’ :|ha,l(0)| + Z |ha,l (wT,l> - ha,l(w’r,l”
=1

7=0
t
:‘ha,l(o)’ + Z ‘ha,l (wT,l> - ha,l(wal,l)‘
=1

<|hai(0)[ + Z |hai(Tmt1) = hag(@m)]

meN
0<z1<.. <z <1

SHhaJHv
<M.

Step 3: End of the proof. Let f* be a solution to P;. Let f* be a function in the feasible set of
P, such that f* = f* on [K] x G(wy, . .., w;). From step 2, such a function exists. The objective
function evaluated at f* is equal to the objective function evaluated at f*. Since, from step 1,
feas(Py) C feas(P,), and f* is a maximizer over feas(P;), f* must be a maximizer over both P
and Ps. O
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4.H Representation results for the ERM over cadlag functions
with bounded sectional variation norm

4.H.1 Empirical risk minimization in the hinge case

The following result shows that empirical risk minimization over F""9¢ with F; the class of
cadlag functions with bounded sectional variation norm.

Lemma 4.18 (Representation of the ERM in the hinge case). Consider a class of policies of
the form Fhn9e  as defined in (4.6), derived from Fo, as defined in (4.13). Let ¢ = ¢,
Suppose we have observed (W1, A1, Y}), ..., Wi, A,Y,) and let W1, ..., Wy, be the elements of
GWh,...,Wy).

Let (3)ac(x,jeim) be a solution to

. 1{A, =a}
1-Y.
i 2 Y [y

7=1 a€[K]

X max (0, 1+ Zﬁ;‘l{WT > VT@}) }

j—l

s.t. Yl € [m 225a1{m>W}_0

a€[K] j=1

Va € [K], Y 185 < M.
j=1
Then f : (a,w) = Y00, B51{w > W;} is a solution to min ;e p1a S0 _ £2(£)(O;).

4.H.2 Formal definition of the Vitali variation and the sectional variation
norm

We now present in full generality the definitions of the notions Vitali variation, Hardy-Krause
variation and sectional variation norm. This requires introducing some prelimiary definitions. This
section is heavily inspired from the excellent presentation of Fang et al. [2019], and we write it
instead of directly referring to their work mostly for self-containdness, and so as to ensure matching
notation.

Definition 4.6 (Rectangular split, rectangular partition and rectangular grid). For any d subvidi-
sions

Ozwk71§wk72§...§wk7qk:1, k‘zl,...,d,

of [0, 1], let
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* P be the collection of all closed rectangles of the form [wy ;,, W1 i, +1] X ... X [Waiy, Waig+1)s
* P* be the collection of all open rectangles of the form [wy ;,, W1 i,4+1) X ... X [Waiy, Waig+1)-
* G the collection of all points of the form (w;,, . .., w;,).

Any collection of the form P is called a rectangular split of [0, 1]¢, any collection of the form P* is
called a rectangular partition of [0, 1]% and any set of points of the form G is called a rectangular
grid on [0, 1]4.

Definition 4.7 (Minimum rectangular split, partition and grid). Let wy,...,w, be n points of
[0, 1]4. We call minimum rectangular split induced by wy, . . . ,w,, and we denote P(wy, ..., w,),
the rectangular split of minimum cardinality such that wy, . . . ,w, are all corners of rectangles in
P(wi, ..., wy,). We define similarly the minimum rectangular parition induced by wy, ... w,. We
denote it P*(wy, . .., w,). We define the minimum rectangular grid induced by wy, . . . , w,, which
we denote G(wy, ..., w,), as the smallest cardinality rectangular grid that contains wy, . . . , Wy,

Definition 4.8 (Section of a function). Let s € [d], s # (), and consider f € D([0,1]%). We call the
s-section of f, and denote f,, the restriction of f to the set

{<w17"'7wd) € [O, 1]d : VJ € S, W5 = O}

Observe that the above set is a face of the cube [0, 1)¢ and that f, is a cadlag function with domain
[0, 1],

Definition 4.9 (Vitali variation). For any d > 1 and any rectangle R of the form [wy 1, ws1] X ... X
(W14, wa 4] OF W11, wa1) X ... X (W4, W), such that forall k = 1,... d, wg1 < wyo, let

A (f, R) Z Z 1)FH4 fwy g + g1 (wiy — way), - . waa + Ja(wra — Waa)),

=0 ja=0
where, for all k = 1,...,d, Jy = I(wyq # w1q). The quantity A (f R) is called the quasi
volume ascribed to R by f. The Vitali variation of f on [0, 1]¢ is defined as
V(. [0,1) = sup > 1AY(f, R)),
ReP

where the sup is over all the rectangular partitions of 0, 1]°.

Definition 4.10 (Hardy-Krause variation and sectional variation norm). The Hardy-Krause varia-
tion anchored at the origin of a function f € D([0, 1]9) is defined as the sum of the Vitali variation
of its sections, that is it is defined as the quantity

Viko(f Z V@(f,, [0, 1],

0#sC[d]

The sectional variation norm of f is defined as follows:

[fllo = (O] + Vix.o(f)-
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4.H.3 Proof of lemmas 4.5 and 4.18

The proof of lemmas 4.5 and 4.18 will easily follow from the following two results.

Lemma 4.19. Let f € Fy. Letxy,...,x, € [0,1]% Denote Z1,. .., %, the elements of G(z1, . . .,
xp). Let

fo(xl,...,xn) = {xn—) Zﬁjl{x > T} Z|ﬁ]| < M}
j=1 Jj=1

Then
o fo((lfl,...,l’n) Q]:,
e there exists f € Folxy, ..., x,) such that f and f coincide on G(x1, ..., xp) and |||, <
£l

Lemma 4.20. Let fl, cee fq € ]}O(xl, ooy Xp). Let oq, ... a4 B € R Consider the inequality
constraint

Z afi < B.
-1

The following are equivalent.

1. fl, cee fq satisfy the inequality constraint everywhere on [0, 1]%

2. fl, cee fq satisfy the inequality constraint everywhere at every point of G(x1, ..., x,).

We relegate the proofs of the two above lemmas further down in this section. We can now state
the proof of lemmas 4.5 and 4.18.

Proof of lemmas 4.5 and 4.18. The following arguments apply similarly to lemma 4.5 and lemma
4.18. We present the proof in the direct policy optimization case. We proceed in two steps.

Step 1: the feasible set of (4.14) contains a solution the ERM problem over F/¢ Let f be a
solution to

t
i 24 )(0,). 421
jmin, > 64(1)(00) @21
There exists fi1, ..., fi € Fo such that Va € [K], f(a,-) = fu(-). From lemma 4.19, there exists
f1,--., fx that coincide with fy, ..., fx on G(xy,...,z,). Then the function f : (z,a) — f.(x)
achieves the same value of the objective in (4.21) as f.

Since fl, ..., fr coincide with f1,..., fx on G(z1,...,z,), they satisfy the same inequality
constraints as fi, ..., fx (that is non-negativity, and summing up to 1) on G(xy,...,x,). From
lemma 4.20, fi, ..., fx must satisfy these constraints everywhere.

That fi,. .., fx are in Fo, satisfy the positivity constraint, and sum to 1 everywhere, imply that

that f defined above is in F?,
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Step 2: The feasible set of (4.14) is included in 7. This follows directly from lemmas 4.19
and 4.20. [

Proof of lemma 4.19. Let f be of the form z — > iy Bj1{x > &;} such that for every j € [m],
f(&;) = f(&;). Let us show that || f||, < |||l < M. We have that

V(f,[0,1)¢ _supZyA f,R)|

ReP

= sup Z IA(f, R)]
P ek i " P

> sup  |A(f,R)|
ReP(z1,...s ZTn)

= sup  |A(f,R)|
ReP(z1,...y ZTn)

= Y. AR
ReP(z1,...,xn)

:V(f7 [07 1]d)

The second line in the above display follows from corollary 4.2. The third line follows from lemma
4.21. The fourth line follows from the fact that, as |A(f, R)| only depends on f through its values
at the corners of R, which, for R in P(z1, ..., z,), are points of G(z1, ..., x,), at which f and f
coincide. The last line follows from corollary 4.3.

The above implies that M > || f|l, > ||f]l. = > i1 |Bjl, where the last equality follows from
lemma 4.22.

We have thus shown that for every f € JF;, we can find an f € F, (x1,...,x,) that coincides
with G(zy, ..., x,).

It remains to show that .7:"0(x1, -y Tn) © Fo. Itis clear that the elements of ﬁ’o(xl, ..., T,)are
cadlag. From lemma 4.22, the definition of F4(zy, . . ., x,) implies that its elements have sectional
variation norm smaller than M. Therefore, Fy(z1,...,z,) C Fo. ]

4.H.4 Technical lemmas on splits and Vitali variation
Effect on Vitali variation and absolute pseudo-volume of taking finer splits

The following lemma says that the sum over a split of the absolute pseudo-volume ascribed by f
increases as one refines the split.

Lemma 4.21. Let f : [0,1]¢ — R. Let Py and Py be two rectangular splits of [0, 1]%. Define
P1 NPy = {leRQ:Rl 67)1, Rs GPQ}.
It holds that

STIAY L R)I< Y AL R

RePy R'eP1NP2
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We relegate the proof at the end of this section. The following lemma has the following corol-
lary.

Corollary 4.2. For any function f : [0,1]¢ — R and any rectangular split Py of [0, 1]¢, the Vitali
variation of f, which we recall is defined as V9 (f) = supp ., it 2_rep |Af, R)| can actually
be written as

V@ = sup Z\ (f, R
P recr sty BEP’

Proof of corollary 4.2. Observe that the set of rectangular splits { PNP, : P rect. split} is included
in the set of all rectangular splits. Therefore,

sup Z|AfR|<Z|AfR

=PNPo pepr
73’ rect. split ReP Pplit

Lemma 4.21 implies the converse inequality:

sup STIALR) = ) IAf R

Pﬁ'Po ,
'P’ rect. split ReP Psplit

We therefore have the wished equality. [

Vitali variation of piecewise constant functions

The following lemma characterizes the sum over a rectangular split of the absolute pseudo-volumes
of a function that is piecewise constant on the rectangles of that split.

Lemma 4.22. Let x4, ...,x, € [0,1]% and let &1, . .. , T,, be the elements of G(xy, ..., x,). Con-
sider a function [ of the form

frae > pil{r > a5},
j=1

It holds that
Vaxo(f) = Z |81
j=1
Corollary 4.3 (Vitali variation of rectangular piecewise constant function). Let x1,...,z, €
0,14, let Ty, . .., T, be the elements of G(xy, . .., x.,), and consider a function f of the form

J
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Then
sup [A(FR)| = Y AR,
P rect. split REP(1,... on)
where P(x1, ..., x,) is a minimal rectangular split induced by x1, . .., Tp,.

Proof of lemma 4.21. Consider a rectangle R € P(xy,...,x,). There exist k,l € [m] such that
R = [Zy,%]. (Since P(zy,...,x,) is a minimal split, we must have &, < I; as otherwise the
corresponding minimum grid would have duplicate points and would therefore not be minimal).
Observe that

A(f, [Tr, T]) =A (Z Bil{- > x;}, [@iz])
=0; ZA ({- > 23}, [, 7))

as the operator f' — A(f’, [Zy,7]) is linear. Let us calculate A(1{- > Z,}, [Ty, Z;]) for every
J € [m]. We have that

AL > 25}, [T, 7))

= Z (=) Ty 4 1 (Teg — Tia) = T, Tra + Ja(Tea — Tra) > T5.48-22)
Jis-ja€{0,1}

From there, we distinguish three cases.

Case 1: There exists ¢ € [d] such that Z;; > Z;,. Then, all terms in (4.22) are zero and thus
A = 7}, [T, ]) = 0.

Case 2: 7, = ;. Then, only the term in (4.22) corresponding to j; = ... = j; = 0 is non-zero
and thus A(1{- > 7;}, [T4, 3y]) = 1.
Case 3: 7, < 7;and Z; # 7;. Then denote
I :{’l < [d] . jj,i = i’lﬂ'}
and [° =[d]|\1.
As Z; # 2y, I¢ # (). Denote iy, . . . , i, the elements of I¢, where ¢ = |I°|. Then
A > w;}, [Th, 7))

= Z (=)0 T + G2 (TFky — Z11) = s B+ Ja(Tha — Tra) > Tja)
Ji,-3a€{0,1}
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= ) (-1tevie i =0}

— Z (— 1)+t

1 1 1
— (—1)da Z (—1)di2 | Z (—1)%ia
]7,1—0 jqu:O qu_O
=0.
Therefore, we have shown that, forall j = 1,...,m,

1 if z; = g,
0 otherwise.

AL = &5}, [, 1)) = {

This implies that

|A(f, [n, i) = | Brl-
which concludes the proof. [

Proof of corollary 4.3. From lemma 4.21,

s SIALRI= s ST STIAGLR)L

1 /.
Psplit pep P'=POP(x1,...n) pepr Rep!
P’rect. split

Consider a split P’ of the form PNP(z1, ..., x,). We can write the corresponding rectangular grid
as T1, ..., Tm, Tmtl, - - - Ty Where Zq, ..., T, are the points of G(z1,...,z,). We can rewrite f
as

f T = zm:ﬁjl{l' > .’i’j},

j=1
with 8,11 = ... = B, = 0. From lemma 4.22, we have that
S ALRI=D1BI=D181= > AR
ReP’ j=1 Jj=1 REP(z1,...%n)

Therefore

ap S ALRI= Y AR
p/:’,}’;ﬁpgﬂfl:i_‘£7xn) ReP! (
rect. spli
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Chapter 5

Nonparametric learning from sequentially
collected data
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In this chapter, we give guarantees on estimators of infinite dimensional parameters of the
uncontrolled part ¢ of the data-generating distribution in a sequential trial. Our contributions are
two-fold.

First, we give high probability deviations bounds for empirical risk minimizers over nonpara-
metric function classes. We give applications to outcome model learning and policy learning in
the contextual bandit setting, and on sequential learning of the transition density in the Markov
Decision Process setting.

Second, we give new guarantees on the sequential Super Learner. Our new theorem improves
on the original theorem from Benkeser et al. [2018] by avoiding a condition that is hard to check.

5.1 Introduction

5.1.1 Data and statistical experiment

Suppose that an experimenter interacts with an environment along 7' time steps. At time step
t, the experimenter observes a vector of pre-treatment covariates L;(¢) lying in a Euclidean set
L, characterizing the state of the environmnet, then assigns treatment A(t) € A := [K], for
some K > 2, and then observes a vector of post-treatment covariates Lo(t) € Lo. We denote
O(t) := (L1(t), A(t), Ly(t)) the data observed at step ¢, and we let O(t) := (O(1),...,0(t)). We

adopt the convention that O(0) is a known constant, so that conditioning on it leaves unchanged a
probability distribution.

5.1.2 Statistical models

Denote P the true distribution of O(T'), and let M7 the statistical model which we assume to
contain P7. We denote PT a generic element of M”. We suppose that there exists a dominating
measure ! such that every element P7 admits a density w.r.t. x. For any P, we denote p? this
density. For any o(T) € OT, any such density can be factored as

p (1)) = [Tar () [ a(t = 1))gila(t) | o(t = 1), Li(#)aa(la(t) | ot — 1), L (1), a(t)).

We consider two statistical models: the stochastic contextual bandit model, and the Markov
Decision Process model, as defined in the introduction chapter. We recall these models below.

Stochastic contextual bandit. In the stochastic contextual bandit model, we assume that L, (1),
L1(2),... form an i.i.d. sequence of random variables that we refer to as contexts. For every ¢, we
assume that L (t) is a reward that lies in [0, 1] and that depends on the past O(t — 1), L1 (t), A(t)
only through L;(t), A(t). We suppose that the distribution of Ly(t) given A(t), L1 (t) is the same
for every t. As a result, for any distribution P in the model M7, the corresponding density can
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be factorized as

T

p" (1)) = [ Tar(u@)agila(t) | ot — 1), L) a2(la(t) | L(1), a(t)).

t=1

Under this model, the action at ¢ that maximizes the expected reward depends only on [; (¢). We
call a policy a conditional distribution (11, a) € £, x A+ g(a | ;). We can write the likelihood
of the data O(T') as follows:

T
P (O(T)) = [T ar(Li()g:(At) | Li())ge(La(t) | Li(t), A1),
t=1
with g;(a(t) | 11(t)) := g:(a(t) | 11(t),O(t — 1)). Note that the policy g; is an O(t — 1) random
function, unlike ¢g;, which is a fixed function.

Markov Decision Process. We let Ly(t) = 0 for every ¢ > 1. The Markov Decision Process
model assumes that L, (¢) depends on the past O(t — 1) only through the latest state L;(t — 1)
and the latest action A(¢ — 1), and that the conditional distribution of L, (¢) given L, (¢ — 1) and
A(t — 1) is the same across time points. As a result, for any distribution PT in the model M7, the
corresponding density p? can be factorized as

T

p"(O(T)) = [ Ta(ti(t) | (¢ = 1),a(t = 1))gi(alt) | o(t — 1), li(t)).

t=1

Under the MDP model too, the action that maximizes the reward to go at ¢ depends only on [ (),
which motivates introduce the notion of policies defined as conditional distributions over A given
a value [; € L, of the latest state. As in the CB setting, we can write the likelihood of O(t — 1) as

p"(O(T)) = [T ar(Lu(t) | La(t = 1), At = 1))ge(A(t) | Li(8))ga(La(t) | Li(2), A(1)),

t=1

with gi(a(t) | [1(2)) := gi(a(t) | {1(t),O(t — 1)). Here too g, is an O(t — 1) measurable object.

5.1.3 Target parameters

In the contextual bandit model, parameters of interest include the outcome model
(llv CL) = Q(a’ ll) = EQ2 [LQ(t) | Ll(t)v A(t)] ’

and, given a policy class G, an optimal policy ¢g* € G, that is any element of arg maxV(q, g),
where V(q, g) is the value of g under g, as defined in the introduction chapter.

In the MDP setting, a parameter of interest is the conditional density ¢;. Note that if one knows
the true transition density ¢, one can find an optimal policy, that is a policy that maximizes the
expected cumulative reward (or the expected cumulated discounted reward).
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5.2 High probability bounds for empirical risk minimizers

In this section, we give high probability bounds on the excess risk of empirical risk minimizers over
a nonparametric class under a bracketing entropy assumption. Let us first introduce the setting. Let
F be a class of functions O x R (or £; x A x £; — R). Let ¢ be a mapping such that, for any
f:OxRorany f: Ly x Ax Ly — R, ¢(f)isafunction O — Ror £; x A x L; — R. We will
interpret ¢ as a loss function. Let

Ri(f) = By g0 [((F)(O(1)) | O(t = 1)]

and

be the conditional population risk, and the average conditional population risk. Let ¢; be the
importance sampling weighted loss, defined for any f € F as £;(f) := (gret/9:)¢(f), and let

Re(f) = 7 - G(F)(O()),

be the empirical (importance-sampling weighted) risk, where gi.f(a | 1) := K~'. We denote Ry,
and R, r the corresponding risks under ¢y := (o 1, qo.2)-

Let f; € F be a fixed function, and let fr be an empirical risk minimizer over JF, that is a
function f € F such that

B (fr) = inf Rr(f).

Forany f: O — R, let

) = 5D B 100 | Ot = 1)]

t=1

It is straightforward to observe that o is a norm. In the upcoming theorem, we give a high
probability bound on the population risk difference Rr(fr) — Rr(f*) of of the empirical risk
minimizer. Our theorem relies on the following assumptions.

Assumption 5.1 (Entropy). There exists p > 0 such that
log Nyj (€, ((F),01) S€P,
where ((F) .= {{(f) : f € F}.

The following assumption is a so-called variance bound. It is a common condition in the study
of ERMs.
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Assumption 5.2 (Variance bound). There exists o > 0 such that, for any f € F,

or(U(f) = L(f1)) S (Br(f) = Rr(f1)))".
The following last assumption is a bound on the importance sampling ratios g/ g:.

Assumption 5.3 (Importance sampling ratios bound). There exists 6 > 0 such that

Sup | gret/Gelloe <07
te|T)

almost surely.

Assumption 5.4 (Radius of ¢(F)). There exists B > 0 and vy > 0 such that

sup || flloo < B and supor(f) < 1.
fer feF

Assumption 5.5 (Convexity). The class F is convex and the mapping { is convex over F.

Theorem 5.1 (High probability bound for ERMs). Suppose that assumptions 5.1-5.5 hold. Then,
with probability at least 1 — 2e™7,

n I T \7=a Bz
Re(Ffr)  Belf) £ (0T) =t 4 ()7 4 B2

ifp € (0,2), and

T Bzx

Rr(fr) = Be(h) S (0T) ™7 + 710y [ 5 + 5

ifp ¢ 2.

5.3 ERM for policy learning in the CB setting

5.3.1 Two approaches to policy learning

Policy learning objective. In the contextual bandit setting, one learning goal is to estimate an
optimal policy, that is a to find a policy g that maximizes the value V(q, g), as defined in the
introduction chapter, over a certain policy class G. Recall that

V(Q7 g) = E!h

S Qla, Ligla | L)

We define the risk of a policy g as its negative value:

R(q,9) = —V(¢,9).

Let O™ = (Lt At [reh) ~ Prf where dP™' /di = q1G.e1qo. We introduce a loss ¢ such that
for any policy g, and any (I1, a,l) ¢(f)(l1,a,ly) = —mlgg(a | 11), and, for any ¢t > 1 let

C(f) = (gret/ge)L(f). Observe that
R(q,9) = Equ. gret g2 [((F)(O™)] = Eqygq0 [(:(O(1)) | Ot = 1)] .
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Reduction to cost sensitive classification. The policy optimization problem in the contextual
bandit setting can be recast as a cost-sensitive classification problem in which [y — ¢(- | [;) is a
classifier that maps a vector of predictors /; to a probability distribution over labels 1, ..., K, and
where —Q(a, [1) is the cost of predicting label a under /;. The connection between policy learning
and cost-sensitive classification has been made in numerous articles in the past (see e.g. Zhao et al.
[2012]). It is a useful connection as it allows in particular to reuse the theory of classification
calibration (see in particular Bartlett et al. [2006]).

We consider two approaches to policy learning.

Direct policy optimization. Let

Rr(9) = 5 3" L(9)(O().

the (importance sampling weighted) empirical risk of policy g. The first approach to policy learning
that we consider is to directly minimize w.r.t. g the empirical risk Ry (g). We denote gr a minimizer
over the policy class G of Ry. We refer to this approach as direct policy optimization. One major
caveat of this approach, is that for most natural policy classes, optimizing Z§T( g) is computationally
intractable. We give an example of a class over which it is tractable in chapter 4.

Optimizing a convex surrogate risk. In the second approach, we consider policies of the form
gr(a]ly) =1{a = argmax f(a,ly)}

for functions living in a certain class F such that Zle f(a,ly) = 0 for every [;. We define a
convex surrogate loss as

(f)(0) == —yo(f(a, 1)),

where ¢ is a convex function. Common examples for ¢ include the hinge surrogate ¢*"° : x
(1 + )" and the truncated square surrogate ¢4 : z — (1 + x)2. We define the importance

sampling ¢-loss as £ (f) := (gret/g:)0(f), and the ¢-risk as :
Rd)(q? f) = By gret .2 [W(f)(Oref)} = Eq 91,00 [ft(fxo(t)) | O(t - 1)} .

In the surrogate setting, we optimize the ¢-risk w.r.t. f over F. We define the empirical ¢-risk as
N 1 &
Rr(f) =7 YUt —1)).
t=1

Let J?T be an empirical ¢-risk minimizer over . Our fitted policy is then g 7. We define the excess

risk R(q, 97, ) —inf, R(q, g) and terms of the excess ¢-risk R”(g, fr)—inf; R*(q, f), where in the
first expression, the infimum is over measurable policies, and in the second over measurable func-
tions [ : £; x A — R such that fozl f(a,ly) = 0 for every [;. Classification calibration theory
allows us to bound the former in terms of the latter, under the so-called realizability assumption,
which we present next.



165

Assumption 5.6 (Realizability). The function class F contains a minimizer of R®(q, f) over the
set of measurable functions [ : L; X A — R such that Zle f(a,ly) =0forallly € L.

Obtaining guarantees on the excess risk. Consider either of the two approaches. In the surro-
gate setting, we denote gr = ¢ 7, SO as to use the same notation for the fitted policy in both setting.
We care about obtaining guarantees on R(q, gr) — inf,eg R(q, g), the excess risk relative to policy
class G. Note that under the realizability assumption, the excess risk relative to G coincides with
the excess risk relative to all measurable policies.

In the direct policy optimization setting, we obtain guarantees directly by applying theorem
5.1.

In the surrogate setting, we obtain guarantees by first applying theorem 5.1 to bound the excess
¢-risk, and we then use classification calibration theory to bound the excess risk in terms of the
excess ¢-risk.

5.3.2 Variance bounds

While guarantees can be obtained in the absence of a variance bound, that is when assumption 5.2
holds only for o« = 0 (in which case the bound is vacuous, as the bound always hold for o = 0 if /,
or /¢ is bounded over F), we can obtain tighter bounds in the presence of such a variance bound.
We consider two situations under which we can obtain a variance bound.

Variance bounds under non-zero modulus of convexity

The first situation only applies to the surrogate case, when the surrogate ¢ has non-zero modulus of
convexity. We restate below the definition from Bartlett et al. [2006] of the modulus of convexity
of a convex function.

Definition 5.1 (Modulus of convexity). Given a pseudo-metric d on a vector space S, and a convex
function f : S — R, the modulus of convexity of [ is defined as a function § : [0,00) — [0, 00|
such that

5@%ﬂﬁ{i@ﬁ%i@2_f(%gx2

) T XT1,T € S, d(l'l,l’g) 2 6} .

The following lemma gives a variance bound that holds when the modulus of convexity is
quadratic.

Lemma 5.1 (Variance bound from modulus of convexity). Suppose that ¢ has modulus of con-

vexity & such that 6(¢) 2 € Let f* be a population ¢-risk minimizer, that is an element of
argmin ;. » R%(q, f)

‘2
q1;9ref ;42

1€2(f) — €2(f7) S Rlg, f) = R(g, [7).

The proof of the above lemma is a straightforward extension to the cost-sensitive setting of
lemmas 15 and 16 in Bartlett et al. [2006].
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Variance bounds under Tsybakov noise assumption and realizability

In the direct policy optimization setting, and in the surrogate setting under surrogates that have zero
modulus of convexity, variance bounds can still be obtained under the conjuction of the realizability
assumption, and of the Tsybakov noise assumption, which we present next. We present it in the
case K = 2. Extensions to the case K > 2 exist, but deriving the corresponding variance bounds
appears to tedious. We leave it to future work. The version of the Tsybakov noise assumption that
we present is a generalization to the cost-sensitive classification setting. One instance of this CSC
Tysbakov noise assumption can be found in Zhao et al. [2012].

Assumption 5.7 (Tsybakov noise assumption). Let 1 : I} — Q(2,11)/(Q(1,1}) + Q(2,15)). We
say that q satisfies the Tsybakov noise assumption if there exists v > 0 such that

Pry [[2n(L1(1)) = 1] =2 4] S ¥
for everyt > 0.

The following lemma gives a variance bound under the Tsybakov noise assumption and the
realizability assumption.

Lemma 5.2 (Variance bounds under Tsybakov and realizability). Suppose that assumptions 5.6
and 5.7 hold. Then, for every f € F. Let f* be a population ¢-risk minimizer, that is an element
of argming R?(q, f). (Note that under since we are making the realizability assumption, f*
minimizes the ¢-risk over measurable functions such that Zle fla,ly) = 0 forallly.). Let ¢ €
{ghinee HlY ywhere ¢' : u — u. Observe that the loss { we use in the direct policy optimization
setting equals ("

We then have that, for any f € F,

[2CF) = £2(F7)
with o == v /(v + 1).

2
q1,9ref 492

5 (Rd)(cb f) - R¢(q> f*))a ’

The proof in the hinge case is a straightforward extension to the CSC setting of lemma 6.1
in Steinwart and Scovel [2007]. The proof in the case ¢ = ¢'¢ can be found in various existing
articles such as Chambaz et al. [2017].

5.3.3 Classification calibration bounds

Let R*(q) := inf, R(q, g) and let R*? inf; R*?(q) := inf; R?(q, f), where the suprema are over
measurable policies and measurable functions f : £; x A — R such that Zle f(a,ly) = 0 for
all [; € £,. Under the realizability assumption and the Tsybakov noise assumption with exponent
v (no Tsybakov noise assumption corresponds to v = 0), a straightforward extension of theorem
10 in Bartlett et al. [2006] gives that, for every f

(R(g,95) — R*(9))*w ((R(q, 95) — R*(9))'™*) S R®(q, f) — B**(q),

for some function w : R — R that depends on ¢. For ¢ = ¢*9, w(u) = u?, and for ¢ = @hinee,
w(u) = u.
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5.3.4 Theorem statement

Theorem 5.2. Suppose that the entropy assumption (assumption 5.1), the importance sampling ra-
tio bound assumption (assumption 5.3), the convexity assumption (assumption 5.5), the assumption
on the radius of the loss class (assumption 5.4), and the Tsybakov noise assumption (assumption
5.7) hold. Let o == v/(v + 1). Suppose that ¢ € {¢'?, phinge gtavad 1,

We consider various situations depending on ¢, the values of the entropy exponent p and of the
Tsybakov noise exponent v, and of whether the realizability assumption 5.6 holds.

Then table 5.1 gives the cases where an inequality of the type

Pr, | R(q.5) — inf R(g,0) 2 (T6) " +a| S exp (~CTo(a" Ax),

holds provide and explicit values for the exponents [3 and .

Table 5.1: Coefficients 5 and  of the high probability bound on R(q, g;) — inf,cg R(q, g)

0] Realizability P I5) v
1
No € (0,2) 5 2
Id > 2 : 2
1
Yes € (O, 2) m 2—«
> 2 i 2 -«
p
No No consistency result
hi N S —
mnge Yes € (0,2) 5atpas |2 Q
> 2 i 2 -«
p
No No consistency result
tquad [ S —
4 Yes €(0.2) (2—a)(1+p/2) 2-a
> 2 L 2—-«
p(2—a)

5.4 ERM for transition density learning in the MDP model

Since in our formulation of the MDP model we do not use the variables Lo(t), we simplify notation
by using L(t) for L, (t) and g for ¢;.
Consider the negative log likelihood loss, defined for any q as

g(Q)Uva’v ll) = _IOgQ(l/ | a7l>'
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Under the MDP model, the population risk defined earlier can be written as

Re0) i= 1 3 By [a) (L(0), (), L(t+ 1) | O1)
and the empirical risk as
Re(a) i= = 3 Ha)(L(H), A), Lt + 1))

t=1

Let ¢; be a fixed element of Q, and let g7 € argmin, o ﬁT(q). Introduce the alternative loss
[, defined for any ¢ as

Iq) = —logq;ql%,
and let
Fr() = = 3 B, [lg) (L(t), AW, L{t + 1) | O(t)]
and

Rel) = 7 30 (A1) | L)) (LD, A), Lt + D).

Since [ is convex, and from the definition of gr we have that ﬁT@T) — ET(ql) <0.
We will apply theorem 5.1 with the loss [. The key step is to show a variance bound. In the
upcoming lemma, we give one under the following assumption.

Assumption 5.8 (Lower bound on ¢;). There exists ) > 0 such that, inf, .y g1 (I | I,a) > 1.

Lemma 5.3. Suppose that assumption 5.8 holds. Then, for every q € Q,

or(l(q) — Uaq)) S ET(Q) - éT(Ql)'

Proof. For any two ¢,¢' € Q,and o € O, let

h(g.q' | o) = (/(\/_— V>Rl | O)dl’) 1/2,

the conditional Hellinger distance, and for any f : O x £ — R, let

1/2

1FC T 0)laq0 = (F2(" [ 0)g(I" [ 0)dl') "™,
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the conditional L? norm under ¢, and

1/2
e \oHqu:(Zk,/lﬂ (| o)a g/|o)dg/> |

k>2

the conditional Bernstein norm w.r.t. q.
Following the arguments of section 3.4.1, we obtain that

|0 =Tt o],
5| - fancrom,
S0 |00)
E [(fla) T (0. Lt + 1) | 0]
Therefore, averaging over ¢ = 1, ..., T, we obtain

o3((Ul(g) — U(@))) S Rrlq) — Rela).
O]

As a corollary of the above variance bound lemma and of theorem 5.1, we have the following
result on the ERM ¢7.

Theorem 5.3. Suppose that the entropy assumption (assumption 5.1) and assumption 5.4 hold for
[(F), and that assumption 5.5 holds for (. Suppose further that assumptions 5.3 and assumption
5.8. Then, with probability at least 1 — 2e~*, we have that, if p € (0, 2),

R 1 z(1+ B)
h < (0T z+r _—
T(QTa(h) ~ ( ) tr + (5T )
and, if p > 2,
- a1 z(1+ B)
h < (6T) 2 —_
T(QT7q1) ~ ( ) (ST )

where hr(q,q}) == T* Zthl h(q,q" | O(t)).

5.5 Stronger guarantees for the sequential Super Learner

We consider the sequential Super Learner, a cross-validation model selector for sequentially col-
lected data. The sequential Super Learner was initially proposed in Benkeser et al. [2018]. In
section, we propose a new version of the guarantees of the sequential Super Learner, in which we
remove assumption A3 of the original paper, which is hard to check.
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We work in the general setting presented in section 5.1. We consider a loss ¢ over functions
f : O — R, such that, for any such f, ¢(I(f) is a function O — R. We let ¢, be the impor-
tance sampling weighted loss defined as ¢;(f) := (gret/g:)C(f). Let (f1 )t>1s - - (ﬁ J)i>1 be J
sequences of random functions such that for every j € [J], t > 1, f] Lis Ot — 1) measurable Let
fo be a fixed function.

For a fixed function f, we define average conditional risk, and its IS-weighted empirical risk
as

Z agreraz [(()(O®) | Ot —1)]

~ |

Nl =
M’ﬂll
N

and Rr(f) := (S)(O1)).

t=1

and for any j € [J], we define the average conditional risk and the IS-weighted risk of the sequence

(J?j,t) as

By | () (0(8) | O = 1)]

IIM’%

T
andeT: Z fjt

Let

;’T = arg min R; 7(q),
JEJ]

be the oracle selector and let

;T ‘= arg min fij,T
S
be the Super Learner selector.

Although our results hold in full generality, we will think of these sequences of random func-
tions as sequences of estimators of a feature f, of the uncontrolled component ¢, of the data-
generating density.

We make the following assumptions. Unlike in the analysis of the empirical risk minimizers,
instead of making assumptions on the unweighted losses ¢ and on the importance sampling ratios
gret/ gt We directly make assumptions on the IS-weighted losses ¢;. This covers the former case
and allows for more generality.

Assumption 5.9. The fixed function f is such that, for any j € [J], t > 1,

Rjr(q) — Rr(q, fo) <0.
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Let us give an example of a common situation where assumption 5.9 holds. Observe that in
the CB setting, we have that Rr(q, f) = Ey, ... [((f)(O(1))], and as a result Ry (q, f) is non-
random. In this case, if fj is a minimizer over the set of measurable functions of Rr(q, f), fo is a
non-random function that satisfies assumption 5.9.

Assumption 5.10 (Supremum norm bound). There exists My, > 0 such that, for all t > 1
sup; [[€:(f) — Li(fo)lloo < M.

Assumption 5.11 (Variance bound). There exists o > 0, My > 0, such that, for all t > 1, and any
jelJl,

B | (aZ0w) - stmiow) |oe - 1)
<M, (B [6(F0(00) - G 0|0 - 1))

Assumption 5.12 (Global variance bound). There exists Mz > 0 such that, for all j € [J]| and
t>1,

B | (40 - atiow) ot - | < i

We can now state our oracle inequality result.

Theorem 5.4 (High probability oracle inequality). Consider the setting of the current section, and
suppose that assumptions 5.10-5.12 hold. Consider an integer N > 1 and a number a > 0, and
let z(a, N, ) := a(2-N+Y My /M), Then, for all x > z(a, N, ), it holds that

Pty [R5, () = Brlo fo) = (1+20) (B5, 1(a) = Rr(q. fo)) + ]

<2J(N +1) (eXp (—%) + exp (—%)) ’

with Cy(My, a) := 8 x 227%(1 + a)* My /a®, and Co(My,a) := 16(1 + a) M, /3.
As corollary of theorem 5.4, we can obtain the following oracle inequality in expectation.

Corollary 5.1 (Oracle inequality for the expected risk). Suppose that assumptions 5.10-5.12 hold,
and let a > 0. Then

E [R5, 2(0) = Brla, fo) = (1 +20) (RBy, 1(q) — Br(a, o) )|

9 (1 4 1og(s(N + 1)),

< (M) T (14 4log J(N +1)77 +2

where

C1(My,a) = 8(1+ a)*My/a® and Co(My,a) = 8(1 4 a)M;/3,

M [t \Z=
N+1=1 a2 — log 2.
+ 0g<a Mg(Cl) )/og
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5.A Conclusion

The contributions we make in this chapter are two-fold. First, we have given guarantees for em-
pirical risk minimizers fitted on contextual bandit data, and on MDP data. In both situations we
gave high probability bounds under bracketing entropy conditions, and we required a certain rate
of uniform exploration — that is we assumed that actions were sampled from an e-greedy de-
sign. Our second contribution is a new high probability oracle inequality for the Super Learner for
sequentially collected data.

These results are important in the sense that they allow for nuisance parameter fitting in causal
estimators and off-policy policy learning from sequentially collected data. We use variants of these
results in chapter 7, and in Malenica et al. [2021].

In chapter 4, we give study policy learning under a more efficient (from the point of view of
regret minimization) design than e-greedy. It would be an interesting direction for future work
to generalize the high probability excess risk bounds to that design and to more general designs,
under minimal assumptions.
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5.B Proof of theorem 5.1

The proof of theorem 1 relies on a maximal inequality for importance-sampling weighted martin-
gale processes, which we present next. Consider a class of functions F : O — R. Let, for every

fewF,

D)= 3 Prvars 1O0) | 00)] = £2(4(0) | (1) £(O(1)
1 2 B | A0 | L0)1(00) | 00)] - E240) | Lato) 000

t=1

Observe that the terms in the sum in Mr( f) form a martingale difference sequence. The process
{Mr(f) : f € F}isaso-called martingale process. We refer to the particular type of processes of
the form of { My (f) : f € F} as importance sampling weighted martingale processes.

Our maximal inequality relies on the following assumptions.

Assumption 5.13 (Entropy). There exists p > 0 such that
log Njj(e, F,op) Se®.
Assumption 5.14 (Radius of F). There exists ro > 0 and B > 0 such that

supor(f) <re  and  sup|flle < B.
feF feF

Theorem 5.5 (Maximal inequality for [S-weighted martingale processes). Make assumptions 5.13
and 5.14. It holds with probability at least 1 — 2e~" that, for any rc[0,1¢/2], that

/ B
SupMT(f) 5T_+HT(67TO,T_7B)+T0 (;;—7—’_ 5:2:

fer

where

1 o B
Hr (S, r0,7—, B) := (5_T/ \/10g(1 + Ny(e, F,op)de + 5—Tlog(1 + Ny (ro, F, o)

The proof is almost identical to that of theorem 4.5 in chapter 4.
We can now prove theorem 5.1. We distinguish the cases p € (0,2) and p > 2. The proof in
the case p € (0, 2) is a straightforward adaptation of lemma 13 in Bartlett et al. [2006].

Proof of theorem 1, case p € (0,2). We proceed in three steps. In the first step, we identify a set
of upper bounds on RT(]?T) — Ryp(f1) that hold with probability at least 1 — 2¢~*. In the second
step, we give a sufficient condition for the condition that defines the set of upper bounds. In the
third step, we give an explicit upper bound.
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Step 1: A set of high probability upper bounds. We will use the shorthand notation Ry (f) and

Ry (f) for Ry(q, f) and Ry (q, f), and observe that My (f) = Ry (f) — ]?BT(f). Let r > 0. From
the convexity assumption (assumption 5.5) we have the following implication:

3f € F,Rp(f) — Rr(f1) < 0and Ry(f) — Re(f1) > r?
— 3f € F, Ry(f) — Rr(f1) < 0and Ry (f) — Re(f1) = r*.

Therefore,

Pr, [§T<J/C\T) — Ry(f1) and Ry (fr) — Rr(f1) > 72]
<Pr, [ﬁT(ﬁ“) — Ry(f1) and Ry(fr) — Ro(fy) = 7”2}

<Pr, sup Mr((f) —£(f1) > 7
feF
| R (f)—Rr(f1)<r?

<Pr, sup Mr(e(f) = €(f1) = r*]
ferF

| o (6(f)—E(f1))<re

where the last line follows from the variance bound assumption (assumption 5.2).

Let r be such that

Bzx
2> 20 (5,7%,0, B) + 1%y | o + —. 5.1
Then, from theorem 5.5
Pr, sup My(0(f) —£(f1) > 7| <2e77,
fer

o (L(f)—L(f1)<r®
and thus
Re(f) = Re(f1) S 72
with probability at least 1 — 2e™7.

Step 2: a sufficient condition to be an upper bound. It is straightforward to check that since
p < 2,
HT(éa r, 07 B)

r

T

is a decreasing function, and this this implies that if 7* is a solution to (r*)? = H(6,7*,0, B),
then, if » > r*, then r* > Hr (5, 7,0, B). As a result, if

r? > max {(r*)2, <51T>21& , %} ,

then r satisfies condition (5.1).
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Step 3: an explicit upper bound. Treating B as a constant that we absorb in the “<<” symbol,
we have that
rl=p/2  p—p

B) < —
H((S?r?()? )N ﬁ + 6T

It is straightforward to chcek that
r* = (5T)*m
is such that

(r*)2 = Hr(d,7",0,B).

Proof of theorem 5.1, case p > 2. Observe that since ]/%T(]?T) < Z§T( f1)s

~ -~

Rr(q, f) — Rr(q, fi) <Mp(L(f) — £(f1))
SilelgMT(g(f) —U(f1)).

The result then follows by applying the maximal inequality 5.5 and optimizing the lower bound 7 _
of the entropy integral. O

5.C Proofs of the Super Learner results

Proof of theorem 5.4. The proof can be decomposed in three steps.

Step 1: an algrebraic decomposition. Denote H, 1 := R;1(q) — Rr(q, fo) and H ST = }A%jj -
Ry (fo), where, for all f, R,(f) := T~ ST 0(0)(O(t)). An algebraic decomposition proven in
past works on the Super Learner (see e.g. Dudoit and van der Laan [2005], Benkeser et al. [2018])
shows, that for any a > 0, the (average cumulative) excess risk of the Super Learner’s choice can
be bounded by (1 + 2a) times the (average cumulative) excess risk of the oracle choice, plus some
remainder terms, as follows:

R 1(q) — Rr(q, fo) <(1+ 2a) (R’J*T,T(Q) — Rr(q, fo)) + As_p(a) + B;_ p(a)

< ~ — . ) .
<(1+2a) <R]T,T(Q> Rr(q, f0)> + 52?}]( Ajr(a) + ?é?}}( Bjr(a)s.2)

where

Aj;f(a) = (]. + (l) <f"jj7T — ﬁj,T) — (lf‘jjﬂ“

and Bj7T(CZ) = (1 + CL) (ﬁ[j,T — Hj,T> — CLFI]’7T.
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The first terms in both A, r(a) and B, 1 is a centered mean of a martingale difference sequence
(MDS). From Bernstein’s inequality we expect that their probability of being larger than x to
behave, for small z > 0, like exp(—C'tz?) for some constant C'. Observe that by definition of f,
H, ;7 < 0forevery j. As we will see in the next step, the negative shifting by aH rinAjr(a)and
Bjr(a) allows to get bounds tighter than exp(—Ctz?) for P[A;7(a) > x| and P[Bj,T(a) > xl.

Step 2: Bounding positive deviations of A, (a) and B;r(a). The analysis of A;r(a) and
Bijr(a) is identical. We present it only for A;r(a). Denote U, := Et(fAjyt)(O(t)) — L(fo)(O(1)).
Observe that HJT t=2S°T U, and that H; 7 == t' S0 | E[U;, | O(t — 1)]. Introduce
Vip :=t" thl [U?, | O(t — 1)] the mean of conditional second moments of U1, .., Uj .

The general idea of this step is to use Bernstein’s inequality for martingales to bound P[A; r(a)
> z]. The first step is to show that {A;r(a) > x} implies that the martingale H T — i 7 is
greater than some quantity. We indeed have that A; T(a) > x is equivalent to flij _— T >
(14 a) Mz + aHj T) From assumption 5.11, H, > (Vip/Ma)'/e. Therefore, Ajr(a) > x
implies that Hj T — Hj 7> (1+a) Yz + a(Vjr/Ms)"Y*). Bernstein’s inequality for martingales
for HLT - H],T reads, for any fixed y > 0, as

~ 1ty
P[HJT—HJT>y,V <Ui| < exp (——+).

In order to be able to apply it to bound P[A;r(a) > z|, we thus need a fixed lower bound on
(1 + a)~Y(z + a(Vjp/My3)Y/*), that is we need a lower bound on V7, while in the meantime
the above form of Bernstein’s inequality also requires an upper bound on Vj . From assumption
5.12, Vjr < Ms. A trivial lower bound is 0. However, if we use this trivial lower bound, we are
essentially forgetting about and loosing the benefit of the negative shifting by aH ;,r- We can do
better if we can ensure that the lower bound is within a constant factor of the upper bound. This
motivates using a peeling device: we consider a dyadic partition uﬁ\;O( N, oN] of [0, M3], and
we exploit the fact that, from a union bound, P[A;r(a) > z] < SN P[A;r(a) > z,Vjr €
[N |, vN]]. This leads to dealing with more terms than if we were not using the peeling device, but
we will show that, for an appropriate choice of the size of the partition N, these are sufficiently
small so that it ends up being beneficial. Let us now give the precise definition of the dyadic
partition: for all i € {0,..., N}, we let vY := 20"V M3, and we set v, = 0 by convention. We
then have that

PlAjr(a) > x] <P [Hj,T — H;r > (v + G(Vj,T/Mﬂl/a)}

N
~ ~ 1
:ZP |:Hj,T_Hj,T > (SL’—F(I(‘/J’,T/MQ)I/ ) VT € [ Ui IJUlN]:|




177

1 t
< ; exp (—§sz(f)>
with
D;(z) = (x + a(vi—l/MQ)l/a)

:23% (x + CL(Uz‘—l/M2>1/a>),

U;

where we have dropped the N exponent in the v;’s so as to lighten notation. We now derive
lower bounds on the quantity D;(z). We distinguish two regimes in x, depending on whether
x is small or large. Specifically, for x < Z; := v;3(1 + a)/(2M}) — a(v;_1 /M), we have
v; > (2M,/(3(1 + a))(z + a(vi_1/M,)"*) and thus

Di(x) > (x + Cl@ifl/]\/[Q)l/a)Q - (l’ + a(vi—l/Mz)l/o‘)Q_a 2o

2’[)1'

(x+a(vi,1/M2)1/°‘)a

>
20 2v, ~ -
v (x+a(vi,1/M2)1/°‘)

Suppose that 7 > 1. As x > 0, the denominator in the right hand side of the above expression is at
least as large as 2Msv; /(v;_1a%), and, since v; /v; 1 = 2, we thus have

2—a

X
DZ(.%) 2 M,
aOt

Now consider the case ¢« = 0. For the same lower bound to hold, we need

2U0 4M2 27.)0 4M2 (N M3 ‘i
_ < — < — z>al27WH2) .=x(a, N,
(x + a(v_y /My)/*)* = a2 z® a” = M, x(a, N, @)
We now consider the case z > 7,. Then
2
T+ a(vi_y /My T
Dz(l’) = 4 1\(/11 )l/a = 4 My -
31+a ( + a(vie1/M)V*) — 3 1+a
Therefore, denoting C' (Ms, a) = 8(1 + a)2M,/a® and Cs(M;,a) := 8(1 + a)M; /3, we have
that, for x > x(a, N, a),

i=0 (Ma,a) GQ(MI:G)

PlA;r(a) > 2] < Z 1{z < 7;} exp (—%) +1{z > T;}exp ( t—:B)
<(N +1)exp (—%) + (N +1)exp (—%) :
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Step 3: end of the proof. From bound (5.2) from the first step and a union bound, we have that

P [R%T(q) — Ry(q, fo) > (1 + 2a) (R;Tj(q) — Rr(q, fo)) + x}

<P A; B; >
<P [ Avn(0) + s i) >

giP |:Aj,T(a) 2 g} +r [Bj’T(a) = g}

tl.2—a

<2J(N + 1) exp (—m> +2J(N + 1) exp (—%) .

We now present the proof of the oracle inequality in expectation (corollary 5.1).

Proof of corollary 5.1. Observe that
B |, 1(q) = Br(q. fo) = (1+20) (B, 1(9) = Bala. )] <
/0 PRy (@)~ Brla. o) — (0 +20) (B, () — Brla. fo)) > o] do

In what follows, we use C for C(My, a) and Cy for Co(My, a). From theorem 5.4,
| P (B0 = Rala. o)~ (14 20) (s, 1(0) = Brla, ) 2 ] do
0

- /Ox(N’a) P [RET,T(Q) — Rr(q, fo) — (1 + 2a) <R}T,T(Q) — Rr(q, fo)) > 33] dx
dz

+ /x:f,a) v [R?T,T(Q) — Rr(q, fo) = (1+ 2a) (RET,T(C]) — Rr(q, f0)> = x}

0 42—
§g(N,a)+2/ min (J(N+1)exp( i > ,1) dx
z(N,a) 01

+2/ min (J(N—f—l)exp (—_tas) ,1> dx
z(N,a) 02

00 42—
<z(N,a)+ 2/ min (J(N +1)exp (tg_) : 1) dx
0 1

~
1

+2/ min [ J(N + 1) exp _lr 1) de
\0 02 2

-~

11
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We choose N such that (N, a) = (C}/t)"/2=%) that is we set N such that

My [t \7=®
N+1=1 a3 (2 log 2.
+ 0g <a W, (Cl) )/Og

‘We now turn to the terms I and /1.
We start with 1. Let z; such that J(N + 1) exp(—tzi */Cy) = 1, that is

T = (01 log(J(N + 1)))21a |

t

We have that

e8] ' t$2—a
/ min ( J(N +1)exp [ — 1) dx
0 Gy

e 2—a
:x1+J(N+1)/ exp <_tm )dx

T Cl
A
=1 + J(N + 1) (f) /l v )eXp(—u)u2—1a_1du
og +1

_(Calog JN + 1)\ = () 1
t log J(N + 1)

< (CllogJ(N—i-l))z—a .

t

The third line in the above display follows from the change of variable u = tz*~*/C. The fourth
line follows from the fact that u — u!/>~*)~1 is non-increasing, as « € [0, 1]. The fourth line uses
that log J(N + 1) > 1.

We now turn to /. Let x5 such that J(N + 1) exp(—tzy/Cy) = 1, that is x5 = %(NH).

‘We have that
e t
/ min | J(N + 1) exp . 1) de
0 Co
o0 tx
=x1+ J(N + 1)/ exp (——) dx
x1 02
C t
<z + J(N + 1)72 exp <_Cill>
Cy
ST (1+1log J(N +1))
Therefore,

B[Ry, 10) - rla. fo) — (1+20) (R, 1(0) — Rl 1)
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< (%) " dlog J(N 4 )7 4 2% (1+ log(J(N +1))).

5.D Proof of theorem 5.2

The proof of theorem 5.2 relies on the following two technical lemmas.

Lemma 5.4. Suppose that

Pr [XT > Co(0T) P + Gy (%) g @%} < 2e".

Then,
Pr [XT > Co(6T) 7 + x} < 9¢~Calainz)

with 53 = (51 + 52)—7 N (51 + 52)_1 and? =2—.

The following lemma allows to obtain a high probability bound on the excess risk of a policy
g7, from a high probability bound on the excess ¢-risk of fr.

Lemma 5.5. Suppose that R(q. g5,) — R(q.91) < &(R%(q. fr) — R*(f1))/®) for some gy, fi
and v € (0, 1], and that

Pr [R(f’(fT) — RO(f1) > Co(6T)P + x} < 2exp (—625T(gﬁ A x)) ,
forg > 0,7 > 1. Then
Pr [R(q, 97,) — R(q,91) > Co(6T) % + x} < 2exp (—Cy0T (27 V 7)),

with Cy == cCy/* ™), v = (2= V)7, B 1= B/(2 = v), and Cy := Co(¢—Y AT).
We can now present the proof of theorem 5.2.

Proof. We treat separately the different settings presented in table 5.1. Whenever we refer to the
“constants of the problem” in this proof, we mean B and the constants absorbed in the “<” and
“ 2" symbols in the statements of the Tsybakov noise assumption, calibration bounds, the entropy
assumption, and of the modulus of convexity bounds.

Direct policy optimization case. In this case g; = fT and R(q, ng) — inf e r R(q,9f) =

R?(q, ft) —infrer R?(q, f). We distinguish two cases depending on whether or not the realizability
assumption (assumption 5.6) holds. Let f* € argmin ;. » R(q, f).
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Without realizability. Using the above identity corollary ?? and lemma 5.4 gives that
Pr R(Q?Q}\T) - R(q, gf*) > C()((ST)_ﬁ + l’] < 26—02(902/\13)’

where § = 1/2 for p € (0,2) and 8 = 1/p for p > 2, and C;, and C;, depend on the constants of
the problem.

With realizability. Under realizability, lemma 5.2 gives us that, for all f € F, ||{(f) —
)y geera S (B(g, f) = Rlg, f7))* with @ = v/(v + 1). Then applying theorem 5.1 and
lemma 5.4 yields

Pr | R(q, J/C\T) — R(q, [*) > OO(5T)_5 + ZE] < 26—6’2(%2_‘1/\3:)7

with 5 =1/(2—a+pa/2)ifp e (0,2)and B = 1/pifp > 2.

Hinge surrogate case, under realizability. The theory of classification calibration relates the
excess risk to the excess ¢-risk, where these excess quantities are defined relative to the optimal
measurable policy and the optimal measurable function A x £; — R such that Zle fla,l1) =0
for all [; € L£,. We do not know of equivalent results w.r.t. minimizers in smaller classes. We
thus only present results under the realizability assumption. We first start by characterizing the
¢-risk. Lemma 5.2 gives us that, for all f € F, [|[0(f) — (/) g1 grer.ae < (R(q, f) — R%(q, f7))°.
Applying theorem 5.1 and lemma 5.5 then yields

Pr[RO(q, ) — R(S*) 2 Co(oT) " + 2] < 2-Co* 1),

for Cy, Cy > 0 depending on the constants of the problem, and with 8 = 1/(2 — o + pa/2) for
p € (0,2) and 8 = 1/p for p > 2. The calibration bound gives that (g, g7,) — R(¢, gp-) <

R?(q, ft) — R%(q, f*), and therefore, the above bound also holds for the excess risk:

Pr|R(q. 97,) — R(q, 9¢-) = Co(6T) P + x] < 2e”C2le* )

Quadratic surrogate case with realizability. Similarly to the previous case, as we rely on cali-
bration results, we only present guarantees under the realizability assumption. The variance bound
is obtained by using that ¢'9%8¢ has quadratic modulus of convexity. Lemma 5.1 then yields that
16CF) = €(f ) gygre < R?(q, f) — R?(q, f*) for all f € F. Theorem 5.1 (applied with @ = 1)
and lemma 5.4 then give that

P R(b(J?T) — R(f*) > fC';(éT)_B+ x] < 26—526Tgc7

with 3 = 1/(1 +p/2) if p € (0,2) and 8 = 1/pif p > 2, and where Cy, and C, depend on the
constants of the problem.
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We now relate the excess risk to the excess ¢-risk with calibration results. Using the calibration
bound under the Tsybakov noise assumption and then applying lemma 5.5 then gives us that

Pr [R(ng) — R(gs+) > Co(6T)? + w] < 2T

with 8 =1/((2 — a)(1 + p/2)) for p € (0,2) and 5 = 1/((2 — «)p) for p > 2, and where Cj and
C5 depend on the constants of the problem.

[
Proof of lemma 5.4. Let u(z) := (Cy + Cy)(x/(6t))Y@) v (z/(5t)). We have that
3 3 ~ x 2i —z
Pr | Xp > Co(6T) 7" + u(x)] <Pr [XT > Co(0T) P + Cy (ﬁ) + CQ(ST] < 27",
Observe that, for any y > 0,
2—v
u (y) =0T < Y ) .
Cy+ 02 Ch+ Cy
>Cy(y*™ A y),
where Cs := (51 + 6’2)_§ A (51 + 52)‘1. Therefore,
Pr(Xp > Co(6T) 7 +y] < 2exp(—Cs6T(y" A y)).
[

Proof of lemma 5.5. We have that, for any a,x > 0,

PrR(q,95,) — R(¢,91) = a+ :c}

<pr [ (Rla. )~ R 1) 7 Z 0

—pr | RG0 Fr) - B = (54 5)

i ¢ o~ ¢ a 2—V (L' 2—1/
<pr | R0 - w0 = (5) 4 (5)]
where the last line follows from the fact that, for any convex function v such that ¢)(0) = 0, and
any x1,x2 > 0, (1 + x3) > ¥(x1) + ¥(x1). (To see it, observe that, as z1 + x2 > 1 V T,
Yl@itas) w(“) ,and L@tee) > d’(m) , and thus ¢(x1+x2) = Lyh(z14xe)+ 2 (v1+12) >

1tz — r1tz2 r1+T2 x1+xg
P(a1) + w(xl)) Set a such that (a/”)2 v = Co(6t)7P, that is a = eCt/ P (5t)=F/@=¥)_ Let
Co :=¢Cy/®*™, B = 3/(2 — v). Then, we obtain,

Pr |R(q,95,) — R(q, 91) > Co(T) ™"
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<Pr {R‘ﬁ(q, fr) = R%(q, f1) > Co(oT) % + (i)w]

e (2 (71 ()7))

Then,asy > 1,and2 —v > 1,1 <2 — v <5(2 — v), and thus

T\ 2—v x\ 7 (2-v) T x\ 7 (2-v) xT
e[ s )
C C C

C C
Therefore,

Pr[R(q,97,) = Rla. 91) = Co(0T) ™ + 2| < 2exp(~Co0T(a” A2)),

with Cy := Co(@7 AEY), and v = 3(2 — v).
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Chapter 6

Model selection for contextual bandits

AURELIEN BIBAUT, ANTOINE CHAMBAZ, MARK VAN DER LAAN
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As outlined in subsection 1.4.2 of the introduction chapter, as the underlying complexity of
the environment instance is unknown to the learner a priori, an ideal sequential decision making
algorithm should be able to adaptively choose the complexity of its policy class. In this chap-
ter we consider model selection in the stochastic contextual setting (see subsection 1.2.1 of the
introduction chapter).

We address the following generic model selection problem. Suppose we are given a collection
of black box contextual bandit algorithms for which we know an upper bound on the minimax
regret (these bounds are allowed to hold only under the realizability condition). Can we, without
prior knowledge on the environment achieve the best minimax regret among algorithms for which
the realizability condition holds?

We design a procedure that achieves this goal, up to logarithmic factor in time. We point
out nevertheless that in this work we treat the number of arms and the dimension of the context
space (or of feature space in linear bandit algorithms) as constants. Under these restrictions, our
procedure is the first one to yield a meta algorithm that has adaptive rate of regret in time.

Our proposed procedure is relatively simple: for a well chosen sequence of probabilities
(pt)i>1, at each round ¢, it either chooses at random which candidate base algorithm to follow
(with probability p;) or compares, at the same internal sample size for each candidate, the cumula-
tive reward of each, and selects the one that wins the comparison (with probability 1 — p;).

We demonstrate the effectiveness of our method with simulation studies.

6.1 Introduction

Contexual bandit (CB) learning is the repetition of the following steps, carried out by a an agent .A
and an environment €.

1. the environment presents the agent a context X € X,
2. the agent chooses an action A € {1,..., K},
3. the environment presents the learner the reward Y corresponding to action A.

The goal of the agent is to accumulate the highest possible cumulative reward over a certain num-
ber of rounds 7T'. The relative performance of existing CB algorithms depends on the environment
&: for instance some algorithms are best suited for settings where the reward structure is linear
(LinUCB), but can be outperformed by greedy algorithms when the reward structure is more com-
plex. It would therefore be desirable to have a procedure that is able to identify, in a data-driven
fashion, which one of a pool of base CB algorithms is best suited for the environment at hand.
This task is referred to as model selection. In batch settings and online full information settings,
model selection is a mature field, with developments spanning several decades [Stone, 1974, Lep-
ski, 1990, 1991, Gyorfi et al., 2002, Dudoit and van der Laan, 2005, Massart, 2007, Benkeser et al.,
2018]. Cross-validation is now the standard approach used in practice, and it enjoys solid theoret-
ical foundations [Devroye and Lugosi, 2001, Gyorfi et al., 2002, Dudoit and van der Laan, 2005,
Benkeser et al., 2018].
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Literature on model selection in online learning under bandit feedback is more recent and
sparser. This owes to challenges specific to the bandit setting. Firstly, the bandit feedback struc-
ture implies that at any round, only the loss (here the negative reward) corresponding to one action
can be observed, which implies that the loss can be observed only for a subset of the candidate
learners (those which proposed the action eventually chosen). Any model selection procedure
must therefore address the question of how to decide which base learner to follow at each round
(the allocation challenge), and how to pass feedback to the base learners (the feedback challenge).
A tempting approach to decide how to allocate rounds to different base learners is to use a stan-
dard multi-armed bandit (MAB) algorithm as a meta-learner, and treat the base learners as arms.
This approach fails because, unlike in the usual MAB setting, the reward distribution of the arms
changes with the number of times they get played: the more a base learner gets chosen, the more
data it receives, and the better its proposed policy (and therefore expected reward) becomes. This
exemplifies the comparability challenge: how to compare the candidate learners based on the avail-
able data at any given time?

Existing approaches solve these challenges in differents ways. We saw essentially two types
of solutions in the existing literature, represented on the one hand by the OSOM algorithm of
Chatterji et al. [2019b] and the ModCB algorithm of Foster et al. [2019], and on the other hand
by the CORRAL algorithm of Agarwal et al. [2017], and the stochastic CORRAL algorithm, an
improved version thereof introduced by Pacchiano et al. [2020a].

In OSOM and ModCB, the base learners learn policies in policy classes that form a nested se-
quence, which can be ordered from least complex to most complex. Their solution to the allocation
challenge is to start by using the least complex algorithm, and move irreversibly to the next one if
a goodness-of-fit test indicates its superiority. The goodness-of-fit tests uses all the data available
to compute fits of the current and next policy, and compares them. This describes their solution to
the feedback challenge and the comparability challenge.

CORRAL variants take another route. They use an Online Mirror Descent (OMD) based mas-
ter algorithm that samples alternatively which base learner to follow, and gradually phases out the
suboptimal ones. In that sense, their allocation strategy resembles the one of a MAB algorithm.
The comparability issue arises naturally in the context of an OMD meta-learner, which can be un-
derstood easily with an example. Suppose that we have two base algorithms .4(1) and .A(2), and
that .A(1) has better asymptotic regret thant .A(2). It can happen that either by chance (A(1) plays
unlucky rounds) or by design (e.g. A(1) explores a lot in early rounds), .A(1) fares worse than
A(2) initially. As a result, the master would initially give a lesser weight to A(1) than to .A(2),
with the result that at some time ¢, the policy proposed by .A(1) is based on a much smaller internal
sample size than the policy proposed by A(2). As a result, at ¢, even though A(1) is asymptoti-
cally better than .A(2), the losses of .A(1) are worse than the losses of .4(2), which accentuates the
data-starvation of A(1) and can lead to .A(1) never recovering from its early underperformance.
The issue described here is that the losses used for the OMD weights update are not comparable
across candidates, as they are based on policies informed by significantly different internal sample
sizes. CORRAL can be viewed as the solution to the comparability challenge in the context of an
OMD master: by using gentle weight updates (as opposed to the more aggressive weight updates
of Exp3 for instance) and by regularly increasing the learning rate of base learners of which the
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weight drops too low, CORRAL prevents the base algorithm data-starvation phenomenon. The two
CORRAL variants differ in their solution to the feedback challenge. The original CORRAL algo-
rithm [Agarwal et al., 2017] passes, at each round, importance weighted losses to the master and
to all base learners. In contrast, Pacchiano et al. [2020a]’s stochastic CORRAL passes unweighted
losses to each base algorithm, but only at the time they get selected.

Guarantees in Chatterji et al. [2019a] and Foster et al. [2019] rely on the so-called realizabil-
ity assumption, which states that at least one of the candidate policy classes contains 7y (), the
optimal measurable policy under the current environment. Chatterji et al. [2019a] show that their
approach achieves the minimax regret rate for the smallest policy class that contains 7y (&). Foster
et al. [2019] consider linear policy classes and show that their algorithm achieves regret no larger
than O(T?/3d}/*) and O(T?/* + /Td.) where d* is the dimension of the smallest policy class that
contains mo(&). This is optimal if d, > +/T. In CORRAL variants, if one the the J base algori-
htms has regret O(7), the master achieves regret O(.J/T + T 4+ Tn*=*)/*), with 7 the initial
learning rate of the master. The learning rate 7 can be optimized so that this regret bound becomes
O(J'oT%), that is, up to log factors, the upper bound on regret of that base algorithm. As pointed
out by Agarwal et al. [2017], and as can be seen from the regret bound restated here, CORRAL
presents an important caveat: the learning rate must be tuned to the rate of the base algorithm one
wishes to compete with. This is not an issue when working with a collection of algorithms with
same regret upper bound, and in that case CORRAL offers protection against model misspecifica-
tion. However when base learners have different regret rates, CORRAL fails to adapt to the rate of
the optimal algorithm.

In this article, we propose a master algorithm that allows to work with general off-the-shelf
(contextual) bandit algorithhms, and achieves the same regret rate as the best of them. Our theo-
retical guarantees improve upon OSOM [Chatterji et al., 2019b] and ModCB [Foster et al., 2019]
in the sense that our algorithm allows to work with a general collection of bandit algorithms, as
opposed to a collection of algorithms based on a nested sequence of parametric reward models. It
improves upon CORRAL variants in the sense that it is rate-adaptive. Our master algorithm can
be described as follows: for a well chosen sequence (p;)¢>1 of exploration probabilities, at each
time ¢, the master either samples a base algorithm uniformly at random and follows its proposal
(with probability p;), or it picks the base algorithm that maximizes a certain criterion based on past
performance (with an exploitation probability of 1 — p;). Each algorithm receives feedback only if
it gets played by the master. The crucial idea is to compare the performance of base algorithms at
the same internal time. At global time ¢, the J algorithms are at internal times n(1,t),...,n(J,t)
(with n(1,t) + ... + n(J,t) = t). We compare them based on their n(t) := min;c s n(j, t) first
rounds, thus ensuring a fair comparison.

We organize the article as follows. In section 6.2, we formalize the setting consisting of a
master algorithm allocating rounds to base algorithms. In section 6.3, we present our master algo-
rithm, EnsBFC (Ensembling Bandits by Fair Comparison). We present its theoretical guarantees
in section 6.4. We show in section 6.5 that many well-known existing bandit algorithms satisfy the
assumption of our main theorem. We give experimental validation of our claims in section 6.6.
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6.2 Problem setting

6.2.1 Master data and base algorithms internal data

A master algorithm M has access to J base contextual bandit algorithms A(1), ..., A(J). At

any time ¢, the master observes a context vector X (t) € X C R selects the index J (t) of
a base algorithm, and draws an action A(t) € [K] := {1,..., K}, following the policy of the
selected base algorithm. The environment presents the reward Y (¢) corresponding to action A(t).
We distinguish two types of rounds for the master algorithm: exploration rounds and exploitation
rounds. We will cover in more detail further down the definition of each type of round. We let D(t)
be the indicator of the event that round ¢ is an exploration round. The data collected at time ¢ by the
master algorithm is Z(t) := (D(t), J(t), X (t), A(t), Y (t)). We denote O(t) := (X (t), A(t), Y (t))
the subvector of Z(t) corresponding to the triple context, action, reward at time t. We denote
F(t) := o(Z(1),...,Z(t)), the filtration induced by the first ¢ observations. We suppose that
contexts are independent and identically distributed (i.i.d.) and that the conditional distribution of
rewards given actions and contexts is fixed across time points.

After each round ¢, the master passes the triple (X (¢), A(t), Y (¢)) to base algorithm J (t), which
increments the internal time n(.J(t), ¢) of algorithm J(t) by 1, and leaves unchanged the internal
time of the other algorithms. For any j € [J], n > 1, we denote 5(]’, n) = ()?(j, n),g(j, n),
Y (j,n)) the triple collected by base algorithm j at its internal time n. Making this more formal,
we define the internal time of j at global time ¢ as n(j,t) = S._, 1(J(r) = j), that is the
number of times j has been selected by the master up till global time ¢. We define the reciprocal
of n(j,t) as t(j,n) := min{t > 1 : n(j,t) = n}, that is the global time at which the inter-
nal time of j was updated from n — 1 to n. We can then formally define 6( j,n) as O (4,n) ==

(X(G:n), A(G,n), Y (Gn)) = (X(4(5,n)), A(t(j;n)), Y (t(j;n)).  We denote F(j,n) :=

o(0(j,1),...,0(j,n)) the filtration induced by the first n observations of algorithm .A(j).
Let " (j,¢) := >0, 1(J() = 4, D(r) = 1) and n*?(j,1) := 31, 1(J(7) = j, D(7) =

=1 T=1
0), the number of exploration and exploitation rounds j was selected up till global time ¢. Note that
n(j,t) = wP(j,t) + (5, t). Define n(t) := minjepy n(j, ), °P"(t) := minjepn n** (4, 1),

and n*P"(¢) := minje( ) R (4, 1).

6.2.2 Policies and base algorithm regret

A policy 7 : [K] x X — [0,1] is a conditional distribution over actions given a context, or
otherwise stated, a mapping from contexts to a distribution over actions. So as to define the value
and the risk of a policy, we introduce an triple of reference (X™f, A™f Y} such that X*°' has
same distribution as any context X (t), Yf|A™f, X! has same law as Y (t)|A(t), X (¢) for any
t, and Arf| Xl ~ qref(. XTel) where 7 (a, x) := 1/K for every a and z. We introduce what
we call the value loss ¢, defined for any policy 7 and triple 0 € X x [K] x R as ¢(m)(0) :=
—ym(a,w) /7" (a,w). We then define the risk of m as R(w) := E[{(r)(O™)]. We will use
that —R(ﬂ') — E[yrefﬂ,(Aref’Xref)/ﬂ.ref(Aref,Xref)] — E[Zf:l 7T.(M}(ref)E[Y’ref’141ref — G,Xref]],
where the latter quantity is the value of 7, that is the expected reward per round one would get if
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one carried out 7 under environment £. We denote it V(7 £).

We denote 7(j,n) the policy proposed by .A(j) at its internal time n. For any z € X,
7(j,n)(-, ) is an F(j,n — 1)-measurable distribution over [K]. We suppose that each algorithm
A(j) operates over a policy class II;. The regret of LA(j) over its first n rounds is defined as
Reg(j,n) = > "1 (V;(&) — Y (4, 7)), with V(€)== sup,ep, V(m, ). We define the cumulative
conditional regret as CondReg(j,n) := >_"_ (V;(€) — E[Y (j, )| F-_1]) = n(R(,n) — R),
with R* = —V*(€) and R(j,n) = n~'>"_ R(w(j,7)), where the identity follows from the
fact that E[Y (j, 7)|F(j, 7 — 1)] = V(x(j,7),E) = —R(w(j,7)). We define the pseudo regret as
pseudoReg(j,n) := E[Reg(j,n)].

6.2.3 Master regret and rate adaptivity

We let V*(€) = maxjey Vi (), the optimal value across all policy classes IIy, ..., I1;, and
similarly, we denote R* := minje(; I}, the optimal risk across IIy, ..., II;. We define the regret
of the master as Reg(t) := >.'_, V*(£) — Y(t), and the conditional regret as CondReg(t) :=
> VHE) - EIY (1) F(r = 1))

The bandit literature gives upper bounds on either Reg(j,n) or CondReg(j,n) where the
dependence in n is of the form O(n'~%), for some B; € (0,1). (We denote a,, = O(by,) if
an = O(by(logn)?) for some v > 0.) While j3; is known, it is not the case for V; (&), the asymp-
totic value of (the policy proposed by) A(j).

As a necessary requirement, a successful meta-learner should achieve asymptotic value V*(&).
A second natural requirement is that it should have as good regret guarantees as the best algorithm
in the subset J := {j € [J] : Vi(E) = V*(€)} of algorithms with optimal asymptotic value. We
say that a master algorithm is rate-adaptive if it achieves these two requirements.

Definition 6.1 (Rate adaptivity). Suppose that base algorithms have known regret (or conditional

regret, or pseudo regret) upper bounds O(n'=P1), ... O(n'=57). Let (1) = max;cs 3;, the rate
exponent corresponding to the fastest upper bound rate among algorithms with optimal limit value
V*(E).

We say that the master is rate-adaptive in regret (or conditional regret, or pseudo regret), up
to logarithmic factors, if it holds that Reg(t) = O(t'=°M)) (or CondReg(t) = O(t'=F1), or
pseudoReg(t) = O(t'—PM)),

Remark 6.1. A natural setting where several base algorithms converge to the same value V*(E)
is when several of the candidate policy classes contain the optimal measurable policy 7y(E), that
is when the realizability assumption is satisfied for several base policy classes.

Remark 6.2. Suppose that rates (5(711*’31), ..., O(n*=P7) are minimax optimal (up to logarithmic
factors) for the policy classes 11, ... 11, and that at least one class contains mo(E). Then, in
this context, rate adaptivity means that the master achieve the best minimax rate among classes
that contain mo(E). In this context, rate-adaptivity coincides with the notion of minimax adaptivity
from statistics’ model selection literature (see e.g. Massart [2007], Giné and Nickl [2015]).
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Remark 6.3. OSOM [Chatterji et al., 2019b] and ModCB Foster et al. [2019] are minimax adap-
tive (and thus rate-adaptive) under the condition that my belongs to at least one of the policy
classes (that is under the realizability assumption). CORRAL and stochastic CORRAL are not
rate-adaptive.

6.3 Algorithm description

Our master algorithm M can be described as follows. At each global time ¢ > 1, M selects a
base algorithm index .J(t) based on past data, observes the context X (t), draws an action A(t)
conditional on X (t) following the policy 7(.J(t), n(J(t), ¢ — 1)) proposed by A(J(t)) at its current
internal time, carries out action A(t) and collects reward Y (¢). At the end of round ¢, M passes
the triple (X (t), A(t), Y (t)) to A(J(t))), which then increments its internal time and updates its
policy proposal based on the new datapoint. R

To fully characterize M it remains to describe the mechanism that produces J(t). We distin-
guish exploration rounds and exploitation rounds. We determine if round ¢ is to be an exploration
round by drawing, independently from the past F(¢ — 1), the exploration round indicator D(t)
from a Bernoulli law with probability p;, which we will define further down. During an explo-
ration round (if D(t) = 1), we draw .J(t) independently of F(¢ — 1), from a uniform distribution
over [J]. During an exploitation round (if D(t) = 0), we draw J(t) based on a criterion depending
on the past rewards of base algorithms. Let us define this criterion.

Let R(j,n) := —n~tY."_, Y(j,7), the mean of negative rewards collected by algorithm j up
till its internal time n. For any n > 1, define the algorithm selector j (n, fAZ(l, n,... }A%(J, n),ci) =
arg min{ﬁ( j,n)+cin P 1 j € [J]}, with ¢; > 0 a tuning parameter. When there is no ambiguity,
we will use the shorthand notation j(n). The selector j(n) compares every base algorithm at the
same internal time, and picks the one that minimizes the sum of the estimated risk at internal time
n plus the theoretical regret upper bound rate n=%. If D(t) = 0, we let J(¢) := j (" (t)), that is
we compare the base algorithms at a common internal time equal to the highest common number
of exploration rounds each base has been called until ¢.

If any base algorithm j has average risk converging to some R > R*, the regret of an explo-
ration step is O(1) in expectation. If we want the regret of the master with respect to (w.r.t.) R*
to be O(t~?(1)), we need the exploration probability p; to be O(t~#(1)). Because 3(1) is unknown
(it depends on J hence on £ too), we make a conservative choice and we set p; := cot =P, with
B = max;c(s B (a quantity available to us), where ¢, > 0 is a tuning parameter.

We give the pseudo code of the master algorithm M as algorithm 6.1 below.

6.4 Regret guarantees of the master algorithm

Our main result shows that the expected regret of the master satisfies the same theoretical up-
per bound with respect to R* as the best base algorithm. The main assumption is that each base
algorithm satisfies its conditional regret bound O(n'~#) with high probability. We state this re-
quirement formally as an exponential deviation bound.
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Algorithm 6.1 Ensembling Bandits by Fair Comparison (EnsBFC)

Input: base algorithms A(1), ..., A(J), theoretical regret per round exponents 3y, . .., [3;, tuning
parameters ¢y, Ca. R
Initialize risk estimators: R(j,0) < 0 for every j € [J].
fort > 1do
Draw exploration round indicator D(t) ~ Bernoulli(p;).
if D(t) = 1 then
Draw J(t) ~ Unif([J]).
else R R
Set J(t) « j(n*P=(t), R(1, ™ (t)), ... R(J, (1)), 1 ).
end if
Observe context X (). R

Sample action A(t) following the policy proposed by A(J(t)) at its current internal time:

-~ -~

A@)X () ~ 7 (J(8), n(J (@), ¢ = 1) (-, X(2)).

Collect reward Y (t).
Pass the triple (X (t), A(t),Y(t)) to A(J(t)), which then updates its policy proposal and
increments its internal time by 1.

end for.

Assumption 6.1 (Concentration). There exists Co > 0, C1,Cy >0, f1,... 87 < 1/2,v4,...,v; >
0 such that, foranyn > 1, j € [J] and x € [0, 1],

P [R(j, n) — R; > Con ™% + x} < Ciexp (—02 X (nml/ﬁj)”f) , 6.1)
and R(j,n) — R; > 0.

We also require that the rewards be conditionally sub-Gaussian given the past. Without loss of
generality, we require that they be conditionally 1-sub-Gaussian.

Assumption 6.2. For all A € R, and every t > 1, Elexp(\(Y; — E[Y;|Fi_1])|Fi_1] < exp(A?/2).

We show in the next section that the high probability regret bounds available in the literature
for many well-known CB algorithms can be reformulated as an exponential deviation bound of the
form (6.1). We can now state our main result.

Theorem 6.1 (Expected regret for the master). Suppose that assumptions 6.1 and 6.2 hold, and
recall the definition of (1) from subsection 6.2.3. Then, EnsBFC is rate-adaptive in pseudo-regret,

that is,
T

S 0vE) - Y ()
t=1

for some C' > 0 depending only on the constants of the problem. If, in addition, the regret up-
per bounds satisfied by the base algorithms are minimax for their respective policy classes, then
EnsBFC is minimax adaptive in pseudo regret.

E < CTl_’B(l),
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Remark 6.4. Assumption 6.1 is met for many well-known algorithms, as we show in the following
section.

Remark 6.5. The cyn™% term in the criterion R(j,n) + cin™ that j(n) minimizes across [J]
ensures that ﬁ( j,n) + cin% — R* is, in expectation, lower bounded by cyn™P. It may be the
case that, among the base algorithms that have optimal limit value V*(E) (that is those in [J ), the
one that performs best in a given environment is not the one that has best regret rate upper bound
O(nl_ﬁ(l)). Enforcing this lower bound on the criterion ensures that the master picks an algorithm
with optimal regret upper bound (5(711_/3(1)). We further discuss the need for such a lower bound
in appendix 6.D.

Remark 6.6. The rate of pseudo-regret of EnsBFC is not impacted by the specific values of the
tuning parameters c, and c (as long as they are set to constants independent of T'), but the finite
performance is. We found in our simulations that setting c; = 0.5 and co = 10 works fine. We
leave to future work the task of designing a data-driven rule of thumb to select ¢, and cs.

In the next subsection, we take a step back to put our results in perspective with the broader
model selection literature.

6.4.1 Comments on the nature of the result: minimax adaptivity vs. oracle
equivalence

Results in the model selection literature are essentially of two types: minimax adaptivity guarantees
and oracle inequalities.

Given a collection of statistical models, a model selection procedure is said to be minimax
adaptive if it achieves the minimax risk of any model that contains the “truth”. In our setting,
the statistical models are policy classes and the “truth” is the optimal measurable policy m(E).
A notable example of minimax adaptive model selection procedure is Lepski’s method [Lepski,
1990, 1991]. R R

AConsider a collection of estimalors 61, ...,0,, and a data-generating distribution P, and denote
R(6, P) the risk of any estimator § under P. In our context, one should think of the estimators as
the policies computed by the base algorithms, and of specifying P as specifying £. We say that an

estimator 6 satisfies an oracle inequality w.r.t. 61,...,0;if R(6, P) < (14 ¢€) minjcy R(gj, P) +
Err, with € > 0 and Err an error term. Moreover, we say that the estimator 0 is oracle equivalent
if R(0, P)/ minje ) R(0;, P) — 1. Being oracle equivalent means performing as well as the best
instance-dependent (that is P-dependent) estimator. Multi-fold cross validation yields an oracle-
equivalent estimator [Devroye and Lugosi, 2001, Gyorfi et al., 2002, Dudoit and van der Laan,
2005].

Our guarantees are closer to the notion of minimax adaptivity than to that of oracle equivalence,
and, as we pointed out earlier, coincide with it if the base algorithms are minimax w.r.t. their policy
classes. Minimax adaptivity is the property satisfied by the OSOM [Chatterji et al., 2019b] and
ModCB Foster et al. [2019]. Minimax adaptivity is a worst-case (over each base model) statement,
which represents a step in the right direction. We nevertheless argue that what practioners are
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looking for in a model selection procedure is to get the same performance as the base learner that
performs best under the environment at hand, that is oracle equivalence, like the guarantee offered
by multi-fold cross-validation.

6.5 High probability regret bound for some existing CB algo-
rithms

In this section, we recast regret guarantees for well-known CB algorithms under the form the
exponential bound (6.1) from our concentration assumption (assumption 6.1).

Recall the definitions of Reg, CondReg and pseudoReg from section 6.2. Observe that our
concentration assumption is a high probability bound on R(n)— R* = CondReg(n)/n, the average
of the conditional instantaneous regret. Although some articles provide high probability bounds
directly on CondReg(n) (e.g. Abbasi-Yadkori et al. [2011]), most works give high probability
bounds on Reg(n). Fortunately, under the assumption that rewards are conditionally sub-Gaussian
(assumption 6.2), we can recover a high probability regret bound on CondReg(n) from a high
probability regret bound on Reg(n) using the Azuma-Hoeffding inequality.

(In the following paragraphs, we suppose, to keep notation consistent, that j is a base learner
of the type considered in the paragraph).

UCB. [Lemma 4.9 in Pacchiano et al., 2020a], itself a corollary of [theorem 7 in Abbasi-Yadkori
et al., 2011] states that if the rewards are conditionally 1-sub-Gaussian, the regret of UCB over n

rounds is O(y/nlog(n/d)).

Corollary 6.1 (Exponential deviation bound for UCB). Suppose that assumption 6.2 holds. Then,
there exist Cy, C1, Cy > 0 such that, for all x > 0, P [R(j, n) — R; > Con~2(logn)'/? + x] <
C1 exp(—Cynz?).

e-greedy. Bibaut et al. [2020] consider the e-greedy algorithm over a nonparametric policy class.
The following result is a direct consequence of an intermediate claim in the proof [thereom 4 in
Bibaut et al., 2020].

Lemma 6.1 (Exponential deviation bound for e-greedy). Consider the c-greedy algorithm over

a nonparametric policy class 11. Suppose that the metric entropy in || - ||« norm of 1l satisfies

log N(p,IL, || - |lc) = O(p~P) for some p > 0, and that the exploration rate at t is €; (V)

Then, there exist Cy,C1,Cy > 0 such that, for all v > 0, P [E(j,n) - R; > Cot™ P + x] <
Cyexp(—Cy x (na'/P)?%), with § = 5V 7.
LinUCB. [Theorem 3 in Abbasi-Yadkori et al., 2011] states that LinUCB satisfies CondReg(n) =
O(y/nlog(1/6)) with probability at least 1 — . We recast their bound as follows.

Corollary 6.2. Under the conditions of [theorem 3 in Abbasi-Yadkori et al., 2011], there exists
Cs > 0 such that, for all x > 0, P [R(j,n) — R > ] < exp(—Ca(na?)'/?)
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Figure 6.1: Mean cumulative reward of the master and base algorithms over 100 runs, with
(10%,90%) quantile bands

ILOVETOCONBANDITS. [Theorem 2 in Agarwal et al., 2014] et al. states that Reg(n) =
O(y/nlog(n/d) + log(n/d)) with probability at least 1 — §. (The proof of their lemma actually
states as an intermediate claim a (1 — §)-probability bound on CondReg(n) which can easily be
shown to be O(y/nlog(n/d) + log(n/d)) as well). We recast their bound as follows.

Corollary 6.3 (Exponential deviation bound for ILOVETOCONBANDITS). Suppose that as-
sumption 6.2 holds. Then, there exist Cy > 1, Cy > 0 such that, for any x > 0,

P[R(j,n) - R; > Con™"?logn + z] < exp(—Conz?).

6.6 Simulation study

We implemented EnsBFC using LinUCB and an e-greedy algorihtm as base learners, and we eval-
uated it under two toy environments. We considered the setting KX = 2. We chose environments
&1 and &,, and the specifications of the two base algorithms such that:

s the e-greedy has regret O(T?/3) w.r.t. the value V,(&;) of the optimal measurable policy
under &1, while LinUCB has linear regret lower bound Q(7) w.r.t. Vo(&1),

« LinUCB has regret O(v/T) w.r.t. V,(&,) while the e-greedy algorithm has linear regret lower
bound Q(T) w.r.t. Vo(&E).

We present the mean cumulative reward results in figure 6.1. We demonstrate the behavior of the
algorithm on a single run in figure 6.2 in appendix 6.E. We provide additional details about the
experimental setting in appendix 6.E.
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6.7 Discussion

In this chapter, we provide a uniform exploration based approach to model selection in contextual
bandits. We showed that, by tuning adequately the rate of uniform exploration, the algorithm is
guaranteed to achieve the rate in 7" of the best high probability regret bound among all algorithms
for which the realizability assumption is satisfied. A caveat of our method is that it does not offer in
its its current form adaptivity to other problem constants, such as the dimensionality of the feature
space in linear bandit problems.

Other recent proposals [Abbasi-Yadkori et al., 2020, Pacchiano et al., 2020b] offers adaptivity
to further problem constants such as the dimensionality of the feature space in linear bandit classes.
Their analysis shares some similiarities with ours in the sense that it relies on high probability regret
bounds and their guarantee is that their procedure achieve the best upper bound among algorithms
for which realizability holds. The [Pacchiano et al., 2020a] only requires each base algorithm to
come with a candidate upper bound (that may require on realizability for instance), and achieves
the best regret bound among the base algorithms for which the candidate regret bound holds.

We conjecture that the analysis of our procedure can actually be extended in a straightforward
fashion to achieve the same guarantees.

Broader Impact

Our work concerns the design of model selection / ensemble learning methods for contextual ban-
dits. As it has the potential to improve the learning performance of any system relying on contex-
tual bandits, it can impact essentially any setting where contextual bandits are used.

Contextual bandits are used or envisioned in settings as diverse as clinical trials, personalized
medicine, ads placement and recommender systems. We therefore believe the broader impact of
our work is positive inasmuch as these applications benefit to society.
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6.A Proof of theorem 6.1

We can without loss of generality assume that the tuning parameters c¢; and c, are set to 1. The
proof of theorem 6.1 relies on the following lemmas.

Lemma 6.2. Forany j € [J], and n,t >, n*®*(t) and O(j, n) are independent.

The following lemma tells us that the probability of selecting j outside of the set 7 (1) of
optimal candidates decrease exponentially with the common internal time of candidates.

Lemma 6.3 (Probability of selecting a suboptimal candidate). Foralln > 1 andall j € [J]\T (1),
P [3\(”) = J} < C3jexp (—Cyn"),
with Cs ;,Cy j > 0 depending only on the constants of the problem, and r; € [0, 1].
Proof. Suppose that j(n) = j € [J]\J(1). Then
R(*,n) +n "D > R(j,n) +n",
which we can rewrite as
(RG"m) = BY) + (R m) = RG*m)) + (RG,m) = RGm))
> (R(j,n) = R})+ (R, = R*) +n™% — n AW,
Using that R(j, n) — R; > 0, we must then have
(RG"m) = BY) + (R m) = RG*m)) + (RG.m) = RGm))
> (R; — R*) +n P — PO, (6.2)
We distinguish two cases.
Casel: j ¢ J. Then, R; — R* > A :=minjgs R} — R*, which is strictly positive by definition
of J. Denote v(1) := max{y; : j € J(1)} Therefore, for n > n, for some ny depending only of

A and n=?(" we can lower bound the right-hand side of (6.2) by A/2, and we then have that for
n 2> n,
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From assumption 6.1, the first term can be bounded as follows:

= A A 1/B(1)\ 7~
P|R(j*,n)—R" > E} <Ciexp | —-Cy[n (E - (jon—ﬁ(l)(logn)v(l))

<Cj exp (_54’],”1/].*) ;

for some 637]- > 0 and 6’4’3» > ( that depend only on the constants of the problem.
The other two terms can be upper bounded using Azuma-Hoeffding: observing that for all 7',

(R(j',7) — R(j*,7))r>1 is a martingale difference sequence, and that from assumption 6.2, each
of its term is 1-subGaussian conditionally on the past, we have that

~

~ _ A A?
*n)— R(i*.n)> —| < —n—
PR(j",n) R(J,n)_6]_e><p( n36>

R 2
and P {E(j, n) — R(j,n) > %1 < exp (—n§—6) :

Therefore, P[j(n) = j] < Cs; exp(—Cy;n"), for some Cs;, Cy; > 0 that only depend on the
constants of the problem, and ; := min(v;«, 1).

Case2: j € J\J(1). Then R; — R* =0. Asj € J\J(1), we have 3; < (1), and therefore,
for n > n, ; that depends only on 3(1) and j3;, we have n=% — n~P1) > n=F /2. For any n > nij,
we can then lower bound the right-hand side of (6.1) by n~? /2, and therefore, reasoning as in the
previous step, we have that

P (i) = |

<P [}_%(j*,n) —R*> s

n_ﬂj

From assumption 6.1, the first term can be bounded as follows:

= 1 1 /8N ¥
P [R(j*Jl) — R > 6nBj:| <Ciexp | —Cs | n (gnﬁj _ C«Onfﬂ(l)(log n)'y(l)) .

For n large enough, n=% /6 — Con ="M (logn)"™ > n=F /12, and therefore, there exists 53,]- and
C4; > 0 that depends only on the constants of the problem such that

— 1 =~ =~
P {R(j*,n) — R > én_ﬁﬂ} < Csjexp <—C4,jn(1_ﬁj/ﬁ(1))”j> :
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Using Azuma-Hoeffding as in case 1 yields that

~ _ —B; 1-25;

B R *,Bj 172,3j
and P [R(j,n) — R(j,n) > ”6 } < exp <_n36 ) )

Therefore, P[j(n) = j] < Cs; exp(—Cy ;n™ ), with 530-, 5473- > 0 depending only on the con-
stants of the problem, and x; := min(1l — 25;,(1 — 5;/5(1))v;). Observe that x; > 0 as
Bj<6(1)§1/2anduj>0. O

We can now prove theorem 6.1.

Proof of theorem 6.1. Observe that the regret at time of the master w.r.t. R* can be decomposed as

L *
Reg(t) :=F Z;Y(T) - R

5| Y 2 - )|+ B | T 2D Rt - )

t
| jca (1) igT(1)

Observe that forall 1 < n < t,nR(j,n)—R* =" R(n(j,7)—R* <>, R(x(j,7))— R =
tR(j,t) — R*, since the terms in the sums are non-negative. Also, note that R(j,n(j,t)) — R* <1
for all ¢ and j. Therefore,

Reg(t) < Y E[R(jt) - R+ Y M
JjeEIJ) JEIT Q)

Recall that n(j, t) = n**"(j,t) + n***(j,t). It is straightforward to check that E[n(j, t)®"(t)] <
t=% /(1 — B). We now turn to E[n(j,1)*®"(¢)]. We have that

En(j,ty™ ()] =E | >_1(J(t) = j, D(r) = 1)]

— i E [P [}(ﬂ"ph(r) = nxplr(T)H
- Zt: E ZT: P [3(71) = jlw*(r) = ”} (0™ (1) = n)]




201

From lemma 6.2, j(n) is independent of n*P"(7), and therefore, Plj(n) = jln®*(r) = n] =
P[j(n) = j]. Therefore, using this fact and the bound on P[j(n) = j] from lemma

E[ Xplt < Z Z P [ ] [prlr(T) _ n}

7=1 n=1

<ZZngeXp —Cyn™) P [Xpl”)—n}

7=1 n=1

_ZC‘” exp C’47j@"plr(7))].

It is straightforward to check that if x € [0, 1], x — exp(—a") is convex. Therefore, from Jensen’s
inequality

E[ ( Xplt <03]ZeXp xplr( )])
<Cha s _¢'_ —ﬂ)
: “2“"( Ju-5)
<Cs;,

with Cs5; == Cy; [° exp( (1 6) E) dr < oo.
Therefore, adding up the bounds on the expected number of exploration and exploitation
rounds, we obtain

~ | L 1—5) P
Bln(iit)] < (G + Tt ) < et

for some Cjs ; > 0 that depends only on the constants of the problem.
From assumption 6.1, for any j € J (1), we have E[R(j,t) — R*] < Cyt=5®) for some Cg > 0.
Therefore,

J
Reg(t) <JCgt ™M +Y " Cr it ™"
j=1
Sct*ﬁ(l)

for some C' > 0 that depends only on the constants of the problem. [

6.B Proof of the independence lemma

We start by stating a more general result of which lemma 6.2 is a corollary.



202

Lemma 6.4. Consider some j € [J]. Let, forallt > 1, U(t) := 1(D(t) = 1, J(t) = j). Then, for
everyn,t > 1, U(t)LLF(j,n).

We can now prove lemma 6.2. We relegate the proof of lemma 6.4 after the one of lemma 6.2.

Proof of lemma 6.2. Observe that for every j € [J],t > 1, n(j,t) =S\, 1(D(t) = 1, J(t) =

T=1
j). Lemma 6.4 then immediately gives the wished claim. [

Proof of lemma 6.4. Let for all t > 1,F(t) := o(F(t — 1), D(¢), J(t)). The hypothesis in the
third bullet point can be rephrased as Y (¢)|F () L Y (G, n(j, )| F(G,n(jt) —1).

Fix j and t. We denote U(t) := 1(D(t) = 1,J(t) = j). Observe that U(t) is F (t)-
measurable, and that from the first and second conditions, U (¢) LLF (¢ — 1).

We show by induction that for all n > 1, U(t)LLF(j,n). We treat the base case at the end of
the proof. Suppose that for some n > 1, U(t)LLF(j,n). Let us show that U(¢) LLF(j,n + 1). It
suffices to show that U(¢) LY (j,n + 1)|F(j,n). Observe that

P[VGon+1) = y,U() = u| F(j,m)]
=P [V(jn+1) = 9. U() = u,t(.n + 1) < | F(j.n)]
+ P [V(jon+1) = g, U() = u,tGyn+1) = F(j,n)]
We start with the first term. We have that

p [?(j,n Y1) =y, U) =u t(G,n+1) < t‘f(j,n)}
=P [U(t) = u]ff(j, n+1) =y, tGn+1) < t(ﬁ(j, n)|
X P [f/(j,n T =y t(nt1) < t,f(j,n)}

—P[U(t) =u] P [?(j,n Y1) =yt 1) < t‘f(j, n)}

since {Y(j,n) = y,t(j,n + 1) < t} N F(j,n) is F(t — 1) measurable and U (t) LLF(t — 1).

Moreover, observe that {t(j,n + 1) < t} N F(j,n) is F~(t(j,n + 1))-measurable, and therefore,
V(o +1) =yftGn+1) < £, 7Gn)|
—E [P [Y(t(G,n+ 1)) =y~ (tG,n + )|t 0 +1) < £, F (o)

_E :P [57(]', n 4 1)‘%(;‘, n)} ‘t(j, n+1) < t,F(j, n)}

=P [V(Gn+ )| FGm)] .
Therefore,

P [?(jm Y1) =y, U() = u t(n+1) < t‘ﬁ(j, n)]
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=P [V(jn+ 1)(%(;’, n)| PIU) =l Plt(Gn+1) < t(ﬁ(j, n)|

—p [?(j, n -+ 1)(55(]', m} P [U(t) —ut(jn+1) < t‘f(j, m} ,
since U(t) LL{t(j,n + 1) < t}, as {t(j,n + 1) < t} is F(t — 1)-measurable, and U (¢)LLF(j, n)
by induction hypothesis, which imply that U (¢) LL{t(j,n + 1) < t}|F(j, n).

We now turn to the second term. Observe that {U(t) = w,t(j,n + 1) > t} N F(j,n) is
F~(t(j,n + 1))-measurable. Therefore,

P(V(n+ 1) =y|Ut) = ut(Gn+ 1) > ¢, F(j,n)|
:E:P[Y(t(j,nJrl)):y|f’(t(j,n+1)) )U(t):u,t(j,n+) t, F(j, ﬂ

_E :P [}N/(j,n 1) = y’f(j, n)} ’U(t) AGn+1) > FGn+1 }

=P [V(j,n+1) =y F(j,m)]
Therefore,
P [V(in+1) =5, U(1) = u,t(Gin+1) 2 1 F(j,n)]

=P [V(jn+1) =y

FGom)] PlU®) = utGin+1) = | Fim)|
Therefore, adding up the identities for the two terms, we have

PlYGn+1) =y U = u‘f(j, n)] _p [?(j,n 1) = y‘f(j,n)} P [U(t) - u‘f(j, n)} .

We have thus shown that Y (j, n + 1) LLU ()| F(j, n), which implies that U (£) LLF(j,n + 1).
The base case can be treated with the same arguments. [

6.C Proofs of reformulations of regret bounds for known base
algorithms

Proof of corollary 6.1. As Y, — E [}77@7_1] is conditionally 1-sub-Gaussian with probability at
least 1 — 0/2,

CondReg(n) < Reg(n) + v/nlog(2/6),

and thus, using the high-probability regret bound from [Pacchiano et al., 2020a, lemma 4.9 in],
there exists C' > 0 such that, with probability at least 1 — ¢,

CondReg(n) <C+/nlog(2n/8) + \/nlog(2/6)
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<Cy/nlog(2n) + (C' + 1)v/nlog(2/9)
<C'/nlogn+ C'\/nlog(1/d),

for some C" > C + 1. Letx = C'/nlog(1/9), thatis § = exp(—(C")"*na?). Recalling that
R(n) — R* = CondReg(n)/n, we thus have that

P[R(n) — R* > C'n"?(logn)"/? + z] < exp (—(C")*na?).

Proof of lemma 6.1. 1t suffices to observe that

1. The bracketing entropy in any L, norm is always dominated by the covering entropy in || ||
norm.

2. The proof of [theorem 2 in Bibaut et al., 2020] gives the desired bound on R(n) — R* as an
intermediate result (right before relating it to the regret by using Azuma-Hoeffding).

]

Proof of corollary 6.2. [Theorem 3 in Abbasi-Yadkori et al., 2011] gives that there exists ¢' > 0
such that R(n) — R* = CondReg(n)/n < Cn~'/?log(1/§) with probability at least 1 — J. Setting
x = COn~12log(1/6), thatis § := exp(—C~'y/nz), we have that

P[R(n) — R* > z] <exp (-C~'Wnz),
which is the wished claim. O]

Proof of corollary 6.3. As Y, — E[}/}T|.7?T,1] is conditionally 1-sub-Gaussian, Azuma-Hoeffding
gives us that, with probability at least 1 — /2,

CondReg(n) < Reg(n) + v/nlog(2/9).

Therefore, combining this with the claim of [theorem 2 in Agarwal et al., 2014], there exists C' > 0,
such that, with probability 1 — o

R(n) — R* <Cn~2\/log(2n/6) + Cn~"log(2n/8) + n~2\/log(2/9)
<C <n_1/2 logn +n"'log n) + Cn~'og(2/68) + (C 4 1)n~'2/log(2/6)

<’ (n’l/z logn + n~1/? log(1/6)> ,
for some C’ > C. Letting z = C'n~/?1og(1/6), this is equivalent with
P[R(n) — R* > C'n"?(logn)"/? + 2] < exp (—C'v/nx),

which is the wished claim. O]
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6.D Comment on the need to enforce a lower bound on the es-
timated risk

Unlike model selection methods such as Lepski’s method and cross-validation, our method relies
on explicit identification of the index of the best model. It is our understanding that such index
identification tasks usually require the existence of a lower bound on the risk of each alternative,
so as to ensure a gap in performance between the best and second best learner. Consider for
instance the situation where one wants to adaptively estimate in L., norm a density belonging to
the union of a collection of Holder balls: M, = H(s, B), where H(s, M) := {f : R —» R :
If(z) — fly)| < M|z — y|*~I*]}. It is well known, that while Lepski ’s method is a minimax
adaptive procedure with respect to {M; : s € S}, identification of the index s of the smallest
Holder class that contains the truth is impossible without additional assumptions that enforce risk
lower bounds [Giné and Nickl, 2015].

A parallel can perhaps be drawn with the best arm identification problem in multi-armed bandit
settings: the analysis relies on the gap in mean reward between the best and second best arm.

Lower bounds of the sort we enforce are intrinsically tied to the minimax framework: they
require the knowledge of a rate associated to the model class. Moving beyond the minimax frame-
work to design a meta-learner that performs as well as the best instance-dependent base learner
therefore seems to imply that such a procedure must not rely on identifying the index of the best
model.

6.E Experimental details

In both environment, contexts are i.i.d. draws from N (0, 1,).
In environment 1, the rewards Bernoulli conditional on A and X, with conditional means spec-
ified as follows: for all x = (z1, 7, T3, 14) € R4,

0.1if 2y < 0and x5 < 0,
0.5ifxqy < 0Oand 2y > 0,
0.7if £y > 0and x5 < O,
0.45 otherwise

EY|[A=1,X =21] =

and

0.8if 21 < 0and x5 < 0,
0.1ifz;y < Oand x5 > 0,
0.3ifz; > 0and x5 < O,

0.6 otherwise

EY[A=1X =ga] =

In environment 2, for each a € {1,2}, rewards are normally distributed conditional on X:
ElY|A=a,X = 2| = pa(x)) + n, with n ~ N(0, 1), with
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The e-greedy learner uses as expected reward model the set of functions of the form (a, z)
Bao+ Ba1l(z1 < 0,29 < 0)+ Baol(xy < 0,22 > 0)+ B,31(x1 > 0,22 > 0). The reward learner
therefore converges at a parametric rate to the truth under environment 1. Therefore, by setting the
exploration rate to ¢~/% at each ¢, regret under environment 1 is O(7'%/3) over T rounds. However,
this reward model does not contain the truth under environment 2,which implies that the -greedy
algorithm incurs linear regret w.r.t. Vy(&;).

We use LinUCB with a linear model including all four components of x and an intercept,
which implies that the realizability assumption is satisfied under environment 2, and therefore that
the regret of LinUCB w.r.t. V(&) is O(v/T) over T rounds.

Figure 6.2 demonstrates the master algorithm and its two base learners on a single run.

One run of master, environment 1 One run of master, environment 2
0.65
1.5

. 050 //“/-/‘ _ 5
(] (]
5 | 5 W
@ [ @
o Ffm oy al o138 JM\ W al
Z 055 9 = Y 9
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g — master g 1.2 f“w — master
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Figure 6.2: Mean cumulative reward of the master and its two base algorithms over 1 run. The
vertical black line indicates n*P*(T), with T the final global time in the simulation.

We tried the following values for the hyperparameters: (c1,c2) € {0.1,0.5,1} x {1,10}. All
specifications lead to the master appearing to converge to the performance of the optimal algorithm,
but some values degrade a the performance in earlier rounds. As pointed out earlier, the specific
constant values of c; and ¢, have no impact on the asymptotics.

The results of figure 6.1 were generated using an AWS EC2 instance of type r4.8xlarge, with
32 cores and 244 GiB of memory. Each plot takes about 30 minutes to compute.

The results of figure 6.2 were generated on a personal laptop and take less than 5 minutes to
compute.
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Chapter 7

Sequential causal inference in a single world
of connected units

AURELIEN BIBAUT, MAYA PETERSEN, NIKOS VLASSIS,
MARIA DIMAKOPOULOU, MARK VAN DER LAAN
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In this chapter, we consider sequential decision making and causal inference under perhaps
the most challenging setting we considered in this dissertation: we consider /V units that exhibit
network dependence that we follow along 7' time steps, that is we work under the statistical and
causal models presented in subsection 1.2.4 of the introduction chapter.

We suppose that we are in a trial setting, that is the experimenter controls the treatment assign-
ment of each unit at each time point, is allowed to choose treatments based on available history
of all N units. We define causal quantities of interest under our causal model, show identifiabil-
ity of these from the observed data distribution. We derive the canonical gradient and a targeted
maximum likelihood estimator of these. The main technical challenge is to deal with the temporal
and network dependence of observations. We derive a novel maximal inequality for empirical pro-
cesses under mixing conditions, from which we derive an equicontinuity result and high probability
risk bounds for empirical risk minimizers.

7.1 Introduction

We consider the setting in which, given a set of NV individuals, a decision maker (or experimenter)
alternatively, over a sequence of time points t = 1, 2,.. ., assigns to each individual ¢ a treatment
A(t, 1) and then collects a vector of measurements L(t, 7) on this individual. We consider individual
and time point specific outcomes Y (¢, 7) that can be defined from L(t, 7). We also suppose that the
decision maker can adapt the treatment assignment rule in response to past observations.

In these situations, it is often natural to define the performance of a treatment rule in terms
of the expectation average outcomes of the form N1 Zf\il Y (7,4) at some time point 7, or as a
function of such averages at different time points 7, 75, . . .. Natural objectives the decision makers
may want to pursue include learning as fast as possible the optimal treatment rule (a so-called pure
exploration goal), or to ensure that over a certain time period, the individuals experience outcomes
as high as possible (a so-called regret minimization objective).

This setting can arise in particular in business and public health applications. We consider two
motivating examples.

First motivating example. Suppose an infectious disease is circulating in a country, and that
public health officials can access, for each inhabitant ¢z, at each time point ¢, a vector of measure-
ments L(t,) including the infection status, which we define as the outcome Y (¢, 7), demographic
characteristics and the set of people 7 has been in contact with in the recent past. Suppose the
government can assign to each individual 4, at every time step ¢, a treatment A(¢,7) consistent of
a certain set of restrictions on their daily activities. A question of interest is, given two candidates
treatment rules, how to learn as quickly as possible which one is the most efficient.

Second motivating example. Suppose that the administrators of a web platform wonder which
of two versions of the user interface users like best in the long run. They select a set of NV users
among all of the users of the platform, and assign from the beginning half of them to version 1
(A(t,i) = 1forevery i =1,..., N/2 and every t > 1) and the other half to version 2 (A(¢,7) = 2
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for every i = N/2+ 1,..., N and every ¢t > 1). For each user i, at each time ¢, they collect of
vector of measurements L(¢, ) on the user, which contains in particular measures of engagement
with the platform, from which they define an outcome Y'(¢,7). Given an arbitrary time point 7,
a question of interest is: how to find out as quickly as possible which user interface would have
maximized the expected average outcome N ! sz\il Y (7,i) at 7?

While traditionally the causal inference and sequential decision problems literature have fo-
cused on single time point interventions or multiple time points interventions on independents
units, the data collect in many real world situations involve network dependence between indi-
viduals. In the infectious disease setting presented above, the network dependence arises from
contagion effects. In the web platform example, adjusting the treatment rule of individuals at time
t as a function of the observed history of every individual up to time ¢ — 1 induces dependence
between the trajectories of distinct individuals. In other business applications, there can be similar
network effect arising due to word of mouth between socially connected users of the same service.
Another source of association between units can arise from spillover effects, that is the effect of
the treatment assignment of one individual on other individuals.

In this work, we define causal effects defined under temporal and network dependence, and we
propose a methodology to design and analyze adaptive trials aiming at learning these causal ef-
fects. We propose a method to construct adaptive stopping rules for sequential hypothesis testing.
We work under the key modelling assumption that the conditional distribution of the measure-
ment vectors L(t,4) given the past is constant across ¢ and ¢. This assumption is comparable to
an homogeneity assumption in a Markov Decision Process setting. We will see further down that
as a key consequence of this homogeneity assumption, the error rates of our estimators over this
model are a function of 7" x N, which acts as the effective sample size, even though under tem-
poral and network dependence, we only observe a single independent draw of the data-generating
distribution.

7.1.1 Existing work

The setting we study conjugates three topics often treated separately: causal inference under tem-
poral and network dependence, and adaptive experimentation.

Causal inference with temporal dependence. Temporal dependence in causal inference arises
in longitudinal studies, and in particular in the dynamic treatment regime (DTR) literature for
health applications, where patients are monitored across multiple time points, and a final outcome
is measured at the end. In the DTR literature, dependence on the past is arbitrary and not identical
across time points (as opposed to the homogeneous Markov Decision Process setting we discuss
next), and convergence guarantees are stated in terms of the number of individuals N enrolled in
the study. In another strand of causal inference for longitudinal settings, authors assume that the
trajectory of each individual can be modelled as an homogeneous Markov Decision Process (MDP)
(see Kallus and Uehara [2019] for the MDP model, and van der Laan et al. [2018] for a class of
statistical models which include the MDP model), and convergence guarantees are stated in terms
of the number of time points 7" if one follows only one single individual, or in terms of 7" x N, if
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one follows the trajectories of N individuals over 7' time steps. These works can be categorized in
the Off-Policy Evaluation (OPE) sub-field of Reinforcement Learning (RL), where it is standard
to model the trajectory of the system by an MDP.

Causal inference in networks. Causal inference in networks has been studied by numerous
authors (see e.g. Hudgens and Halloran [2008], Tchetgen and VanderWeele [2012], van der Laan
[2013], Basse and Airoldi [2018], Basse et al. [2019], Ogburn et al. [2020]).

In network causal models, potential outcomes of an individual do not only depend on its own
treatment history, but can also depend on the treatment history of other individuals it is connected
to.

Applications include the study of infectious diseases and vaccines, spillover effects of adver-
tising campaigns on social network platforms, and spillover effects in public policy interventions
(see e.g. the aforementioned Basse et al. [2019]).

Adaptive experimentation. Adaptive experimentation, a sub-field of sequential decision prob-
lems has been a very active field of study for more than 75 years, with seminal contributions
dating back to the work of Wald on sequential probability ratio tests [Wald, 1945], and the semi-
nal multi-armed bandit paper of Robbins [Robbins, 1952]. The development of bandit algorithms
was initially motivated by clinical trials with the goal of making these faster, and minimizing the
opportunity cost of patients subjected to suboptimal treatments. Objective pursued in adaptive ex-
perimentation / sequential decision problems include (1) minimizing the cumulative regret, that is,
over a fixed number of rounds, maximizing the sum of rewards collected / outcomes observed, and
(2) inferential goals, such as identifying the best treatment arm with a certain predetermined level
of confidence in as few rounds as possible (top arm identification in the fixed confidence setting),
or to identify the best arm with as high a confidence level as possible, under a fixed number of
rounds (best arm identification in the fixed confidence setting). In the bandit literature, it is usually
assumed that rewards (and contexts in the contextual bandit setting) are independent of the past
(this covers both the stochastic i.i.d. setting and the oblivious adversarial setting). In that sense,
usual bandit methods aren’t appropriate to deal with the case of trajectories of individuals with
temporal dependence, which is the setting which interests us.

Bandit problems are a special case of reinforcement learning problems with trajectories of
length 7" = 1. In the general case however, reinforcement learning is concerned with trajectories
of the system over multiple time points, and states and outcomes at one time point can depend on
the state, outcomes, and treatment at previous time points. Note that under the MDP model, which
is the standard model considered in RL, dependency on the past is fully captured by the latest state
and treatment. The reinforcement literature literature is concerned with learning optimal policies,
either in a sequential fashion, or in an off-policy fashion, and with evaluating policies from oft-
policy data.

Sequential adaptive experimentation in the statistics literature. We see mainly two directions
in which an experiment can be made adaptive to the past, and which the statistics literature has con-
sidered. The first one is the stopping rule. Contributions on adaptive stopping rules date back to the
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aforementioned work of Wald on sequential probability ratio tests [Wald, 1945]. The other com-
ponent that can be chosen adaptively is the design, that is the stochastic rule that the experimenter
uses to assign treatment in response to past observations and current covariates. An optimal design
is defined with respect to a given statistical parameter and is the design that maximizes efficiency
for that parameter, that is that leads to the smallest asymptotic variance of estimators of that param-
eter, and the highest power of tests of hypothesis defined from that parameter. van der Laan [2008]
proposed a comprehensive methodology for sequential adaptive trials in the single and multiple
time point settings, for independent individuals (as opposed to the network interference setting)

7.1.2 Contributions and comparison with past work

Our theoretical contributions are the following. We present our causal model, and we define our
causal parameter as a mean outcome under a post-intervention distribution under this causal model.
Under identifiability conditions, this post-intervention distribution equals a G-computation for-
mula. We thus define formally our statistical parameter as the corresponding mean outcome under
the G-computation formula.

We derive its efficient influence function (EIF), and thereby the semiparametric efficiency
bound. Our statistical model subsumes in particular the homogeneous MDP model with indepen-
dent trajectories. To the best of our knowledge, this work is the first to provide a formal derivation
of the EIF of mean outcomes under a G-computation formula under the homogeneous MDP model.

We provide a Targeted Maximum Likelihood Estimator (TMLE) and a one-step estimator of
our target parameter for generic sequential adaptive designs. We show under certain conditions
that a certain process obtained by rescaling in time the sequence of estimates converges weakly to
a Wiener process. In particular, this gives us the asymptotic distribution of our TMLE and one-step
estimator. The conditions include in particular conditions on the design. We show that, for designs
that converge to a fixed limit design, our estimator has asymptotic variance equal to the variance
of the canonical gradient of the target parameter, which we conjecture equals the semiparametric
efficiency bound. We use the results on the time-rescaled sequence of estimates to design a method
to construct adaptive stopping rules for sequential hypothesis testing.

As mentioned earlier, some technical challenges arise from the fact that observations of dif-
ferent individuals at different time points are a priori dependent, and from the fact that we need
to characterize the joint distribution of the sequence of estimates so as to be able to design an
adaptive stopping rule. In particular the dependence between individuals implies that we cannot
use the usual sample splitting techniques, which in the construction of semiparametric estimators
allow to circumvent Donsker conditions [Klaassen, 1987, Zheng and van der Laan, 2011, Kallus
and Uehara, 2020]. We therefore had to derive an almost sure equicontinuity result for empirical
processes generated by weakly dependent data. The almost sure convergence aspect is key to ob-
taining guarantees on the joint distribution of the sequence of estimators. For the latter purpose,
we also needed uniform-in-time convergence guarantees for nuisance estimators. We derived an
exponential deviation bound for empirical risk minimizers fitted on weakly dependent data, which
allows us to control these uniformly in time. Both the equicontinuity results and the results on
empirical risk minimizers stem from a maximal inequality for empirical processes generated by
weakly dependent data (that is from sequences that satisfy a certain mixing condition), which we
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obtain by applying an adaptive chaining device, a classical empirical process technique pioneered
by [Ossiander, 1987], to a Bernstein inequality for mixing sequences, proven by Merlevede et al.
[2009].

7.1.3 Paper organization

In section 7.2, we describe our causal model, our causal parameter, the statistical model, the statis-
tical target parameter parameter, and the class of adaptive designs we consider. In section 7.3, we
derive the efficient influence function (canonical gradient) of our target w.r.t. our statistical model,
and we study the robustness properties of the EIF. In section 7.4, we provide a Targeted Maximum
Likelihood Estimator and a one-step estimator of our parameter of interest, and we derive their
convergence guarantees. In section 7.5, we introduce a class of functions that we use for nuisance
modelling, and for modelling the EIF, and we give guarantees for empirical risk minimizers over
it. In section 7.6, we show how to construct an adaptive stopping rule for sequential hypothesis
testing. In section 7.7, we discuss adaptive learning of the optimal design.

7.2 Problem formulation

7.2.1 Observed data

An experimenter interacts with an environment consisting of N individuals indexed by 7 =1, ...,
N,overrounds t = 1,...,7T. At each round ¢, the experimenter first assigns the treatment vector
A(t) == (A(t,1),..., A(t,N)) to the N individuals, where A(¢,7) is the treatment assigned to
individual 7 at time ¢, and then observes for each individual i, a vector L(t,4) of time-varying co-
variates and outcomes. Let L(t) := (L(¢,1),..., L(t, N)). We denote O(t,7) := (A(t,1), L(t, 7))
the data observed for individual ¢ at time ¢, and O(t) = (A(¢), L(t)) the data observed for the all
of the N individuals at round ¢, O(t) := (O(1),...,O(t)) the data available at round ¢, L~ (t) :=
O(t — 1), the data observed before L(t), A~ (t) := (O(t — 1), L(t)), the data observed before A(t),
L=(t,i) = (L= (t), L(t,1),...,L(t,i — 1)), and A~ (t,i) = (A~ (1), A(t,1),..., A(t,i — 1)).

Under this notation, the data observed throughout the course of the trial is thus O(T ), which
we will also denote OT*"V to make explicit the dependence on the number of individuals N.

7.2.2 Causal model

Formal definition of the causal model. We suppose that there exists a set of deterministic func-
tions { fac.i), fr(ti) : t € [T),4 € [N]}, and a set of unobserved random variables U := (U4, U*),
with UL = (UL(t,q) : t € [T],i € [N]) and U4 := (UA(t,i) : t € [T],i € [N]), such that, for
every (t,7) € [T] x [N],

A(t, 1) =Fagay (L(t = 1), A(t = 1), U (¢, 4)), (7.1)
L(t, ) = fra(A(t), L(t — 1), U*(t,4)). (7.2)



213

We place no restriction at this point on the functional form of the functions fa ), fr(.i)- The
set of equations (7.1)-(7.2) form a so-called Nonparametric Structural Equation Model (NPSEM)
(see e.g Pearl [2009]). Let

MY = {PE’N : Py, faways frii), Cawiy), Coy -t € [T),0 € [N]} ;

be the set of probability distributions Pg N over the domains of (OT"N ' U) induced by the NPSEM
as the distribution Py of the unmeasured variable vector U, and the functions fa: ), fr(ti)s CA(t,i),
Cr(t,) vary freely. The set MIT,’N is our so-called causal model.

We denote POT’ Iiv the true distribution of (07" U). In the remainder of the article, we will use
the subscript “0” to indicate true probability distributions or components thereof. Note that the full
data distribution fully determines the observed data distribution.

Counterfactual data and post-intervention distribution. We now describe a counterfactual
scenario in which the connectivity of the nodes and the intervention assigned to them is not as
under the NPSEM above.

Let {g%; : s € [7],j € [N]} be a collection of stochastic interventions at nodes { A(s, j), s €
[T],j € [N]}, that is, for every (s, j), gi; is a distribution over treatment arms conditional on
At —1),L(t —1).

Let O%TN = (O*(t,i) : t € [T],i € [N]), with O*(s,j) = (A*(s,9), L*(s,7)) be the
counterfactual data set generated from U by the following NPSEM, obtained from the NPSEM
(7.1)-(7.2) by replacing the intervention nodes by the counterfactual interventions gy ;:

A*(s,5) ~g2;( | L(s — 1), A(s — 1)),
L*(s,5) =fu(s.)(A(s = 1), L(s = 1), U(s, 7))

The distribution of (O*TN U) is the so-called post-intervention distribution of the full data. We
use the notation P;"*" for the post-intervention distribution of the full data.

Causal target parameter. Let 7 > 1 be an arbitrary time point. We define as our causal target
parameter as a certain mean outcome at time point 7, under the post-intervention distribution:

UE(PEY) = By [Y*(7)]

F

where Y*(7) := N~=' Y., Y*(7,4), where Y*(7,4) is a unit-specific outcome at time 7, defined
as Y*(7,i) := fy(L*(r,1)) for a certain function fy. In words, W¥'(PL") is the mean outcome at
time 7, in the counterfactual scenario where the treatment mechanism is g*.

Identifiability. We use the notation P7*" for a generic distribution over the domain of the ob-
served data OT*" and we denote Pg "V the true distribution of the observed data. As mentioned
above, any distribution Pg’N on the domain of the full data fully determines a corresponding dis-
tribution P7"V on the domain of the observed data. For any PE’N, we say that the causal parameter



214

24 (P;‘,C’N) is identifiable if we can write it as a function of the corresponding observed data distri-
bution PTV.
The parameter W2 (P2 is identifiable under the following two assumptions.

Assumption 7.1 (Sequential randomization). For any (t,4), A(t,i) LLL*(t,i) | A(t,4)".

Assumption 7.2 (Positivity). For any (t,i), a € A, and [(t,i)~ such that Py [L(t,7)” = [(t,1)"] >
0,

Py [A(t,i) =a | L(t,i)” =1(t,i)"] > 0.

It can be shown under assumptions 7.1 and 7.2 that the post-intervention distribution of O*
under P;’T’N equals the following G-computation formula:

PN (O™NY HHP $,J) | L(s,5) )95, (Als,5) | Als,5)7)-

s=1j=1

Note that the factors of P;;’ are the conditional distributions P(L(t,i) | L(t,7)”), which are
known if we know PT", and the known counterfactual intervention g*. Therefore, under assump-
tions 7.1 and 7.2, there exists a mapping V.. such that

o (pL Ny =g, (PTN),

The quantity ¥ (P,)") is then our statistical target parameter. For v € (0, 1), which we interpret
as a discount factor, we also define the following other target parameter, derived from W

v, (PTN Z,}/T T\Il (PTN)

T'>7

This parameter is the typical target (in particular in the case 7 = 1) in the Off-Policy Evaluation
problem in reinforcement learning (see e.g. Kallus and Uehara [2020, 2019]). As the analysis of
V. ., follows from the analysis of W, in the rest of the paper, we treat W, as our main object of
interest, and we will simply denote it ¥ when there is no ambiguity about 7.

7.2.3 Statistical model

The statistical model is the set of distributions we believe to contain the true data-generating dis-
tribution P, . We denote it M7, We suppose that all of the elements of M”" admit a density
w.r.t. a common dominating measure y. For any PV, we denote p™V := dPTN /d.

From the chain rule, any such p”*" can be factorized as a product of conditional densities as
follows:

Ny =TT T geilalt. i) | alt, i) )quii(t, i) | 1(t,i)7).

t=1 i=1
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The conditional densities ¢; ; are a fact of nature and represent how each L(¢, ) responds to past
interventions A(s, j), and depends on the vectors L(s, 7) of past time-varying covariates and out-
comes of for each individual j € [N], for every time point s < ¢. We refer to it as the uncontrolled
part of the data-generating process of the trial, as the experimenter does not have control over it.
The factors g, ;, in our randomized experimental setting, are in control of the experimenter, and
represent the set of stochastic decision rules she follows to assign treatment at each time step.

The above decomposition places no restriction on the temporal and network dependence in the
observed data. We make an assumption on the complexity of the dependence allowed by supposing
that each L(¢,7) can depend on the past of the trial only through a summary measure of the history
of a fixed number of individuals.

Assumption 7.3 (Conditional independence given summary measure). There exists a Euclidean
set C;, C R%, for some dy > 1, and a set of deterministic functions CrLiy t € [T, i € [N], with
image included in C, such that, for every t € [T, i € [N],

qri(L(t,2) | U(E, 1)) = qua(l(t,0) | cre(U(t,4)7)).
We denote C'1,(t,1) := cruq(L(t,7)7).

The vector C' (¢, ), which lies in the Euclidean set C, plays the role of a finite dimensional
summary measure of the past, which is such that L(¢,4) is independent of its past when condi-
tioning on this summary measure. Following terminology used in existing works [Boruvka et al.,
2017, van der Laan et al., 2018], we will refer to it as the “context” preceding the node L(t,1).

Without any further assumptions, it is a priori not possible to obtain consistent estimators from
a single draw of OT"" . For consistent estimation to be possible, we need the likelihood to exhibit
a repeated factor. We therefore make the following assumption.

Assumption 7.4 (Homogeneity). The factors q,; are constant across values of i and t, that is there
exists a common conditional density q such that q,; = q for every t and 1.

‘We can now state a formal definition of our statistical model.

Definition 7.1 (Statistical model). Fix y a summary measure on the domain of OT'N. We define
our statistical model MY as the set of distributions PT"N over the domain of OT"" that satisfy
assumptions 7.3 and 7.4.

Remark 7.1. We emphasize that, as we are in the setting of a controlled trial, the factors g, ; are
known.

Remark 7.2. Observe that any distribution P in our statistical model M™N is fully determined
by q, and M"Y is indexed by the set of conditional densities M, that we believe to contain q.
Here, we assume that M is a saturated nonparametric model, that is for any c € Cy, the tangent
space of {l — q(- | ¢) : ¢ € M} is equal to the Hilbert space

L§.(q) == {(l,c) — f(l,c): /fz(l,c)q(l | ¢)dl < oo and /f(l,c)q(l | c)dl = O} .
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Remark 7.3. Under the homogeneity assumption, the target parameter W(PTN) depends on PT-N

only through the common conditional density ¢ = q(PT’N ). Therefore, there exists a mapping v
such that W (PTN) = M) (g(PTN)).

In constructing and analyzing our estimators, we will require the following assumption.

Assumption 7.5. Forany s € [7], j,k € [N],
Eqvg* [Y(k) | L(Svj)>CL(Svj)] = Eqvg* [Y(k) | L(S’j)vL(Svj)_} )
where E, 4 is the expectation operator under the G-computation formula P;ZN.

Making assumption 7.5 on top of the previous two assumptions 7.3 and 7.4 defines a new
statistical model /\/llT’N, which is a subset of our previously defined statistical model MV Note
that this statistical model a priori depends on g*. We want to emphasize the following: while we
will derive in the next section the canonical gradient D(PT"") of our target parameter ¥ w.r.t. the
larger model My n, we will use the assumptions defining the smaller model M{’N to derive a
more tractable representation Dy (PTY) of this canonical gradient D(PT"), which we will use to
build our estimators. As a result, estimators that achieve asymptotic variance equal to the variance
of Dy (PT*N) can only be locally efficient w.r.t. the model MT*": they can achieve the efficiency
bound for MTN at PT-N only if PTN € M.

Finally, in some special cases that we discuss next it might be realistic to make the following
set of three assumptions.

Assumption 7.6 (Context decomposition). Foranyt € [T, i € [N], the context summary mapping
Cr(t,i) can be decomposed as

cowa(1(t,9)7) = (alt, 1), &7 (¢, 0)),

where %9 (t,1) is a context for the node A(t,1) of the form

*

ci{g (tv Z) = Cig@i) (a<t7 Z‘)_)a

where cﬂf:i) is a known deterministic function with image in a Euclidean set C, C R%, such that,
forany a(t, 1), a(t, i)™,
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Assumption 7.7 (Individual outcomes independent from other trajectories). For any ¢ € M,, it

holds under the corresponding G-computation formula PgT*’N that Y (k) 1L O(s, j) for any s € [1]
and k # j.

Assumption 7.8 (Observed treatment homogeneity). The treatment mechanisms g ; are constant
across t and 1, that is, there exists a conditional density g such that g, ; = g for every t and 1.
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Making assumptions 7.6, 7.7 and 7.8 on top of assumptions 7.3, 7.4 and 7.5 defines a new sta-
tistical model M3 such that M2 ¢ MTY c MTN_ Here too, we emphasize that we will use
these additional assumptions to obtain a simplified representation D,(P7V) of the canonical gra-
dient of ¥ w.r.t. the larger model MT>"V, but that we won’t derive the canonical gradient w.r.t. the

smaller model /\/lg’N. As a result, estimators achieving asymptotic variance equal to the variance

of Dy(PTN) can only be efficient w.r.t. MV if PTN ¢ MV

7.2.4 Network structures covered by the statistical models considered in this
article

Network structures covered by the larger model M™-V

Note that assumption 7.4 does not restrict the network structure. The network structures covered
by model MTV are therefore those that satisfy assumption 7.3.

Example 1: finite memory, bounded number of contacts. Consider the setting where L(t,1)
is allowed to depend on L(t,7) only through a summary measure of the history over last ¢, steps
of a set Fy(t,7) of at most Ny friends. Then, if we allow the dimension of Cj, to be as large as
(2to + 1) Ny, assumption 7.3 holds for the summary measure

crny((s,1)7) = ((a(s,j) : s =t —to,...,t, j € Fi(t,17)),
(I(s,j):s=t—to,...,t =1, 7 € Fp(t,1))).

Example 2: finite memory, dependence on aggregate measures only. Consider the set of dis-
tributions P7*" such that L(t,7) depends on a finite set of aggregate measures of the trial’s history
observed before the nodes L(t). Consider for example, in the infectious disease example, and
suppose that the intervention A(t, ) is whether the i wears a mask at ¢. Such aggregate measures
could include summaries of L(t — 1) such as the average infection rate across the entire population

at time steps t — tg,...,t — 1, the average infection rate among individuals 7 has been in contact
with at time steps to, ...,t — 1. Aggregate summary measures of A(t) could include the fraction
of people wearing masks in the population at ¢ = ¢ — ¢y, ..., t, and the number of individuals at
time steps t = t — %o, ...,t not wearing masks that 7 has been in contact with. Note that in this

setting, we can build a summary function mapping histories into a fixed dimensional set C;, without
imposing restrictions on the number of contacts of each individuals.

Networks structures covered by the model Mf’N

Example 3: disjoint independent clusters modelled by MDPs. Suppose that Hy, ..., H,, form
a partition of [V], and that there exists a constant Ny such that | H,| < N, for every k. We say that
each Hy is a cluster. For any cluster H, denote A(t, H) := (A(t,i) :i € H), L(t, H) := (L(t,1) :
i€ H),O(t,H) :=O(t,i) : i € H). For any 1, let k(i) be the cluster 7 belongs to. Suppose that

Q(L(t7i) ‘ L<t7i)7) = Q(L(tvi) ’ A(ta Hk(i))ﬂ L(t -1, Hk(i)))u
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thatis, L(¢, i) depends on the nodes preceding it only through the latest treatment vector A(t, Hy;))
of the individuals in the same cluster, and on the latest measurement vector L(t, Hy;)) of individ-
uals in the cluster. Suppose that

gri(a(t,i) [ a(t,1)”) = g;;(a(t, ) [ 1t =1, Hy)),

that is under the counterfactual intervention, A(¢,7) depends only on the latest vector of measure-
ment vector L(t — 1, Hy;)) of the individuals in the same cluster as 4. Let

crwn((t,9)7) = ((I(t,5) 1 j <, € Hywy), alt, Hywy), 1t — 1, Hyy)) -

Then it is immediate that assumption 7.3 holds. Since in general A(t, Hy;), L(t, Hyg)) do not
block the dependence between the nodes {L(t,j) : j < 4,7 € Hyu)} and L(7, k), for k € Hyy,
T > t, we include these in the context summary measure to ensure that L(7, k) 1L L(t,i)” |
C*(t,i). It is then straightforward to check that assumption 7.5 holds. As a result, the class of
network structures described in this example is covered by model /\/llT’N.

Note that the network structure under the observed treatment mechanism g and the counterfac-
tual treatment mechanism ¢* do not need to be the same. Note that the assumptions defining model
Mip’N do not place any restriction on how A(¢, ) might depend on the past under g.

Example 4: treatment limits social interactions, ¢* forces individuals to stay in clusters. Let
Hy,..., H, be disjoints clusters of at most Ny individuals forming a partition of [N]. In our
infectious disease example, we take these clusters to be households. We define the treatment as
follows: A(t,i) = 1 if individual ¢ can meet with people outside of her household at time ¢, and
A(t,i) = 0 if not. Regardless of treatment status, we suppose that L(¢,7) depends on the nodes
L(t,i)~ preceding it only through the history over the latest ¢, time steps of a set F, (¢, ) of a most
N; > Nj individuals. We further suppose that L(t,4) can only depend on the history over the last
to time steps of individuals ¢ is allowed to meet. Define the censoring indicator

A(t,i,5) =1 ({a(t,i) = 1and j € Fp(t,i)} or {a(t,i) =0and j € Hy;}) ,
and the history summary mapping
e (i) (U(t1)7) = (Ut A, 5), Altyi,)) £ 5 < i, € Fu(t,i),

((a(s,j)A(s,i,7),A(s,4,5)) 1 j € Fr(t,i),s =t —tg,...,t),
((I(s,71)A(s,1,7),A(s,i,5)) : 7 € Fr(t,i),s =t —tg,...,t —1)).

Under the intervention g* that deterministically assigns A(s,j) = 0 to every individual j € [V]
at every time point s € [7], it is straightforward to check that the above defined finite dimensional
summary measure mapping verifies assumptions 7.3 and 7.5.

Network structures covered by the model MQT’N

Example 5: N independent MDPs under ¢g*. Consider our second motivating example in which
the administrators of a web platform want to identify the treatment arm « that has highest long term
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outcome. Formally, let 7 > 1 be a time point at which we deem the outcome to be a “long-term”
outcome, and for each arm a = 1,2, let g;7*(a(t,4) | a(t,i)”) := 1(a(t,i) = a), the intervention
that always assigns deterministically arm a. We define the long terms outcomes of each arm as
U(a)(PTN) := E, 4-a[Y (7)]. Suppose that

Q(l(t7i> ’ l<t7i)7) :CI(l(tai) ‘ a’(tvi)v l<t - 17i)>
and g;;(a(t,9) | a(t,i)”) =g;,(alt, ) | 1(E,)),

that is, under ¢*, individual trajectories are independent MDPs. Suppose further that the observed
treatment mechanism satisfies

geaa(t,i) [ at,i)7) =gea(a(t, i) | 1(t,),0(1)),
where 0(t) € R% is a summary measure of the entire trial’s history (¢ — 1) which contains the
parameters of the design. In this case, assumption 7.6 is satisfied for ¢%¢ (¢, 1) := (a(t, 1), 0(t)).

It is straightforward to check that assumptions 7.3, 7.5 and 7.7 then hold.

We now discuss what type of adaptive designs can satisfy the constraint expressed in the pre-
vious display.

If the goal of the experimenter is to minimize regret, appropriate adaptive designs might include
some type of variant of UCB, or some type of e-greedy design. In the UCB case, so as to param-
eterize the design at time ¢, it suffices for 6(¢) to contain estimates (V;(a) : @ = 1,2) of the long
term outcomes under each arms, and of the standard deviations, which we denote (o;(a) : @ = 1,2)
of these estimates. In the case of an e-greedy design, 6(t) needs only to contain (¥, (a) : a = 1,2).
If the goal

If the goal of the experimenter is to maximize the efficiency of an estimator of the contrast
U(2)(PyN) — ®(1)(P)N), an appropriate design might some type of Neyman allocation design
(see e.g. van der Laan [2008]). Such a design can be defined based on estimates (0;(a) : a = 1,2)
of the standard deviations of the canonical gradients of (1) and W(2).

7.2.5 Comparison with the statistical model studied in past works

van der Laan et al. [2018] and Kallus and Uehara [2019] consider single individual trajectories or
multiple independent single trajectories, that is they work in the case N = 1. The model studied
in van der Laan et al. [2018] is M”* under N = 1. The homogeneous MDP model studied in
Kallus and Uehara [2020] is a special case of the model /\/lg’N, in the case N = 1.

We point out that neither of these two works provide a formal proof of the derivation of the
canonical gradient of their target parameters w.r.t. the statistical models they consider. These can
be obtained from the results of this article.

van der Laan [2013] and Ogburn et al. [2020] study a more general setting where g is unknown
and ¢ ; 1s not assumed to be constant across time points. This means that their statistical model
contains M”*¥ . Note that the the canonical gradient of ¥ w.r.t. their larger model is not equal to the
canonical gradient of ¥ w.r.t. M™*¥. We point out nevertheless that the derivation of the canonical
gradient of ¥ w.r.t. MT follows from a straightforward adaptation of the proof technique of
van der Laan [2013].



220

7.3 Structural properties of our target paremeter

7.3.1 Efficient influence function

In the upcoming theorem, we present the canonical gradient D of ¥ w.r.t. MTV. We also provide
two simplified representations of D when PT-" is in Mip’N, and in M;N , respectively. As pointed
out in the previous section, we stress out that these are simplified representation of the canonical
gradient w.r.t. MT" when PT"" belongs to submodels of M™*", and not the expressions of the
canonical gradient w.r.t. these submodels.

Let 1Y, and h;’, be the marginal densities of C’L(t i) under P7*N and the corresponding G-

computation formula PgT;N , and let bty == (TN)~ Zt 1 Z . hi; Under assumption 7.6, the
contexts are C4 (t, 1) is defined. We then denote hi'; and hy ; the marginal densities of C*; 9 (t,1)
under PT¥ and PJ:", respectively, and we let hz v = (TN)~* 3> =7 Al Since we will
refer more often to h:ZL and l_z:%’ ~» than to the other marginal densities, we will often simply denote
them Ay ; and hr .

Theorem 7.1 (Representation of the canonical gradient). The canonical gradient of ¥ w.r.t. MT-N
at PN is given by

Dlg)(0™) = 7 >3 Drala)(eH ()11,

where, for any c* and |,

Drn(c Z

s=1 j=

T N hL
{qu[Yg /g | L(t,i) =1,C*(t,i) = L}
1
—FEu[Y9*/g | Ch(t,i) = 1}
If PTN ¢ M{’N, then we can represent Dr y as follows:

T N h*L

Drale\ D)= 3> 3~y WL Eyge [Y | L(t, i) = 1,C*(t, i) = ]
s=1 j=1 TN
—Eq,g* Y | CH(t,i) = c*]} . (7.3)
Furthermore, if PT"N € M3, then the following representation of Dy, holds:

Dr(g ZZ%J Wsj(a] ) {Eug[Y | L(t,3) = 1, A(t,i) = a,CA(t,i) = ¢*]

s=1 j=1

_E‘LQ* [Y | A(t,@) = a, CA(t,Z) = CA]} ) (74)

AT . .
where ws ; 1= hy’; /h4 . and Nsj = gjj/gs,j = gjj/gsJ (since under assumption 7.8, gs; = g
for some g common across values of s and j).
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7.3.2 First order expansion and robustness properties
Let PTN € MTN_ Denote ¢ = ¢(P™N) and gy = q(P; ). Let
R(g,90) =W (PTY) = U(Fy ") + Eprv [D(q)(0T7)]
=0W(q) — 90 (qo) + Eprv [D(q)(O™Y)].

We like to view the equivalent representation

U(PTY) = U(Fy™) = —Epr [D()(O™)] + R(q. q0)

as a functional first order Taylor expansion of the difference W(P"-N) — W(P*"), in which we
view R(q, qo) as a remainder term, which we will show is second order. We say that a remainder
term R'(q, qo) is second order if it can be written as a sum of terms such that every term has a factor
of the form [ [, (nx(q) — np(q))**, with >, cy, > 2. In the usual sense, we say that a remainder
term R'(q, qo) is robust (or equivalently we say that the canonical gradient from which it is formed
is robust) if it can be rewritten as R} ((11(q), ..., 1,(q)), (m(q0); - - -, mp(q0) ), With m1(q), . . ., mp(q)
variation independent nuisance parameters, and is equal to zero is 7;(¢) = 1;(qo) for every i in a
subset Z C [p], Z # [p]. Note that if a remainder term is second order w.r.t. variation independent
parameters, then it is robust in the usual sense.

Unfortunately, the canonical gradient of ¥ w.r.t. MT*" is not robust in the usual sense, but we
can show that it is second order and robust in a weaker sense, in which the nuisance 7,(q), . . ., 7,(q)
are not variation independent.

We give two results that show that the remainder term R is second order and robust in this
weaker sense. These two results correspond to respectively representations (7.3) and (7.4) of the
canonical gradient.

For pairs of indices (¢,7) and (s, j), we write (s, j) < (t,7) (resp. (s,j) > (t,1))if (s, 7) comes
strictly before (resp. strictly after) (¢,¢) in the column ordering of indices. For any ¢, we denote

Qt,i : OT’N — q(l(tal) ’ CL(t77;))7 q—(tl .0 '_> H 8 j | c (S j))
(s.0)#(t:1)

Gui- 0N T alils,d) | ¢*(s,4),

(5,5)<(t.8)
and Q(t,z’)+ : OT’N = H Q<l(57]) ‘ CL<$>j))'

(8,5)>(t,3)

Theorem 7.2. Suppose that P € ./\/llT’M. Then, we can rewrite R(q, qo) as Ri(hrn, hor.n, ;o)
where Ry(hrn, horN,q, Qo) satisfies

Ri(hrn,horn, @, q0) =Ri(hrn, horn, 4, q0) — Ri(horn, horn, 4; o)
+ Ry(horN, horN: Q5 90),

where,

Ri(hrn, horn, 4, q0) — Ri(horn, horns 4, q0)
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=2 Z/ (MM) ()@ —q)(l | ¢) X Eqg[Y | L(t, 1) = 1,C(t, i) = c]dlde,

hr n

T N

Rl(h‘O,T,N7 h'O,T7Na q, qU) = § E : EQ(s,j)—7(4*(10)(54')7‘10,(3,j)+*fI(s,j)+:g*Yv'

s=1 j=1

If PTN ¢ /\/lg’N, we can further simplify the representation of the remainder term, as the
following theorem shows.

Theorem 7.3. Suppose that P € My™. Denote w = (w,; : s € [r],j € [N]). We can then
rewrite R(q, qo) as Re(w,wy, q, qo) where the latter satisfies that

T N
1 7 *
RQ((’U’ Wo, 4, QO) = Z N Z / héT,N(CA)gs,j(a | CA)((,US,]‘ - wO,S,j)(CA)<q - %)(l | a, CA)
s=1 7=1
X By g+ [Y(j) | L(s,§) =1, A(s,§) = a,C%(s,j) = CA] dldadc™.
From the expression above, Rs(w,wy, q, qo) if w = wy or ¢ = qo.

Remark 7.4. In the above theorem, w and q are not variation independent components of PN .
In fact, since we know g, w is fully determined by q.

Remark 7.5. The proof of theorem 7.3 relies on the fact that we know the treatment mechanism g
since we are in a controlled trial, while the proof of theorem 7.2 does not.

7.4 Construction and analysis of our estimators

Let gr v, be an estimator of gy.

TMLE estimator. Let ¢}  be an estimator of gy obtained from g7, y by the TMLE targeting step
such that it solves approximately the EIF equation:

% ) Z Drn (@) (L(t,4), C(t,4)) = o (TN)~1/?).

t=1 j=1

We refer the reader to the Targeted Learning methodology papers and books [van der Laan and
Rubin, 28 Dec. 2006, Van der Laan and Rose, 2011, van der Laan and Gruber, 2016, Van der Laan
and Rose, 2018] for details on the TMLE targeting steps.

We define our TMLE estimator as the following plug-in estimator:

VN = (G )



223

One-step estimator. The one-step estimator is defined as

T N
ste 1 . .
\IllTth = V(qrN) —NZZ ~N(qrn)(L(t, 1), C(t,1)).

In what follows, we restrict our analysis to the TMLE estimator since the analysis for the 1-
step estimator is identical. We will just denote Uy y := \IITMLE The following theorem gives a

decomposition of the difference between \IIT, ~ and its target \Il(qo).

Theorem 7.4 (TMLE expansion). We have that

U —U(qo) :=Mi,1,n(q0) + Mo N(G7 n+ 90) + RGN, 90),

with
1 T N
Myz.n () =75 > > Drnlgo)(L(t,4), C(t, 1))
t=1 =1
1 T N
M2,T,N(Q> QO) :ﬁ Z Z((SL(t,z’),C(t,i) - qu,hoym) (DT,N(Q) - DT,N(CIO)) )

t=1 =1

and R(q, qo) is as defined in section 7.3 above.

The first term is the sum of a martingale difference sequence, and the process
{I\/ TNMI,;BT,N(QO) S [O, ]_]}

can be shown, using a functional central limit theorem for martingale triangular arrays, to converge
weakly, as 7' — oo and under fixed N, to a Wiener process O'O ~W, with W a standard Wiener
process and 00 v the limit of the variance under a certain limit dlstrlbutlon of limr_,o. D7 n(q0)
(we make precise these limits further down). Note that, as mentioned above, it is not immediately
clear that the variance of Dy y(qo) doesn’t diverge as N — oo. We provide in section 7.4.1 below
conditions under which D7 5 (o) remains finite as N — oo.

The second term can be bounded by the supremum of the process {Ms 1 v (g, q0) : ¢ € Mg}
This process is an empirical process generated by the sequence (X (¢,%)):;, where we define that
X(t,1) := (C(t,i), L(t,7)). So as to analyze this term, we prove a maximal inequality for such
processes which holds under mixing conditions (here on the sequence (X (¢,%)):;) and entropy
conditions. This maximal inequality will allow us to show the negligibility of M1 n (G v, q) in
front of the first term.

We will discuss the negligibility of the remainder term R(g7 y,qo) under convergence rate
conditions on gy,
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7.4.1 Boundedness of the canonical gradient

We can rewrite D7 x(qo) as

T N
1 X ng,
DTN q0 ZC E N E hO ]JV sy,N(lac)v
j= 0,7,

with

Dyyn(@)(l¢) ==Y Eqyr [Y (k) | L(s,5) = 1. C(s5,5) = ¢] = Eqpe [Y (k) | C(s,) = ¢]..

k=1

A sufficient condition for Dy x(go) to remain bounded as N — oo is that the terms 5% ~(q)
themselves remain bounded as N — oo. It is immediate to observe that for s = 7, since L(s,j) L
1 L(7,k) | C(s,7), and since Y (k) is a a component of L(7, j), we must have that

Eqg [Y(K) | L(s,J) = 1,C(s,5) = c] = Eqg- [Y(F) [ C(s,5) = ¢] = 0

for every j # k, and therefore Hﬁﬂj,N(q)Hoo <1

If we don’t make any assumption on g*, and that we just assume that under ¢g*, A(s, 1),...,
A(s, N) are conditionally independent given A(t)~, but can a priori depend on the entire past
A(t)~, then, if j # k, we don’t have the same kind of conditional independence between Y (k)
and L(s,j), for s < 7 — 1 as we have in the case s = 7. As a result, we don’t have the same
cancellations as in the case s = 7. Intuitively, for ||D,; ()]s not to diverge as N — oo,
we need some measure of association between Y (k) and the nodes O(s, 1),...,0O(s, N) to remain
controlled in some sense. A natural measure of association that can be used to formulate rigorously
this requirement is the classical notion of ¢-mixing coefficient (see Bradley [2005] for a survey of
usual mixing coefficients), which we restate here in terms of densities.

Definition 7.2 (¢-mixing). For any two random variables (X,Y) ~ P, we define the p-mixing
coefficient between X and 'Y as

pp(X,Y) :=sup{|py|x(y | ©) — px(2)| : y, @, such that px(z) > 0},

where py|x and px are the conditional densities of Y given X and the marginal density of X w.r.t.
an appropriate known dominating measure.

We now provide a generic condition under which ||Es] ~(q)]]o» and therefore || D x(q) || are
controlled. We introduce the short-hand notation ¢, - for ¢ - ~, where we recall that PgT;N is the
g*

G-computation formula obtained from P7+,

Assumption 7.9. Suppose that there exists ¢ < oo such that, for any s € [7] and k € [N],

Z@qg k)1 O(s, 7)) < .
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Under assumption 7.9, it is easy to show the following result.

Dsjr(@le < 2¢.

Lemma 7.1. Suppose that assumption 7.9 holds. Then,

A sufficient condition for D7 x(qo) to be bounded is then a bound on the marginal density
ratios.

Assumption 7.10 (Marginal density ratios bound). Suppose that there exists B > 0 such that
175,55/ Po.rnl| o < B

forevery s € [T] and every j € [N].

Lemma 7.2. Suppose that assumptions 7.9 and 7.10 hold. Then || Dy n(qo) |l < 27 Bep.

While it might be hard to check that assumption 7.9 holds in practice, we see the value of it
and of lemmas 7.1 and 7.2 in that they show explicitly the nature of a condition that is sufficient
for DT, ~ to remain bounded, that is a mixing condition controlling the level of association within
the graph, across time points and individuals. We now discuss a few concrete examples where we
can directly show that assumption 7.9 holds, or where we think it is reasonable to suppose that it
holds.

Example 1. If POT N e Mg’N, then, under the G-computation formula distribution POT’ ’;Y, any two

distinct trajectories O(, i) and O(7, j) are independent.
Therefore 37| ¢4+ (Y (k) | O(s, 1)) = ¢y (Y (k) | O(s,k)) < 1, and thus || Dyl < 1.

(We can also directly check that all terms except the k-th one cancel out in IN)SJ, N)-

Example 2.  Suppose now that g; ;(A(s, j) | A(s)™) = g&;(A(s,7) | Ca(s,])), with C(s, j)
1= C5.5)({O(8,4) : j € Fa(s, j)}), where Fi(s, j) is a set of at most No, individuals, including
j itself, and where Ca(s.) is a known summary function. In words, we are supposing here that the
treatment decision under g* for individual j at time s depends only on the history up to s — 1 of j
and of a set of at most Vy individuals. Then any Y (k) is associated with at most Ny nodes from
time point 7 — 1, which are then in turn each associated with at most Ny nodes from time point
7 — 2, and so on. Therefore, any Y (k) is associated with at most N; ™ nodes from time point s,

and therefore Zjvzl 040+ (Y (k) | O(s,7)) has at most NJ ° non zero terms, which implies that
|1 Ds.;. 8 (q0)]|oo < No7™~%, and thus || Dy y(q) |l < BTNJ.

While this upper bound can quickly explode as 7 gets large, this shows that for fixed 7, the
variance does not depend on N, and that therefore, under mixing conditions on the sequence
(O(t,1)):, that we study in the following subsection, the asymptotic variance of our estimators
can scale as N1,
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Example 3. Suppose now that g; ;(A(s, j) | A(s)™) = g5 ;(A(s, ) | On(s — 1)), where Oy (s —
)=+ Zjvzl f(L(s,j)) foracertain f. As Oy (s — 1) concentrates, and should be almost constant
for large N, we expect that since treatment decisions depend on the past only through this almost
constant 0y (s — 1), treatment assignment dependence on the past should not introduce too much
dependence between units. In this situation, we conjecture that most of the dependence within
the graph happens through the dependence of nodes L(s, j) on the contacts Fy(s,j) of j. We
have seen in the previous example that if this is the main source of dependence, we should have
| D7 (q0)|| < 7BNJ, provided that | Fy (s, )| < Ny for every s and j.

In our infectious disease example, the setting described here can model the situation where the
intervention ¢* is to restrict, depending on the global infection rate 6y (s), the set of individuals
any individual j is allowed to meet

7.4.2 Weak invariance principle for the martingale term

It is immediate to observe that Eq, p,,,[Dr,n(q0)(L(t,4), C(t,i) | C(t,i)] = 0, and therefore,
T M, .17 n(qo) is the sum of a martingale difference sequence. We will analyze the weak con-
vergence properties of the process { M .7 n(qo) : € [0, 1]} via a classic functional central limit
theorem for martingale triangular arrays, which we recall below.

Theorem 7.5 (Theorem 3.2 McLeish [1974]). Suppose that {X,; : 1 < i < n} is a martingale
difference array, and (k) is a sequence of non-decreasing, right continuous, integer valued func-

tions, such that for every n, k,(0) = 0. Let, for any x € [0,1] W, (z) = Zfigm) Xn,i. Suppose
that, for every x € [0, 1]

max | X,.| 220, (7.5)
1<kn(x)
and
kn(z) ,
doXZ S (7.6)
=1

Then W,, % W in D([0, 1)).

We will apply the above result by rewriting M ,7 n(qo) as the sum of a martingale difference
triangular array, as we will make explicit in the proof. A key step ahead of applying theorem 7.5
is to show that the variance under P, j,,, of Dy n(L(t,i), C(t,)) stabilizes as T, ¢ — co. We
provide below a set of conditions under which it is the case.

B(I%“,N - h(},})o,N H 2,ho,t,i

Assumption 7.11. For every N, there exists ho o n such that, for everyt,i,

— 0as T — 0, and there exists B > 0 such that || , ;/hocon|lec < B.

Assumption 7.12. For every i, C(t,1) LN Coo ~ hooon ast — oo.
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The first part of assumption 7.11, and assumption 7.12 are ergodicity/mixing conditions. Under
these assumptions, we can show the following result on the limit of

VarCJo,ho,t,i (DT,N<QO)(L(t> i), C(t, Z))

Lemma 7.3 (Stabilization of the variance of the main term of the EIF). Suppose that assumptions
7.9, 7.10, 7.11 and 7.12 hold. Denote

T

DOooN l C = Z ZhOOSJ SJ,N(Z,C>a
s=1

and

T o = Vargy g o (Do.oo,N(Loo, Coo)) 5
Then 0y oo N < 00, and
Varg ny., (Drn(q0)(L(t,1), (C(t,4))) — a%}oo’m asT,t — oo.
For any ¢, i, let X (¢,7) := (Cp(t,4), L(t,7)). A key requirement for our analysis of the process
{M, .7 n(q) : © € (0,1]} is an a-mixing condition on the sequence (X (t,7));;. We first recall

the notion of a-mixing. We give here a definition based on theorem 4.4 in Bradley [2007].

Definition 7.3 («-mixing). Consider a couple of random variables (X,Y') ~ P, with marginals
Px and Py and domains X and Y. The a-mixing coefficient between X and Y is defined as

o [ COVF(X), 9(Y)
ap(X,Y) = p{ 1o ll9ll

,er%R,g:y%RallfHoo<O°7”9”°°<OO}'

We state our a-mixing condition below.

Assumption 7.13 (a-mixing). It holds that

> Y ap(X(ti), X(ta,iz) = o(TN).

t1,t2€[T) i1,i2€[N]

Theorem 7.6 (Weak convergence of the martingale term M, ). Suppose that assumptions 7.9, 7.10,
7.11,7.12 and 7.13 hold. Then, for any fixed N, as T'" — o0,

{Mi 7 ~n(q0) : z €10,1]} .t 00,00 8NW

on the set D([0, 1]) of cadlag functions on [0, 1], where 0¢ oo n < C for some 0 < C' < oo that
does not depend on N, and where W' is a standard Wiener process.
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7.4.3 Analysis of the empirical process term under mixing conditions

Recall that we defined X (¢,7) := (CL(t,4), L(t,7)). The process {Mar n(q,q0) : ¢ € Q} is an
empirical process generated by the sequence of dependent observations (X (¢,7)); .

For there to be a hope of controlling the deviations of this process from its mean, we must
impose conditions on the amount of dependence between terms of the sequence (X (¢,7));;. As in
the analysis of the term A/, .7 y, We impose mixing conditions. Let (X (k))s, be the single-index
sequence obtained by reordering the terms of the double-index sequence (X} ;) ; in colunm order,
that is (X} ) is the sequence

X(1,1),...,X(1,N), ..., X(T,1),..., X (T, N).

We define (Cy,(k))x and (L(k)) similarly. We state our mixing conditions in terms of the sequence
(X (F))k-

Assumption 7.14 (Geometric a-mixing). There exists ¢ > 0 such that the a-mixing coefficients of
(X (k))g>1 satisfy a(n) < exp(—cn).

The next assumption is a p-mixing condition on the sequence (X (k)). We state below the def-
inition of p-mixing. We refer the reader to Bradley [2005] for more details on mixing coefficients.

Definition 7.4 (p-mixing). Consider a couple of random variables (X,Y) ~ P, with marginals
Px and Py The maximum correlation coefficient between X and Y is defined as pp(X,Y) :=

sup{Corr(f(X),g(Y)) : f € Lo(Px),g € La(Py)}.

Assumption 7.15 (p-mixing). The p-mixing coefficients of ()? (k)) have finite sum, that is
Doy p(n) = p < oo.

The main result of this section is an almost sure equicontinuity result, which will give us that
VNT M n1(gn T, q0) = o(1) almost surely. As for similar equicontinuity results (see e.g. van der
Vaart and Wellner [1996]) for 1.i.d. empirical processes, we require two types of conditions: (1)
we need that the individual terms of M, 7 n(gn,r, go) converge to zero, in some sense to be made
precise further down, and (2) we need a Donsker-like condition on the complexity of the class
{Drn(q,q0) 1 q € 9}

While equicontinuity results for empirical processes usually give a convergence in probability
guarantee, we prove an almost sure convergence result. Almost sure convergence offers control
over the entire realization of the sequence (Ms 1 v (¢n7, 90)) N, 7» Which we need in section 7.6 to
design an adaptive stopping rule. As we work in a more challenging setting (mixing sequences V.s.
i.i.d. sequences), and as we prove stochastic convergence in a stronger sense, we need stronger
versions of the Donsker condition than in the classical equicontinuity results for empirical pro-
cesses (those of van der Vaart and Wellner [1996] for example). In particular, while the classical
results require convergence of some type of L, norm of the difference Dy, ~N(@rN) — D7 n(qo), we
require convergence of this difference in || - ||, norm. Furthermore, while in the classical results
the type of stochastic convergence required is convergence in probability, here we need a form of
stochastic convergence slightly stronger than almost sure convergence.

We formulate precisely our convergence requirement in the following assumption.
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Assumption 7.16. There exists a sequence of positive numbers (ar) satisfying az*(log T)? /T =
o(1), and a. log T = o(1) for any v > 0, such that

Ve > 0, 30(6) >0, P [ D : (Z]\T,N) — DTW(QO)HOO < C(e)an} >1—e

We introduce in section 7.5 a large nonparametric class of d-variate functions F;, which is such
that, in our dependent data setting, any empirical risk minimizer g y over any Q C F satisfies an
exponential deviation bound of the form P [||grn — ¢ 2 0" + 2] S exp(—C(nz?)”), with
B,v,v > 0,1 —~8 > 0, where ¢, is a population risk minimizer over Q. If the true transition
density ¢ lies in our nonparametric class Q, and if | Dr,n(¢) — Dr.v(q0)|| . < 11— qolloo, then it
is straightforward to show that assumption 7.16 holds.

We now present our Donsker-like condition. Suppose that, for any k, the distribution of C (k)
admits densr[y hk w.r.t. the Lebesgue measure. The density w.r.t the Lebesgue measure of X (k) is
then qohk Let X' be such that, for any ¢ and any i, X (¢,) takes values in X'. Let o be the norm
defined, for any f : X — R by

o(f) = sup [f 4,7, V1 + 2P

Our Donsker-like condition is a bound on the bracketing entropy in ¢ norm of the canonical gradi-
ent class.

Assumption 7.17 (Donsker condition for the canonical gradient class). Let Dy := {Dr.n(q) :
q € Q}. There exists p € (0,2) such that
log Njj(e,Dry,0) S e P,

~Y

We show in section 7.5 that the nonparametric function class F,; we mentioned above satisfies
log Nj(e, F o) < € 'log(e)]**! under mild conditions. Therefore, if the canonical gradient
class Dr y is included in F, for some d’ > 1, then assumption 7.17 holds under the same mild
conditions.

We can now state our equicontinuity result.

Theorem 7.7 (Asymptotic equicontinuity of the canonical gradient process). Suppose that assump-
tions 7.14, 7.15, 7.16 and 7.17 hold. Then

V NTM27T,N(Z]\T7N, QQ) = 0(1) a.s. as T, N — oo.

Proof of theorem 7.7. The proof is a direct consequence of our generic equicontinuity result, the-
orem 7.12 in the appendix. 0

Remark 7.6. It might seem surprising to the reader familiar with proofs of equicontinuity re-
sults and maximal inequalities for empirical processes that, while the Donsker condition only
requires control of the entropy w.rt. the norm o, which is an L, norm, we need convergence
of |Drn(Gr.n) — Drn(qo)|lee in @ norm a strong as the sup norm. Indeed, in the usual case
where Zy, ..., Z, are i.i.d. random draws from a distribution P taking values in a set Z, if F has
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square integrable bracketing entropy w.rt. Lo(P), for a process of the form n=' """ | f.(Z;) —
[ fu(2)dP(2) to be op(n~/2), it suffices that the Ly(P) norm of f, converges to zero in probabil-
iy,

We discuss in subsection 7.C.2 in the appendix why, unlike in the i.i.d. setting, in the weakly
dependent case we consider here, convergence in Ly norm wouldn’t suffice given the technical
tools that we have, and why we do need convergence in || - || o norm.

7.4.4 Weak invariance principle for our TMLE

Theorem 7.8 (Weak invariance principle for our TMLE). Suppose that the assumptions of theo-
rems 7.6 and 7.7 are satisfied, and that R(Gr n,qo) = o((NT)~Y/2) almost surely. We then have
that the process

{WVTNo Ly (Tiry = w(RY)) € [0,1]}

converges weakly in D([0, 1]) to a Wiener process W.

7.5 A nonparametric function class, nuisance estimation, and
the canonical gradient class

We first present a generic function class, which we then use as a statistical model for nuisance
estimation and canonical gradient modelling.

7.5.1 The function class

Consider a bounded Euclidean set X'. Without loss of generality, we will suppose that X' = [0, 1]%,
the unit hypercube in R%. For M > 0, let F s be the class of real-valued cadlag functions on
X, with sectional variation norm (also called Hardy-Krause variation) no larger than M, and,
for L > 0, let F 51 be the class of functions in Fy 5, that are L-Lipschitz. The classes F
and U,/~0F0, s have been proposed as statistical models in several past articles [van der Laan,
2017, Fang et al., 2020, Bibaut and van der Laan, 2019]. We refer to these works for the rigorous
definition of the notion of sectional variation norm. For the present purpose, it will suffice to say
that the sectional variation norm is a multivariate extension of the 1-dimensional notion of total
variation of a real-valued function.

Statistical properties of 7 ;,;. This class of functions present several attractive properties as a
statistical model. Bibaut and van der Laan [2019] have shown that its bracketing entropy is well
controlled, which will prove useful in our problem. We recall here the formal result on bracketing
entropy from Bibaut and van der Laan [2019].
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Proposition 7.1 (Proposition 2 in Bibaut and van der Laan [2019]). Consider Fy \ as defined
above. For any r > 1, € > 0, it holds that

log Njj (€, Four, Li(12)) S Me ™" [log(M/e) 7Y,

where we have absorbed a constant depending on the dimension d; and on r in the “ <" notation,
and where i is the Lebesgue measure.

Notice that the entropy depends on the dimension only through the log factor. As a result,
even in high dimensions this class remains Donsker, and rates of convergence of empirical risk
minimizers (ERMs) over it remain relatively fast. Unlike other popular nonparametric function
classes such as Holder classes, F »; doesn’t impose local smoothness restrictions. Rather, it only
places a bound on a global measure of variation, the sectional variation norm, thus allowing for
function having different degrees of smoothness or roughness at different regions of their domains.
As a result, from a bias-variance trade-off perspective, when one increases M by some amount,
an ERM estimator will “spend” the additional allowed variation in the areas of the domain where
it most improves the fit, while only impacting the entropy loglinearly. While this might not be a
perfectly rigorous comparison, note that, Holder classes H (M, ) have entropy depending on € as
¢?/8 and therefore decreasing (3 so as to reduce bias has a steep entropy price.

We believe that since the nonparametric model Ups~0/0 3 only assumes a form of piecewise
continuity and that the sectional variation norm is not infinite, using it a statistical model for com-
ponents of the data-generating distributing amounts to a mild assumption. Our guess is that func-
tions that do not satisfy these requirements are essentially pathological functions = — f(x) that os-
cillate increasingly fast as x approaches some value or region. Benkeser and Van Der Laan [2016]
have shown with extensive simulations that ERMs over ]:0, 77> With ]\/4\ chosen by cross-validation,
perform on par with Random Forests and Gradient Boosting Machines, thereby confirming that
Unr>o0Fo0,n 18 a realistic statistical model in most practical settings.

Computational properties. Fang et al. [2020] have shown that ERMs over J j; can be com-
puted as the solution of a LASSO problem over at most (ne/d)? distinct basis functions, where
n is the sample size. van der Laan [2017] has proposed an alternative set of basis functions of
cardinality n2¢, which, although it can be shown to not always be sufficient to represent the ERM,
leads to very good practical performance.

Properties of 7 5, ;. Introducing the additional assumption that the functions in our model are
Lipschitz allows to bound the supremum norm of a function in terms of its L19(x) norm, as shown
by the following lemma. We owe this result to losif Pinelis, who proved it as an answer to a
question of the first author on MathOverflow [Pinelis, 2020].

Lemma 7.4. There exists n(d, L) > 0 and C(d, L) > 0 such that, for any f is a d-variate, real-

valued L-Lipschitz function such that || f11 , < n(d, L), we have || f||o < C(d, L) HmedH), with
1t the Lebesgue measure.
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Unlike in the 1.1.d. setting, in our mixing data sequence setting, we will need to be able to
show that the supremum norm of some functions converge to zero at a certain rate. We refer the
interested reader to the proofs of the results of the next two subsections for more detail on these
technical questions.

7.5.2 Nuisance estimation

The efficient influence function expression makes appear the nuisance parameters ¢, (¢ ;), (h} ;)
and hy . The latter are functions of ¢ and can be computed from an estimate thereof via Monte-
Carlo integration, as discussed in van der Laan et al. [2018] in the case N = 1. The key statistical
challenge is then the estimation of the true conditional density qg.

We propose to estimate gy by a maximum likelihood estimator over the subset of functions of
Fin(X), with X := C x O, that are conditional probability density functions (¢, 0) — ¢(o | ¢),
that is over the set

OumL = {q € FimrL: Vc/q(o | c)do=1and q(- | ¢c) > 0} :

In practice, M and L should be chosen by cross validation. As there will be no ambiguity in the
rest of this section, we use the notation Q instead of Q1. In this section too, we work with the

reordered single-indexed sequence (O(k)) as defined in the previous section.
For any conditional density ¢ : (o,¢) — q(o | ¢), let £(¢q)(c,0) := —loggq(o | ¢) be the
log-likelihood loss for ¢, and let

Rol@) == S U@(CH,00)  and  Roula)i= S BlU@)(C(R), O(b))]

Let g, € argmingeg fin(q) and ¢,, € argmin, .o Ro,(q) be a maximum likelihood estimator,
and a maximizer over Q of the population log likelihood. We analyze ¢,, using our generic result for
ERMs under mixing sequences, theorem 7.13 in the appendix. We need the following assumptions.

Assumption 7.18 (Lower bound on the population MLE). There exists 0 independent of n such
that inf. ,ecxo qn(0 | €) > 0.

Assumption 7.19. There exists My > 0 independent of n such that ||qo/qn |0 < M.

Assumption 7.20 (Uniform boundedness of (h;);>1). There exists My > 0 such that

sup ||hi||co < Ms.
i>1

Assumption 7.21. Denote Zn =n"ty " El There exists M3 > 0 independent of n such that

sup %z /zn
i>1

< M;.
o9
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Theorem 7.9 (High probability bound on the MLE of qy). Suppose that assumptions 7.14, 7.15,
7.18, 7.19, 7.20 and 7.21 hold. Then, letting o :== 1/(d + 1), it holds that, for every x > 0, with
probability at least 1 — 2e™*, that

o ({0~ 42) S 07T+ 1ogn\/2+ (logm)== (=)™
n

7.5.3 Canonical gradient

As argued in subsection 7.5, we think that assuming that components of the data-generating dis-
tribution POT N lie in Fim,r, for some M, L > 0 is a relatively mild modelling assumption. We
therefore assume that

{DT,N(Q) 1q € Q} C FimL (7.7)

We conjecture that this actually automatically follows if Q C F; 5,z and we think that one could
prove this using the usual arguments to prove bracketing numbers preservation results. However,
this appears to be tedious, so we leave it to future work. Under (7.7), assumption 7.17 holds. If we
further assume that || D7 n(q2) — Drn(1)]leo < |lg2 — @10 lemma 7.4 and 7.9 then imply that
assumption 7.16 holds.

7.6 Adaptive stopping rules

In this section, we present an adaptive stopping rule for the test of the hypothesis Hj : \IJ(PSF N )=
0. In practice, it is natural to consider a parameter of the form W(Py ") = E r~[Y9% — Y], for
which the analysis follows trivially from the the analysis of the individual terms of the difference
we have presented so far. (Note that H, doesn’t actually depend on 7" and N, since ¥(P, ") can
be written as W) (gy), as pointed out in section 7.2). An adaptive stopping rule allows to reject
the null hypothesis as soon as sufficient evidence has been collected, without the need to wait for
a pre-specified sample size to be met. Since an adaptive stopping rule checks a a criterion at every
time step, multiple testing considerations must be taken into account so as to make sure the type I
error remains controlled.

A typical approach to design a valid adaptive stopping rule is as follows. Say we want to
ensure that type I error is no larger than 1 — a. The key step is to construct a uniform-in-time
(1 — a)-probability confidence band, that is sequence of confidence intervals([£an n(T)])7>1,
such that, with probability 1 — o, W(P;"") € [faan(T)] for every T. Then a natural stop-
ping rule is to reject the null hypothesis at the earliest time 7" such that 0 & [+a,n(T)]. A
uniform-in-time confidence band is a feature of the joint distribution of the sequence of estimators
(¥n7)r>1. Theorem 7.8 characterizes in an asymptotic sense the joint distribution of a process
obtain from the finite sequence (\/I} ~N.T)l; by rescaling it in time and in range: specifically, it
shows that {tv/TN 0o, c1>o N(\TJ no — U(PyN)) ot € [0,1]} converges weakly to a Wiener process.
Since confidence bands for the Wiener process are well documented, we will be able to use this to
construct an adaptive stopping rule.
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Since our results on the joint distribution of the (rescaled process built from the) sequence of
estimates are asymptotic, our procedure requires a certain burn-in period, that is we must enforce a
minimum time point before which the procedure cannot reject. We now present formally our type
I error guarantees for the procedure we described.

Theorem 7.10 (Type I error of adaptive stopping). Let (a,(t) : t € [0, 1]) be such that PVt €

[0,1], W (t) € [Fan(t)]] > 1. Let Tinax be the maximum number of time steps the experimenter

is willing to run the trial. Let to € [0, 1] be such that Ty := toTyax is the duration of the burn-in
V Do/ TA(T [ Tinax)

period.
VNT } '

Let
Suppose that the assumptions of theorem 7.8 are satisfied. Then, under the null hypothesis
Hy - W(PN) =0, it holds that

T(Tmaxa Z50) ;= min {T Z To, (I;T,N Q :l:UO,oo,N

hm PO [T(Tmam tO) S Tmax] 2 1— «,
Tmax—>00
that is the probability that the procedure rejects under the null is asymptotically no larger than the
nominal level o.

In practice, theorem 7.10 teaches us that for reasonably large horizon 7}, and burn-in period
Tp, the procedure has type-I error approximately no larger than 1 — a.

An alternative direction to construct an adaptive stopping rule would be to analyze the de-
viations of our estimator with uniform-in-time concentration bounds, such as the ones presented
in Howard et al. [2018], instead of using a limit theorem. We leave this direction for future re-
search. We nevertheless point out that exact confidence bands/intervals obtained from concen-
tration inequalities tend to be larger than approximate confidence bands/intervals obtained from
FCLTs/CLTs. As a result, we conjecture that controlling exactly, rather than approximately the
type I error by using concentration inequalities rather than limit theorems might cost a signicant
loss of power.

7.7 Learning the optimal design along the trial

Consider a target parameter of the form V. (q) := E, .Y — E, Y, where Y is an outcome at
time 7, as defined earlier, and where g7 and g5 are known and fixed stochastic interventions. In
the best arm identification example in the case where there are two arms, we would have g (a |
c?) =1(a = 1) and gi(a | ¢*) = 1(a = 2), that is g} and g} are the deterministic interventions
that always assign the same treatment. In the infectious disease example, g7 and g5 would be two
different public health interventions, such as imposing that individuals wear a mask, or that they
stay at home for except for a certain set of allowed activities.

Suppose that we have a collection of candidate designs ¢1(¢q), ..., ¢gs(¢q) that are indexed by

q. We would like to achieve the same asymptotic variance as we would if we had carried out the
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best design among ¢;(qo), - - -, 97(qo) from the beginning. Let us make this more formal. Making
explicit that i, x depend on ¢ and g, we will write ho, v(g, g). For every k, let

¥1(0) = Vatn ygara (DFin(a.9) = Dy (0,9)) (Coes L))

be the asymptotic variance of the EIF under gj.

Given an estimator g y of ¢y, we can compute (approximately by Monte-Carlo simulation for
example) X (qr,n ), the plug-in estimator of x1(qo). Let k(T') := arg min,¢( 5 xx(qr.n). We define
our adaptive design at 7" as gpr—1)(qr—1,n)-

We now study heuristically the conditions under which this adaptive design is such that the
TMLE of W, (qo) achieves the asymptotic variance xx-(qo), with &* = arg min;.;;; xx(qo), that is
the optimal asymptotic variance among the J designs considered.

Suppose that gy converges almost surely to gy and that x1(qo), - - ., Xs(qo) are distinct. Then
Xk(qr.n) converges a.s. to xx(qo), and therefore, with probability 1, k(7") # k* only a finite
number of times. Therefore, we expect that ||ho 7N — heon(q0, gr+(q0))|l1 = o(1), which in
turns, if o7, and Ao (o, ga+ (o)) are lower bounded away from zero implies that ||2g 7.\ —
heo (40, 9k+(q0))|l1 = o(1). Therefore, under the assumptions of lemma 7.3, the variance of the

the terms DJi, — D%, of the EIF should stabilize to x-(go), which under the assumptions of
theorem 7.8, implies that under the adaptive design, the asymptotic variance of the TMLE must be

Xk (QO)'

Examples of candidate designs in the best arm identification example. In the best arm iden-
tification example, in the case where there are only two arms and where 7 = 1 (that is the target
is the ATE after one time step, starting from a known distribution of contexts), it is known that the
optimal design is the so-called Neyman allocation design, defined as follows:

glqo)(a ] c?) = 04 (a,c?)

qu(L CA) + qu<2a CA) ’

where

o2(a,c) == Var,(Y(1) | A(1,1) = a, C*(1,1) = c*).

q
In words, the Neyman allocation designs assigns treatment a with probability proportional to the
standard deviation of the outcome conditional on @ and c*.

While we don’t know whether this design is optimal design among all possible designs in the
case 7 > 1, we conjecture it should be more efficient that the uniform design over treatment arms.
In practice, we recommend considering a finite library of candidate designs including the Neyman
allocation design. Other possible designs are the constant design with fixed probabilities for each
arm.

7.8 Conclusion

In this chapter, we have studied the questions of inference and sequential decision making in a trial
involving /N individuals that we enroll at the same time in the trial and then follow for 7" steps. We
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allow for network dependence. The statistical model is the one presented in subsection 1.2.4 of the
introduction chapter. We defined causal parameters that we interpret as the discounted cumulative
effect and the long term effect of a counterfactual stochastic intervention, and we showed that these
are identifiable from the observed data distribution.

At a high level, our analysis shows that statistical inference is possible if we impose restric-
tions on the amount of dependence within and across trajectories. We formalize this constraint by
imposing mixing conditions. The main technical enablers of this work are our novel maximal in-
equality for empirical processes over weakly dependent sequences and our high probability bound
for empirical risk minimizers.

One limitation of our work is that our estimators require that the asymptotic variance of the
terms of the canonical gradient stabilize as a function of 7'. This in particular rules out designs that
that let the probability of assignment of certain treatment arms converge to zero. A direction for
future work would be to alleviate this requirement so as to allow for designs that gradually phase
out suboptimal arms.

Bibliography

Peter L Bartlett, Michael I Jordan, and Jon D McAuliffe. Convexity, classification, and risk bounds.
Journal of the American Statistical Association, 101(473):138-156, 2006.

G W Basse, A Feller, and P Toulis. Randomization tests of causal effects under interference.
Biometrika, 106(2):487-494, 02 2019.

Guillaume W Basse and Edoardo M Airoldi. Model-assisted design of experiments in the presence
of network-correlated outcomes. Biometrika, 105(4):849-858, 08 2018.

D. Benkeser and M. Van Der Laan. The highly adaptive lasso estimator. In 2016 IEEE Interna-
tional Conference on Data Science and Advanced Analytics (DSAA), pages 689—696, 2016.

Aurelien Bibaut, Antoine Chambaz, and Mark van der Laan. Generalized policy elimination: an
efficient algorithm for nonparametric contextual bandits. In Jonas Peters and David Sontag, edi-
tors, Proceedings of the 36th Conference on Uncertainty in Artificial Intelligence (UAI), volume
124 of Proceedings of Machine Learning Research, pages 1099-1108, Virtual, 03—06 Aug 2020.
PMLR.

Aurélien F. Bibaut and Mark J. van der Laan. Fast rates for empirical risk minimization over cadlag
functions with bounded sectional variation norm, 2019.

A. Boruvka, D. Almirall, K. Witkiewitz, and S. A. Murphy. Assessing time-varying causal effect
moderation in mobile health. Journal of the American Statistical Association, 0(ja):0-0, 2017.

R. C. Bradley. Basic properties of strong mixing conditions. a survey and some open questions.
Probab. Surveys, 2:107-144, 2005.

R. C. Bradley. Introduction to strong mixing conditions, volume 1. Kendrick Press, 2007.



237

Billy Fang, Adityanand Guntuboyina, and Bodhisattva Sen. Multivariate extensions of isotonic re-
gression and total variation denoising via entire monotonicity and hardy-krause variation, 2020.

Steven R. Howard, Aaditya Ramdas, Jon McAuliffe, and Jasjeet Sekhon. Time-uniform, nonpara-
metric, nonasymptotic confidence sequences, 2018.

Michael G. Hudgens and M. Elizabeth Halloran. Toward causal inference with interference. Jour-
nal of the American Statistical Association, 103(482):832-842, 2008.

Nathan Kallus and Masatoshi Uehara. Efficiently breaking the curse of horizon in off-policy eval-
uation with double reinforcement learning, 2019.

Nathan Kallus and Masatoshi Uehara. Double reinforcement learning for efficient off-policy eval-
uation in markov decision processes. Journal of Machine Learning Research, 21(167):1-63,
2020.

Chris A. J. Klaassen. Consistent estimation of the influence function of locally asymptotically
linear estimators. Ann. Statist., 15(4):1548-1562, 12 1987.

D. L. McLeish. Dependent central limit theorems and invariance principles. Ann. Probab., 2(4):
620-628, 08 1974.

Florence Merlevede, Magda Peligrad, and Emmanuel Rio. Bernstein inequality and moderate
deviations under strong mixing conditions, volume Volume 5 of Collections, pages 273-292.
Institute of Mathematical Statistics, Beachwood, Ohio, USA, 2009.

Elizabeth L. Ogburn, Oleg Sofrygin, Ivan Diaz, and Mark J. van der Laan. Causal inference for
social network data, 2020.

Mina Ossiander. A central limit theorem under metric entropy with [, bracketing. Ann. Probab.,
15(3):897-919, 07 1987.

Judea Pearl. Causality. Cambridge University Press, 2009.

Iosif Pinelis. Bounding supremum norm of lipschitz function by 11 norm. MathOverflow, 2020.
URL:https://mathoverflow.net/q/379490 (version: 2020-12-22).

Herbert Robbins. Some aspects of the sequential design of experiments. Bull. Amer. Math. Soc.,
58(5):527-535, 09 1952.

Eric J Tchetgen Tchetgen and Tyler J VanderWeele. On causal inference in the presence of inter-
ference. Statistical Methods in Medical Research, 21(1):55-75, 2012.

M. van der Laan. A generally efficient targeted minimum loss based estimator based on the highly
adaptive lasso. Int J Biostat, 2, October 2017.

Mark van der Laan. The construction and analysis of adaptive group sequential designs. 2008.



238

Mark van der Laan. Causal inference for a population of causally connected units. Journal of
Causal Inference, 2, 2013.

Mark van der Laan and Susan Gruber. One-step targeted minimum loss-based estimation based on
universal least favorable one-dimensional submodels. The international journal of biostatistics,
12(1):351-378, 2016.

Mark J Van der Laan and Sherri Rose. Targeted learning: causal inference for observational and
experimental data. Springer Science & Business Media, 2011.

Mark J Van der Laan and Sherri Rose. Targeted learning in data science. Springer, 2018.

Mark J. van der Laan and Daniel Rubin. Targeted maximum likelihood learning. The International
Journal of Biostatistics, 2(1), 28 Dec. 2006. doi: https://doi.org/10.2202/1557-4679.1043.

Mark J. van der Laan, Antoine Chambaz, and Sam Lendle. Online Targeted Learning for Time
Series, pages 317-346. Springer International Publishing, 2018.

A. van der Vaart and J. Wellner. Weak Convergence and Empirical Processes. Springer-Verlag
New York, 03 1996. ISBN 9781475725452.

Ramon van Handel. On the minimal penalty for markov order estimation. Probability Theory and
Related Fields, 150(3-4):709-738, April 2010. ISSN 1432-2064. doi: 10.1007/s00440-010-
0290-y.

A. Wald. Sequential tests of statistical hypotheses. Ann. Math. Statist., 16(2):117-186, 06 1945.
doi: 10.1214/aoms/1177731118.

Wenjing Zheng and Mark J. van der Laan. Cross-Validated Targeted Minimum-Loss-Based Esti-
mation, pages 459-474. Springer New York, New York, NY, 2011.

7.A Notation

7.A.1 Notation relative to the data

A(t, 1) : treatment assigned to individual 7 at ¢,

L(t, 1) : time varying covariates and outcomes of individual 7 at ¢,
O(t,1) :=(A(t,1), L(t,17),

A(t) :=(A(t,i) : 1 € [N])

L(t) :==(L(t,7) : i € [N])

At) =(A(1), ..., A(2)),

L(t) :=(L(1), ..., L(t)),
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O(t) =(0(1), ....01),
A(t,i) :==(A(s,i) : s € [t]),
L(t,i) :==(L(s,i) : s € [t]),
O(t,i) :=(0(s,i) : s € [t]),
OTN .=(O(t,i) : t € [T],i € [N])

Observe that O = O(T).
Data is observed in the order A(1), L(1),..., A(t), L(t). Within time points, we arbitrarily
order data points by increasing index ¢, that is, we order individual observations as:

A1), A(LN),L(1,1), ..., L(LN),..., AT, 1),..., A(T,N), L(T, 1), ..., L(T, N).

We refer to this ordering as the column ordering. We let A(¢,7)~ and L(t,4)~ be the vectors of all
observations that come before A(¢,4) and L(¢, ) in the column ordering, that is

At i) =0 — 1), A(t,1),..., A(t,i — 1))

L(t, i) ==(O(t — 1), A(t), L(t, 1), ..., L(t,i — 1)).

We let F'(t,7) be the set of individuals 7 is in contact with at ¢, and we let F4(¢,7) be the set of
individuals upon whose history the experimenter decides the treatment assignment of individual ¢
at time t. We define the context functions C4(¢,4) and C*(t,1) as

CA(t,1) :== cag) (At 1), Fa(t,i))
CH(t,i) := cpua(L(t, i), Fr(t,q)).

When there is no ambiguity, we drop the “L” superscript and we use C'(¢, 1) for CL(t,i). We let
X(t,i) = (CH(t, ), L(t,7)).

We denote A(k), L(k), O(k) and X (k) the k-th element in the sequences (A(t, i))tis (L(t,9))e4
(O(t,1))1,i, and (X (¢,7)), respectively.

7.A.2 Notation relative to probability distributions, their components, and
the target parameters

PEN - probability distribution of the full data (07N U),
PN post-intervention distribution of the full data (O*7N  U),

PTN": probability distribution of the observed data O

T,N
P7

<+ G-computation formula
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We denote M?’N the causal model, that is the set of possible full data distributions PFT’N, and
MTN the statistical model that is the set of possible observed data distributions P7*¥. We now
present notation for components of these distributions:

q : conditional density of L(#,4) given L(t,i)” (or given C'*(t, 1))

9= H H Gt : treatment mechanism ,
t=1 i=1

g = H H g ; + counterfactual treatment mechanism,
s=1 j=1

h;;‘i(q, g) and hfi(q, g) : marginal densities of C*(¢,4) and C(¢,) under P™"" = H 9t.i4,

hfi and htLi : shorthand for h{}i(% g and hyi(q,9)
h:4 and h : shorthand for hA i(q,9") and hsL’j(q7 g,

8,3
h%N _TN Zzhtw

t=1 =1

Wty ==(TN)” Zth,

t=1 =1
1A /T A %
Ws,j '_hs,j/hT,N and 1), j 1= gs7j/gSJ'

When there is no ambiguity, we use hy;, I} BT7 n for hth, heL h% ~N- We denote 7Lk the k-

5,97 8,J°
th element of the column ordered sequence (h;;):;. We now recall the definition of the causal

parameter and the statistical target parameter:

T

v (pI) ::EP;,T,N[Y*(T)] (causal parameter),

U (PTY) :=FEp_.[Y(7)] (statistical target parameter).

7.B Proofs of the structural results

7.B.1 Derivation of the efficient influence function

The proof of theorem 7.1 relies on the following lemma, which is a straightforward extension of
lemma 1 in van der Laan [2013].

Lemma 7.5 (Projection onto tangent space.). The tangent space of the statistical model M at PT-
is given by

T(q) = { »—>Z I(t,q) | c* tz)):s:ﬁxC—HR,‘v’c,/s(l,c)q(Hc)dl:O}.
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The projection of any function oY s D*(o""N) on T(q) is
D.M‘_Lzﬁjm’ Dul] ),
TN &= 2= Ty (c
with
Dyi(l,c) := E [D*(O"N | L(t,i) = 1,C"(t,i) = "] — E [D*(O""N | C*(t,i) = "] .

The proof is almost identical to that of lemma 1 in van der Laan [2013]. We refer the interested
reader to this work.
We now present the proof of theorem 7.1.

Proof of theorem 7.1. We start with the case ¢ = 7. We use the following classical strategy to find
the canonical gradient: we first find a gradient of U at ¢ w.r.t. T'(¢), and we then project it onto
T'(q), which gives the canonical gradient.

Finding a gradient. Consider a one-dimensional sub-model of M of the form

{ﬂwwaﬂmﬂw Ihem|ctm<@@w%w%,

such that P2 = PN We have that
W(PSY) = W(g.) = / y [ ] et i) | (8 i)g™(alt i) | *(t,4))do™".
i

Therefore

H 9:,1‘

eOtﬂ'

/ qu

/Hqgtz{ ’liy}%lognqe )
/Hqgm{ &y V(g }—IOque .
(Hﬂw wQE}wwm%wﬂ,

t, i t,i

:Eq,g

where s(l,c") := (dlogq./de)|c=o(l,c"), and therefore Y, ; s(I(t, 1), c"(t,1)) is the score of the
parametric submodel at € = 0.

Therefore
T N x/ TN gtz
o = Do) = — v
(") =] | g“y (9)

is a gradient of ¥ at PT w.r.t. T(P).
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Projecting D° onto the tangent space. From lemma 7.5, the projection of D° onto T'(q) is
D(g)(0") = i 3" Dew(@)(eH(t 1) 1(1,1),
t,i
with
Drata(e0 =% % {Eay [Vo /g | Lit3) = 1,CH(t,1) = ¢

—FEqq [Yg*/g | CE(t,i) = cL} }

Second representation. Suppose that assumption 7.5 holds. We have that

E.o[Yq* /g | L(t, i) =1,C"(t,i) = c*]

1
:m/%[yg/gum L) = 1(t0))
<UD ) =) T als29) |15 Ngeslassd) |als. ) o™
(s,)<(t,3)

1 N - 1)~
:W/Eq’g* V| L{t,i) = 1, L(t, i)~ = I(t,4)]

x At ) =) T al(s,5) [, 5)7)gs(als,5) | a(s, 5)7)do™

(5,5)<(3)

1 N = ol
hm(cL) [Y | L(t,3) = 1,c*(L(t,i)”) = ]
X /1 =) T als9) | is,5)7)gs (s, §) | als, 5)7)do"™N
(s.9)<(t,)
_hzz‘(CL) i) = Lit §) = L
_ht’xcL)Eq,g* Y | L(t,i) =1,C"(t,i) = "]
Similarly,
. L/~ L1 h;i(CL) Loy o _ L
Loy [Yg /9| C™(ti) =c ] = WEM* [Y | CH(ti) =c ] :

Replacing these expression in the expression of the canonical gradient gives the wished represen-
tation.

Third representation. Under assumption 7.6, the third representation follows immediately from
the second one. [
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7.B.2 Proofs of the results on the remainder term

Proof of theorem 7.2. Suppose ]_ZT7 N = BQT, ~. We have that
EPOTvN [D(Q> (OTW)}

%Zi Lt z>>]

1=1

PTN

hoxn(€)qo(l | €)Dry (e, 1)dedl
T N

—Z {/ A)qo(l | ) Eqg- [Y | L(s,5) = 1,C(s,7) = ] dldc

- [ B 1 €)= e
We have that
Ol | g V| £05.) =1,C(s.) =
a0l | By [Y | L(s,5) = 1, (s, )~ = (s,)]

< LepepU(s.))=¢) JI  aopgisdded(i(s, 5)7)
(/,3")<(5.9)

:/Eq’g* |:Y | L(S,j) = l,L(S,j)_ — l(S,j)_] QO,s,j H QS’,j’g:’j
(s,3")<(s,4)

I
——

(7.8)

T )= 90,5,59s )+

where the last line was obtained by using Fubini’s theorem and integrating out the indicator. [

The same arguments show that

/ B () By [Y | Cls, ) = d] = Eyye[Y].

Therefore,

T N

Eprx [D@OT™)] =33 By (mayopyat, oY

s=1 j=1
Using the telescoping sum formula for the product difference [, ; ¢s; — [ I, ; 90,,5» we have that
\If(q) - \IJ(qO) = Z EQ(S’]')—aQ(s,j)7q0,(s,j)7q0,(s,j)7g*y (7'9)
5]

Therefore, putting (7.8) and (7.9) together gives the wished expression for R(horn,q)-
The derivation of the expression R(ho 1 n,q) — R(hr .y, q) is immediate.
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Proof of theorem 7.3. We have that

EPOT*N [D<Q) (OT’N)}

T N
1 _ e . ‘
:EPOT‘N ﬁ;;DT,N((ﬁ(C (tvl>7A<t7Z)7L<t7Z)
T N
-3y / Rt (@900 | ol | @My () s(a 12)
s=1 j=1

x {Epg [Y(5) | L(5,) = 1, A(s, §) = a,C*(s, 5) = ¢]
—Eq g+ [Y(]) | A(s,j) = a, CA(S,j) = CA} } dldach7

where we have used assumption 7.7 in the last line above.

Case w = wy. We show that in this case, for any given j and s, the second term of the (s, j)-th
term in the sum above cancels out with the first term of the (s — 1, j)-th term.
We start with rewriting the second term of the (s, j)-th term:

[ Fe (st | Mot ] 0, Mg (Hnsla ]

X Eq.g- [Y<]) | A(s,j) = a, CA(S,j) = CA} dldadc®

= [ e fa | By [Y ()] Als.d) = 0,05, ) = ] dade”

s—1

I/Hgf,qu,t,ng,qu,g* Y (j) | A(s,j) = a,0(s = 1,j) = o(s — 1,7)] dado(s — 1, 5)
t=1

:qu,l:sflque:f,g*y'

The third line above follows from assumption 7.5. We now show that the first term of the (s —1, j)-
th term is equal to the above quantity:

[ Fra(gsta ] Nanll @, s(Hnsla )
X Egge [Y() | L(s = 1,) = 1, A(s — 1,j) = a,C*(s — 1, j) = ¢*] didadc”
_ / Bt (Mgt | Maoll | ay )
X By [Y(§) | L(s = 1,7) =, A(s — 1,j) = a,C?*(s — 1, ) = ¢*] dldadc”

s—2

- / T 6550005601 50001 Eage [Y'(5) | Ols — 1,) = o(s — 1, )] da(s — 1,5)
t=1

=b,

qO,l:s—lvqs:T7g*

Y.

Thus, by telescoping, Epr.x [D(q)(OTM)] = ¥(q) — ¥(qo), and therefore R(wy, q) = 0.
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At ahigh level, the reason why this cross-terms cancellation happens is the first term of the (s —
1, j)-th term is obtained by integration against g; ; of the second term of (s, j)-th term. Applying
the operator £ PN boils down to successively, in the backwards direction, integrating with respect

to the factors of P,"". The first step in this process applied to the second term of (s, ;) is to
integrate w.r.t. g; ;, which gives the first term of (s — 1, ). The subsequent steps being the same
for both terms, the resulting quantities are the same.

Case ¢ = qo. In this case, it is immediate to observe that the cancellation happens within each
term of the terms of the sum over (s, j). Therefore, R(w, qy) = 0.

Therefore, we can write R(w, ¢) = R(w, ¢) — R(wo, ¢), which makes appear the wished product
of differences structure. U

7.C Results on empirical process induced by weakly dependent
sequences

Let (X, ),>1 be a sequence of random variables taking values in a set X', and let F be a class of
functions with domain X'. In this section, we present a several novel results on empirical processes
of the form

{M,(f): feF}  where M, (f):= %Zf(Xi) — E[f(X))].

We present three types of results: a maximal inequality over F (or over the intersection of
F with a ball of controlled radius), an equicontinuity result, and an exponential risk bound for
empircal risk mimizers over F. The latter two are a consequence of the former.

We do not make independence nor stationarity assumptions on the sequence (X,,),>1. Rather,
we consider sequences (X,,),>1 that satisfy only the following mixing conditions.

Assumption 7.22 (a-mixing). The uniform o-mixing coefficients of the sequence (X;);>1 satisfy
a(n) < exp(—2cn), for some ¢ > 0.

Assumption 7.23 (p-mixing). The uniform p-mixing coefficients of the sequence (X;),>1 have
finite sum, thatis ), -, p(n) < oo. We denote p := 3 -, p(n).

We suppose that X C R¢ for some d > 1 and that, for every 7 > 1, the marginal distribution
of X, admits a density w.r.t. the Lebesgue measure that we denote h;. Supposing that assumption
7.23 holds, we define the following mapping / — R:

o(f) =1+ 2psg§> | fll2,,-
It is straightforward to check that ¢ is a norm. Our results apply to classes of functions that are

bounded in supremum norm.

Assumption 7.24 (Uniform boundedness). There exists M € (0,00) such that sup ez || flloc <
M.
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7.C.1 A local maximal inequality

The result of this subsection is a local maximal inequality in the sense that it bounds the supremum
of M,,(f) over a o-ball included in F. We state below the corresponding assumption.

Assumption 7.25 (0 norm boundedness). There exists r > 0 such that sup;cz o(f) < 7.
We can now state our result.

Theorem 7.11. Suppose that assumptions 7.22, 7.23, 7.24 hold. Suppose that v > 2Mn~'/2.
Then, for any r<[Mn~'/2,r], it holds with probability at least 1 — 2e~" that,

M (logn)?

logn

\/_/ \/log (1+ Nyj(e, F,o))de +

(logn)x N M (logn)?
n n

sup M, (f) Sr™ +

log(1 4 Ny (r, F,0))

+7r xT.

The proof relies on the following lemma, which is a corollary of lemma A.7 in van Handel
[2010] and theorem 2 in Merlevede et al. [2009].

Lemma 7.6. Suppose that f,,..., fn € F, and that conditions on the preceding theorem hold.
Then, for any event A defined on the same probability space as (X;)n>1,

B |4 1 4] S (maxo(f) + 32 ) \/ oc 1+ 77)
| Mlogm)®, o (1 +

N
PAl)
Proof of theorem 7.11. The result will follow if we show that for A := {sup;.» M, (f) > ¥(z)},
with

L1 M (log n)?
U(x) =1~ Oﬁ_” \/1og(1+NH(e,]-",a))de+Mlog(1+NH(r,}",a))
1 M{(log n)?
oy Jlognls | Mogny?
n n
it holds that

5 (1)1 4] < ¥ (108 (14 7))

Setting up the notation. Let¢; := r277, and let J > 1 such thate; < r~ < €;_,. For every j,
let

Bj = {(\,v})  k € [Nj]}
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be an ¢;-bracketing of F in o norm. For every f € F and every j, let k(j, f) be such that
J J
M) S S Uiy

For every j and f, define the function A Uk(j N )\i(j n- Let a; be a decreasing sequence of
positive numbers, such that a;_; and a; are w1th1n constant factors of each other for every j. We
introduce, for every f, the function

7(f) : x+— (min{j > 0: Aif(f) > aj}) A

Chaining decomposition. We write f as a telescoping sum using an adaptive chaining device.
Adaptive chaining is a standard empirical process technique introduced by Ossiander [1987] for
the analysis of empirical processes under bracketing entropy conditions, in which the depth of a
chain is a function of the form of 7(f) that is chosen so as to control the supremum norm of the
links of the chain. We have, in a pointwise sense, that, for every f € F,

3

(f)

) j 1 7(f)
f=Non+ (Aiuf N1 ) + (f - Ak(f(f%f))

J=1

<

_A°0f+Z(A( Ajjllf)l(r(f)<j)

- zj: <f - Ai(])f)) 1(r(f) = 4)-

The first term represents the root of the chain. The second term is the sum across depth levels j of
the links of the chain. The third term is the tip of the chain.

Control of the tips. We treat separately the case j < .J and the case j = J.

~Case j < J. We will use the fact that, for j < .J, we must have that if 7(f) = j, then
A} > a;. From non-negativity of f — Ay ; .

Mal(F = Mg L) = ) SE |2 320 = Mg p (X)) = j)]

<E %ZA@(XZ-)MTU)(X» = j)] :

As M1(7(f) = j) > a;1(7(f) = j), we have that A}1(7(f) = j) < a; ' (A})?1(7(f) = j), and
therefore

n

B | LS (a0() = )

=1

<——ZE[N }

i=1
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11« ,
=—— > 1A},
=1

1 )
<—o?(4Y
_aj‘f( f)
=
Therefore
. €2
E Mn< SN 1) =) | < E
Egg (f = Mg )T (f) J))] =y

Case j = .J. We have that
M, ((F = N () = ) <237 )
=1
TSN
<5187,
=1

<o(A})
SEJ.

Control of the links. From the triange inequality

o (Mop = Noup) <o (F=Xup) +o (F=Ngtan)
SO’(A;)—FO’(A; 1)
§€j+€j71
NP

Similarly

| (M = Mot 100 < )| _ < [[alg sttt < i)+ [atchmte() <)

oo o
SCL]' + CL]'_1
SJCLJ‘.
When f varies over F, /\fc(]., -\ ]1 L) varies over a collection of at most ]\_fj = {:0 N,

functions. From lemma 7.6, we thus have that

S (ha26tar) 1] 555 (8 o )
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ase; > 1~ > Mn~Y2

Control of the root. From the triangle inequality,

(M) <o(f = Nop) +o(f)
§2€Q.

In addition, we have that ||\} kG f)HOO < M (if not, we can always, without loss of generality,

truncate it to [— M, M| without altering its bracketing properties).
Therefore,

o ] o ) 2 1 25)

Al
Adding up the bounds. We obtain
NO M(lOg TL)2 N()
E |sup M, A} —/lo (1+—>+—10 1+ —=——
sup 1) f\/ s P T e P
J — —
€ ; a;(logn)? No
+ —L log< ]>+J log {1+ ——
JZ1 \/ﬁ\/ P[A] n P[A]
J-1 62»
+ L + €y
o Y
7=0

./ P[A]))~Y/2. Then above bound then becomes

€7 1ogn N; (logn)? Ny
E |sup M, A}N € 10g<1+ >+ Mlog | 14+ —— ] .
001 4] 75+ Z] Pl PA
Using the same arguments as at the end of the proof of theorem 5 in Bibaut et al. [2020], we have
that

Ze] log<

Set a; := /n(logn)~!(log(1 +

PN > / \/log (1+ Nyy(e, F, g))de—i-eo\/log (1+P[1A])

The above and the fact that log(1 + Ny/P[A]) < log(1 + Ny) +log(1 + 1/P[A]) yield the wished
claim.

]
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7.C.2 Equicontinuity

Theorem 7.12. Consider a class of functions F and a sequence ( f,,) of elements of F.
Suppose that conditions 7.22, 7.23 and 7.24 hold.
Suppose that there exists a deterministic sequence of positive numbers (a,,) such that

a,*(logn)?/v/n = o(1) and  a;logn = o(1) for every v > 0,
and, for every € > 0, there exists C,,(€) > 0 such that
PVn>1,|fulloec < C(e)ay] > 1 —e..
Suppose further that there
log Nyj(u, F, o) S u? for some p > 0.
Then
VM, (f) = o(1) as.

Proof of theorem 7.12. Let ¢ > 0, and let C'(¢) as in the conditions of the theorem, and introduce
the event

&i(€) ={"n > 1, || falle < Cle)an}.
Observe that under & (¢€), for every n > 1,
VM, (fn) <sup {VaM,(f) - f € F, || fallse < Cl€)an} -

We now bound with high probability the supremum in the right-hand side above, for every n. Let
= log(e/(n(n + 1))). From theorem 7.11, with probability at least 1 — ¢/(n(n + 1)),

Sup{\/ﬁMn< f € ]: ||fn||oo < C an} < @Z)n € an,xn)

with
C(e)an 1 2
U (€, an, xy,) :=C(€)a, + logn/ uw P du + (C(e)an)_p< ogn)
C(e)an \/ﬁ
NG
(€)an+/log(n(n + 1)/€)logn + Cle)an log(n(n + 1)/¢)(logn)>.
NZD
Therefore, from a union bound,

P [3n 2 1WaM,(fa) > ale, an, )] <PE(€)] + Z D)

<2e.

Since, for every ¢ > 0, condition 7.12 implies that ¢, (¢, a,,, z,,) = o(1), the above implies that,
Ve >0, P [lim VM, (f) = o] < e,
n—oo

which, by letting e — 0, implies the wished claim. [
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Discussion of the supremum norm convergence requirement. As we pointed out in the main
text, it might appear surprising at first that even though our Donsker condition involves the entropy
w.r.t. the o norm, which is an L, norm, we do need convergence in sup norm of (f,),>1.

The reason why this is the case can be understood from the expression and conditions of our
maximal inequality for weakly dependent empirical processes, theorem 7.11 from the previous
subsection. Recall that this result tells us that, under mixing conditions, given a class of functions
F such that sup;czo(f) < r, and sup;cz || fllc < M, for some M,r > 0, then for any 7~ >
M /+/n, it holds with probability at least 1 — 2e~* that

_ logn [T r  (logn)*Mz
M, (f) < log(1 + Ni(e, F, o)de + 11 - S e AT
?61;) (f) <r 4+ NG r\/og( + Nyy(e, F,o)de +r ogn\/;—l— - ( )

where M, (f) = n 'Y, f(X;) — Ef(X;). Suppose that we want to prove an asymptotic
equicontinuity result of the form M, (f,) = op(n~'/?) for a certain sequence (f,),>1, while only
assuming that o( f,,) = op(1) and not making any assumptions on (|| f,,||oc)n>1. Then, as n — oo,
we can bound M,,(f,,) with high probability by the supremum of M, (f) over subsets of F with
o radius arbitrarily close to zero. This allows us to bound M, (f,,) with high probability by the
right-hand side above with the upper bound r of the entropy integral arbitrarily close to zero. Un-
fortunately, letting the upper bound of the entropy integral converge to zero isn’t enough to make
the expression converge to zero faster than n~'/2. Indeed, since the term 7~ needs to be at least as
large as M/+/n, with M an upper bound on the || - || radius of the class over which we take the
supremum, we need to be able to let M get arbitrarily close to zero with high probability to make
the RHS of (7.10) go to zero faster than n~'/2. This explains why, given our maximal inequality
(7.10), we need to control (|| fulloco)n>1-

That being said, one might still wonder why in our maximal inequality the lower bound ~ of
the entropy integral needs to be larger than M/+/n, thus making us pay an approximation error
price r~ > M/+/n. The reason is that we obtain our result by applying a chaining device to
the following deviation bound Merlevede et al. [2009] for fixed f. Under exponential c-mixing
(condition 7.22) and finiteness of the sum of p-mixing coefficients, if || f|| < M, their result gives
that

ZE2
P [VaM,(f) > 2] 5 exp (—UW T Mw;ﬁgnP) , (7.11)

Compare this with the usual Bernstein inequality i.i.d. random variables:

P [v/nM,(f) = z] < exp ( $—2>

13, + 2

While the i.i.d. Bernstein inequality implies that /nM,(f) scales as the Ly norm || f| p2 (as long
as the ratio || f||2.p/]| fllcc 2 1/+/n), the concentration bound for mixing sequences implies that it
scales as o(f) + || f|ls/+/n. In the chaining argument, we consider ¢;-bracketings in || - ||2,» norm
in the i.i.d. case, and in o norm in the weakly dependent case, with €; = 7277, for increasingly
large j, where j has the interpretation of the depth of the chains.
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Let us first discuss chaining in the i.i.d. case, and in the case where we want to obtain a bound
on Epy/nsup;cr My,(f) (as opposed to obtaining a high probability bound on sup . M, (f),
which is slightly more technical). Denote {[\; s, v;x] : k& € [N;]} the €;-bracketing of F used in
the chaining device. The contribution of depth j to the final bound on Ep+/nsup;cx M, (f) is a
supremum over links A; , — A;_1  between depths j and j — 1, which can essentially be bounded,
using Bernstein’s inequality, by

sup_ [Agk = Agrallay/log Ny(e, F I+ 1) S e5/log Ny e, F |- [l a).

k€[N;],k€[N;—1]
(To be rigorous, the bound obtained from Bernstein’s inequality has another term, but in adaptive
chaining, we choose the maximal depth of the chains so that this term is no larger than the first one

above). By contrast, in the weakly dependent case, the concentration bound (7.11) gives that the
corresponding contribution is bounded by

M
< sup U()\j,k - Aj_lvk) + %> \/log N[](Ej,f, U)

k‘E[Nj],kG[Njfl]

M
S (éj + %) \/logN[](ej7F,o).

A consequence of this is that when the depth j of the chain is such that ¢; < M/\/n, then the
term M /\/n becomes the main scaling factor. It can be checked that as result of this, the sum of
these bounds diverges as j — oo. This is why in our chaining decomposition, we impose that our
chains must have depth no larger that .J such that ¢; > M /y/n. This gives us a bound involving
an entropy integral with lower bound €; and an approximation error y/ne .

7.C.3 Exponential deviation bound for empirical risk minimizers

Let ¢ be a functional defined on RY, the space of functions X — R, such that, for every R, /(f)
is a function X — R. We call / a loss function. For every f : X — R, we define the population
risk and the empirical risk as

Raf)i= S BN and  Ru(f) = 5 S UNXD).

Let f,, be an empirical risk minimizer over F, that is an element of JF such that

and f* € F be a minimizer of the population risk, that is a function such that
*) = inf :
B(f7) = inf Bu(f)

In this section, we give exponential bounds on the excess population risk R,,(f,) — R,(f*), and
on the norm o(f — f*). We rely on the following assumptions.
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Assumption 7.26 (Variance bound). For every f € F, o*(L(f) — £(f*)) S (Ru(f) — Ru(f*)).

Assumption 7.26 can be checked in common settings, such as in non-parametric regression
settings when / is the square loss and the dependent variable has bounded range.

Assumption 7.27 (A power of o dominates || - ||« over £(F)). There exists o € (0, 1) such that,

forall f € F, |[6(f) = £(f)llee S (a(€(f) — £(F7)))"

Assumption 7.28 (Excess risk dominates norm of difference). Suppose that o*(f — f*) < R (f)—
R, (f*) forevery f € F.

Assumption 7.27 holds for instance if all functions in ¢(F) are all L-Lipschitz for the same L,
as formally presented in lemma 7.4.

Assumption 7.29 (Entropy). There exists p € (0, 2) such that
log Njj(e,€(F),0) Se?.

Theorem 7.13 (Exponential deviation bound for ERM). Suppose that F is a convex set, and that
( is convex on F. Suppose that assumptions 7.22, 7.23, 7.26, 7.27, 7.28 and 7.29 hold. Let

5. r®  log R N (log n)zrafp

T =+ —
" \/ﬁ+\/ﬁ n ’

and let v, > 0 such that 12 /3 = ¢,(r,,) (there exists such an r,, from lemma 7.7 applied to 3¢,).
Let v > 0 such that

1
__ 1 3 2—a
rz max{n 2<1“),7“n,\/§10g”\/§> (logn) == (—x) }
n n

Then, with probability at least 1 — 2e™*, R, (f,) — Ro(f*) <r?and o(f, — f*) S

~Y

The proof of 7.13 is a relatively straightforward adaptation of the proof of lemma 13 in Bartlett
et al. [2006]. It relies on the following two intermediate lemmas

Lemma 7.7. Let ¢ : (0,00) — Ry such that r — ¢(r)/r is strictly decreasing on (0, 00) and
lim, o+ ¢(r)/r > 1. Then, there exists a unique 7, € (0,00) such that r? = ¢(r.), and for any
r € (0,00), 2 > ¢(r) if and only if r > 1*.

Lemma 7.8. Suppose that the assumptions of theorem 7.13 hold and let r,, and r be as defined in
theorem 7.13. Then, there exists a constant C' > 0 such that, for any x > 0,

P [sup {M,(C(f) = €(f*)) : f € F,Ru(f) — Ru(f*) <17} > Cr?] < 2e7°.

Proof of lemma 7.7. The claim follows directly from the fact that, since both r — ¢(r)/r and
r — 1/r are strictly decreasing on (0, 00), 7 — ¢(r)/r? is also strictly decreasing on (0, 00). [
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Proof of lemma 7.8. From assumption 7.26,

P [sup { M (6(F) = (/) = f € FLRu(f) = Rulf*) <72} 2 17]
<P [sup {M(0(f) — ((f*) : | € Foo(t(f) = 6(£*) S} 207 7.12)

Under assumption 7.27, || M, (¢(f) —
((f*)) < r. Therefore, since r > n~ /0
r~ =r®/y/n, we have that

Plsup {M,(€(f) = €(f7) - f € Foo(l(f) = €(f7) S} L ¥nlr, )] < 2e77,

f oo S r™ for any f € F such that o(¢(f) —
~)_implies r > r*n~'/2, applying theorem 7.11 with

with
(07 1 T l 2
1pn(r7 x) ;:% + (i/gﬁn iufp/2du+ (Oin) rop
un
+ rlog n\/E + r%(log n)af.
n n

Observe that

Un(r,z) < ¢n(r) + rlog n\/g—i- r*(logm)*—. (7.13)

SR

From the definition of r in the statement of theorem 7.11, we have r > r,,, which from lemma
7.7 implies that 72/3 > ¢, (r). We also have r?/3 > rlogny/z/n, and r?/3 > r*(logn)z/n.
Therefore, r? > 1, (r, x). Therefore, from (7.12) and (7.13), we have

P [sup {M(€(f) = €(f)) : f € Foa(l(f) = £(f)) Sy 2]
<P [sup {My(C(f) = €(f7))  f € Fro(l(f) = €(f7)) S 7} 2 ¥l )]

<2e7".

O

Proof of theorem 7.13. From the convexity of F and the convexity of ¢ on F, the following asser-
tion holds for every r» > 0:

3f € F. Rulf) = Ra(f7) < 0and Ry(f) = Rulf7) 2 1
implies that

3f € F, Rulf) = Rulf*) < 0and Ry (f) = Ru(f") = 1.
Using this fact, and the fact that by definition of f,,, }A%n( fn) — ﬁn( f*) <0, we have

P [én(fn) - /Rn(f*) > 7“2]
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~—
v
<
[\
1

SP [Elf € -7:7 En(f) - En(f*) < 0 and Rn(f) - Rn(f*
<P [3f € F.Rulf) ~ Ralf?) < 0and Ro(f) — Ralf") = 1°]
<P [sup (M ((f) = €(f)) : | € F, ol0(F) = €(f"))

<2e7"

L—

N
=
—
AV
<
I_lw

from lemma 7.8 O]

7.D Proofs for the analysis of the TMLE

7.D.1 Proof of lemma 7.3 on the stabilization of the variance of the EIF

Proof of lemma 7.3. It is immediate to check that DT7 ~(qo) and DOm’ w are centered, and therefore
Var (Drn(go) (L(t, 1), C(t, 1)) =] Dr,x(q0) 13,4010,
Var (DO,OO,N(Lom Ooo)) :||D07001N||§7q07h0,oo,N .
‘We have that
HDT,N(QO) HZQO,ho,t,i - ||D07007N”27q07h0,oo,N

:”DT,N(QO) H27q07h0,t,i - HDU,OOJVHZQO,ho,t,i

+ ||D07007N||27q07h0,t,i - ||D07007N||27q07h0,oo,1\7'

We first start with the first term. We have that

‘ |LDT,N(QO) ||2,go,h0,t,i - ||D07007N||27q07h0,t,i
<||Dzr.n(90) = Do,co,N l|2,90,h0,0.:

T N 1 1 B
< = — he . Dl
; ; hO,T,N h0,00,N 2ho..s H 0,5,j°755 ( )HOO
1 1
<2BepT ||= _
hO,T,N h0,00,N 2’h0,t7i

=o(1).

The third line above follows from the triangle inequality. The fourth line above is a consequence
of lemma 7.1. The fifth line follows from assumption 7.11.
We now turn to the second term. We have that

’|D07007N||§7q0,h07t’i - ||D0700»NH§7QOJ'L()7007N
=E [Df oo n(L(t,1), C(t,9)] — E [D§ s v (Los, Ccc)]
— 000,

since, from assumption 7.12, ((L(t,), C(t,1)) = (Leo, Cwo)), and Dy o v is a bounded continuous
function. ]
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7.D.2 Proof of the weak convergence of the martingale term

Proof of 7.6. Order the couples (¢,7) as (1,1),...,(1,N),...,(T,1),...,(T, N), and let (¢(k),
i(k)) be the k-th couple in this ordering. Let

Dr(q0) (X (t(k), i(k))
UO,oo,N\/m '

Observe that under assumptions 7.9, 7.10, from lemma 7.2, || D7y (qo)||se < C, for some C' < oo
that does not depend on V.

Therefore, assumption (7.5) in theorem 7.5 is trivially checked. Let us now turn to assumption
(7.6). First, observe that, as E[Z} ;] = Varg, ny . .0 (D1 (00) (X (t(k),i(k)) /(TNog o, n), We
have that N TE[Z,?}TN] — 1 as k — oo, and therefore, by Cesaro’s lemma for deterministic
sequences of real valued numbers,

Zp TN =

|zT'N|
> ElZ iy = .

k=1

We now need to show that Vyy(x) := ]EﬂiNJ Z? TN converges in probability to its mean as

T — o0. We proceed by taking the variance of VTN(a:) and showing that it converges to zero,
which, by Chebyshev’s inequality will give us the wished result. We have

[xNT]
Var(Vry (z Z Var(Z; 1) Z Cov(Zi, rn+ Ziy )
1<k1<k2§LxNTJ
|[eNT| |zNT|

SaNT||Ziewlio + Y. D 1 Zuanllieo (X (#(k), (k) X (t(k2), i(k2))

k1=1 ko=ki1+1
C4
<eNT g (1 +o(NT))
(TN) 99 ,00,IN
:O( 1) )
where the third line follows from assumption 5. By Chebyshev’s inequality, we thus obtain that

l[xNT|

Z Zk TN — Zk,TN} — 0,

which implies that (7.6). This concludes the proof. [

7.E  Proof of the exponential deviation bound for nuisance esti-
mators

Proof of theorem 7.9. Most of the work in this proof is to check the conditions of our generic
theorem 7.13 for empirical risk minimizers, in particular the variance bound (assumption 7.26, the
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assumption connecting the || - ||, norm to the norm o (assumption 7.27), and the entropy bound. In
doing so, we follow closely the techniques presented in section 3.4.1, chapter 3.4 of van der Vaart
and Wellner [1996] for the analysis of maximum likelihood estimators.

Notation. We introduce the alternative loss

Lae.0)i= 1o (%01 9

the corresponding empirical and population risks
1 o~ ~ o~ ~ ~
== 0@ C(Hk).00)  and  Ron = Z qohk[n C(k), 0k .
=1 =1

For any ¢ and any two conditional densities ¢;(- | ¢) and ¢;(- | ¢), we introduce the conditional
Hellinger distance:

H(q,q2 | c) = (/ <\/CI1 0,c) \/Q2(070)>2d0>1/2-

For any marginal density h : C — R, and any two ¢; and ¢o, we define the conditional Hellinger

distance integrated against h:
(@1, g2) = (/H q1, G2 | ¢)h(c)d )

We further define

Ho(g1,92 | ¢) =H(g1 + g2+ g | ©) and  Hpn(q1,q2) = Ho(qr + Gns @2 + @n)-

For a conditional density ¢(- | ¢), a positive number number p > 1, let, forany f : O x C — R,

Mo = ([ 17060 a0 i)

) 1/2
and || f(- | ¢)ll,010.5 (ZW> |

p>2

be the L, norm, and the so-called Bernstein “norm” ! with respect to (- | ¢).

Mt is not actually a norm, but this doesn’t matter for what follows.
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Checking the entropy condition. We have that
2

En(Ql) - g?"L(QQ)('v C)

qo(~|c)72
2

l(q1) — £n(g2)(:, ¢)

SHE(QD% | c)

:/ (\/Q1 +Z:LJ_F€\I;Q2 +Qn>2(0 | c)do
5/(% —q2)*(0 | c)do.

The inequality in the third line above is proven to hold under assumption 7.19 in section 3.4.1
of van der Vaart and Wellner [1996]. The last line follows assumption 7.18. _

Let po be the Lebesgue measure on O. Integrating the previous inequality against h;, and
recalling the definition of o, we have that

(142p) %0 (Zn(‘h) — Zn(qQ)) 1= sup

i>1

Ssigrf lan = a2l 7, 2

<

qo(+|c),B

l(q1) — ln(q2)

q0,h;,2

§||CI1 - Q2Hu,2,

where the last inequality follows from assumption 7.20. Therefore, denoting /,(Q) := {/,(q) :
q € Q}, we have that

log Njj(e, 6,(Q), o) Slog Nyj(e, Q, La(y1))
e tlog(1/e))X4D,

where the last inequality is the claim of proposition 7.1.

Checking the variance bound condition. The first claim of theorem 3.4.4 in van der Vaart and
Wellner [1996] asserts that

H(0.0:19) 5 [ (B0) = Tala) (c.onlo] e)do
In section 3.4.1 of van der Vaart and Wellner [1996], the authors also show the following claim,
which we transpose to our notation:

| (Buta) = Tulan)) ()

< H*(q,q, | ©).
s S (¢:qn | ©)

Therefore, putting the previous two inequalities together, integrating w.r.t. h,, and recalling the
definition of Ry ,,, we have that

gn(Q) - gn(Qn) 5 EO,n(Q) - EO,n(Qn)-

q0 777177. 2
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Using assumption 7.21 then yields that

U2(Q7 qn) SJ Ro,n(q) - EO,“(Q")?

which is the wished variance bound condition.
Checking assumption 7.27. Lemma 7.4 gives us that assumption 7.27 holds for « = 1/(d + 1).

Upper bounding the rate of convergence. We calculate r,, defined in theorem 7.13. Observing
that, from lemma 7.1, it holds for any v > 0 that log Njj(¢, Q,0) < ¢~ 14) we have

Fa r (logn)?
1
¢n(r) = —= +logn I

vn v n

For d > 2, v small enough, and n large enough, it is straightforward to observe

T 2 g (n ),

which, from lemma 7.7 implies that r, < n~i2. We have thus checked the assumptions of
theorem 7.13 and shown that r,, is upper bounded by the wished rate, which implies the claim. []

7.F Proof of the type-I error guarantee for the adaptive stop-
ping rule (theorem 7.10)

Proof of theorem 7.10. Under H, we have that \II(POT ’N) = (. That the procedure rejects is there-
fore equivalent to the following event:

I T,N
T _<‘I’T,N—‘I’(Po’ ))
T e [tOTmaxa Tmax]a TN

Tmax 00,00,N

= T,N
T (qJT,N — v (r ))
- ElT S [tOTmaxa Tmax]> V TmaxN

Tmax 00,00,N

€ [£aa(T/Tmax)]

€ [£aa(T/Tay)]

“T’tTmax,N — ‘I’(PST’“MN)‘

=< sup t\/TmaxN

<1
te(to,1] 00,00,N Qe (t>

Let ¢ be the function defined on the set D([0, 1]) of real-valued cadlag functions on [0, 1] by

5i fs sup O

tefto1] Galt)
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For ([as(t) : t € [0,1]) to be an (1 — «) joint confidence band for (W (t) : ¢t € [0,1]), each
[£a,(t)] must contain W (¢) with probability at least 1 — v, and therefore, for every t > ¢,, we must
have a,(t) > \/toG1—a 2, Where q1_, 2 is the 1 — /2 quantile of the standard normal. Therefore,
the denominator in the definition of ¢ remains uniformly in ¢ bounded away from 0, thus ensuring
that ¢ is continous w.r.t || - ||, and bounded.

Therefore, from the fact that,

{t Toue N (@N,T _ \II(POT’N)> Lt € [to, 1]} 4w,

by definition of weak convergence, and continuity and boundedness of ¢ as a mapping (ID([0, 1]),
I-ll.o) = (R, |- ]), we have that

~

’\IltTma)wN - W(PSTH]&X’N) ‘
<1

Iim Py | sup t\/TmaxN

Tmax—00 te[t071] O-O,OO,Na/O((t) o
W (t
_p | swp Wl
t€lto,1] aa(t)
2]- - Q,

where the latter inequality follows by definition of a,, () O
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Chapter 8

Sufficient and insufficient conditions for the
stochastic convergence of Cesaro means

AURELIEN BIBAUT, ALEXANDER LUEDTKE, MARK VAN DER LAAN
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Cesaro means and sequential causal inference. Cesaro means often arise in estimators of sta-
tistical parameters in sequential decision problems. Suppose for instance that we are in the stochas-
tic contextual bandit setting, as presented in subsection 1.2.1, and that we have collected a sequence
of triples context-action-rewards (O(t))cjn) = (X (), A(t), Y (t) )tepr), Where action A(t) is drawn
from policy g;. Suppose we care about estimating and making inference for the value of a counter-
factual policy g*. One valid estimator for this task if the stabilized one-step estimator of Luedtke
and van der Laan [2016]:

where
g'aln) 4 3 3
D _J \"1" N *( 2 I
t(0> gt(a ‘ LU) (y Qt—l(aax)) +a,zlg (OJ ‘ l‘)Qt_l(CL,.’L’),
with @t_l an O(1), ..., O(t — 1)-measurable estimator of the outcome regression function Q(a, x)

=FE[Y(1)| A(1) = a,X(1) = z], and 7, an E)tfl an O(1),...,0(t —1) of
o, := /Var(D,(O(t) | O(1),...,0(t — 1))).

A condition in the analysis of \TJT is the convergence of the Cesaro mean of estimators 7"~ Zthl
ot

Cesaro means also appear in other estimation problems where estimators are computed in an
online fashion, as we illustrate in section 8.2 further down.

Our contribution. We study the stochastic convergence of the Cesaro mean of a sequence of
random variables. We show that establishing a rate of convergence in probability for a sequence
is not sufficient in general to establish a rate in probability for its Cesaro mean. We also present
several sets of conditions on the sequence of random variables that are sufficient to guarantee a rate
of convergence for its Cesaro mean. We identify common settings in which these sets of conditions
hold.

8.1 Introduction

The following fact is well known [Cauchy, 1821, Cesaro, 1888] for deterministic real-valued se-
quences (T, )n>1:

1 n
n’z, = 0forsome f>0 = n’z,:=n"=) 2,0 (8.1)
n i=1
In this note, we investigate the extent to which this kind of result carries over to a sequence (X, ),>1

of random variables defined on a complete probability space (X, A, P). Specifically, we aim to
answer the following questions:
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Question 8.1. Is n’ X, 20 sufficient to ensure that n®X,, := nﬁ% Z?:l X, 502

Question 8.2. Do reasonable conditions on (X,,),>1 imply the convergence of n°X,, in probabil-
ity? almost surely? in mean?

Question 8.3. Does knowing that n® X, satisfies an exponential tail bound imply a similar bound
fornfX,?

Generalizing the deterministic result (8.1) to the stochastic case is important in many statistical
problems that have an online or sequential component [e.g., Luedtke and van der Laan, 2016].
In these settings, X, is often a function of an estimator computed on data available at time n.
For example, X,, may be equal to 0, — By, where 0, is a scalar statistical parameter and 0, is
an estimator of ¢ based on the first n observations. Alternatively, X,, may be an excess risk
R(0,,) — infpce R(0), where R a risk function and © is an indexing set.

Guarantees for estimators are generally stated in terms of some form of stochastic convergence,
where the type of convergence established varies depending on the setting. For example, results
for empirical risk minimizers (also called minimum contrast estimators or M-estimators) have been
given in terms of rates in probability [e.g., van der Vaart and Wellner, 1996] and exponential tail
bounds on excess risks [e.g., Bartlett et al., 2005, 2006]. Convergence rates for kernel density and
kernel regression estimators are often given in probability [see e.g. Hansen, 2008], in mean squared
error [see e.g. Tsybakov, 2008], or almost surely [see e.g. Hansen, 2008].

Section 8.3 answers 8.1 in the negative via a counterexample. Section 8.4 answers 8.2 in the
affirmative for convergence in mean, and Section 8.5 similarly answers this question for almost
sure convergence. Since convergence in mean or convergence almost surely imply convergence
in probability, these sections also yield reasonable conditions for the convergence in probability
of n?X,,. Section 8.6 answers 8.3 in the affirmative, and also evaluates the implications of this
finding for empirical risk minimizers.

Whenever we do not make it explicit in the notation, we use the convention that probabilistic
notions are with respect to the measure P. This convention is applied to expectations F, almost
sure convergence, convergence in mean, and L"(P) norms || - ||,. Here we recall that || f]|,
{J|f(w)|"dP(w)}" when r € (1, 00) and that || f||~ denotes the P-essential supremum. We call
the sequence (X ) uniformly bounded if (|| X}, ||o0)n>1 is @ bounded sequence.

8.2 Motivating examples

8.2.1 Online estimator of the Bayes risk in binary classification.

Suppose (X1, Y1),...,(X,,Y,) are n i.i.d. copies of a couple of random variables (X,Y"), with
X a vector of predictors and Y € {—1,1} a binary label. Denote n(x) := Pr(Y =1 | X =
x), and let f,(x) := sign{2n(xz) — 1} be the Bayes classifier. For any classifier f, consider
0(f)(z,y) == 1]y # sign{ f(x)}] the 0-1 classification loss of f, and let R(f) := E{((f)(X,Y)},
the corresponding classification risk. Say we want to estimate the Bayes risk R* := R(f,). Sup-

pose that (ﬁ)izl is an (;);>1-adapted sequence of estimators of the Bayes classifiers f,, where
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H; = o{(Xq, Yl) ., (X;,Y;)} is the filtration induced by the first ¢ observations. Consider the

online estimator R =n 1ty (ﬁ_l)(Xi, Y;) of R*. It can be checked that the following
decomposition holds:

~

Ro= B = -3 ) (X0 ¥) — B AL )XY | Hia} + - S (R - B}

The first average can be easily checked to be O(n~'/2) with high probability via Azuma-Hoeffding.
We would then like to show that the second average is o(n~'/2) in some stochastic sense. It
is known that, under some well-studied assumptions, the individual terms R(ﬁ_l) — R* can be
shown to converge faster than i~ [see, e. g., Audibert and Tsybakov, 2007]. We would like to be
able to prove the same for their average.

8.2.2 Online estimator of the mean outcome under missingness at random.

Consider (X,Y) € R? x {0, 1} to be a random couple, with, for instance, X having the interpre-
tation of an individual’s demographics and Y representing a person’s vote intention. Suppose that
R 1s a third random variable, representing whether a person’s outcome is measured. We observe
iid. copies 71 := (X1, Ry, RiY1), ..., Zy := (Xp, Ry, X3, Y5) of Z := (X, R, RY).

The objective is to estimate V(P) := Ep{Ep(Y | R = 1, X )}, which under some assumptions
(missingness at random of the outcome measurement, and non-zero probability of the condition-
ing event), equals the mean outcome Y across the entire population. Let (Q;);>1, and (g;);>1 be
sequences of (H;);>1-adapted estimators of the conditional missingness probability g : (r,z) —
Prp(R = r | X = x) and outcome regression function Q : (r,z) — Ep(Y | R =, X = x).
Then denoting D(P)(x,r,y) = {g(r, )} r{y—Q(y, )} +Q(1, x) — ¥ (P), the online estimator

=n 1Y " U(P) + D(P,_,)(Z;) admits the following decomposition:

~ ~ 1 < ~

v, Z D(P;_ — Ep{D(P_1)(Z;) | Hi1} + - > Rem(Piy, P),
where Rem(R_l,P) = Ep[{g9(R, X)} {gi_1(R, X) — g(R,X)}{@(R,X) —Q(R,X)} is a
remainder term. If g is uniformly lower bounded over its domain by some § > 0, then the Cauchy-
Schwarz inequality implies that Rem(P,_1, P) < 65— gll2]|Q — Q2. Convergence guarantees
on Rem(PZ 1, P) can therefore be obtained from convergence guarantees on g and Q Analyzing

the online estimator \I/ requires characterizing the stochastic convergence of the average of the
remainder terms.

8.3 An example where n”°X,, converges to zero in probability,
yet n° X, does not

The following counterexample shows that n®X, 2 0 does not generally even imply that
(n®X,)n>1 is uniformly tight, even if the further condition is imposed that the random variables
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(X,,)n>1 are uniformly bounded. Therefore, it is certainly not the case that n° X, 2% 0 implies that
n?X, 20.
Proposition 8.1. For any § € (0,1) and b > 0, there exists a sequence of random variables

1
(X,)n>1 such that (1) n?X,, = 0,(1) and (2) | X,,| < ba.s. for all n, and such that (n®X,,),>1 is
not uniformly tight.

Proof. Without loss of generality, suppose that b = 1. Fix 8 € (0,1) and o € (0, ). For all
n>1letp,, = (2les2n))=e " Consider a sequence of independent random variables (X, ),>1
such that, for all n > 1, X,, ~ Bernoulli(p, ). The definition of (p, ),>1 ensures that for
every k > 1, Xoe—1,..., Xor_q is a block of 2¥~! i.i.d. observations with marginal distribution
Bernoulli(pgr—1 ).

Observe that, for any M > 0, Pr(X,, > Mn~?) = p,, — 0, that is, X,, = op(nfﬁ) holds.
We will show that X,, is not uniformly tight, which implies in particular that it is not true that
X, = O,(n™"). In what follows, we will denote X,, ., := (n2 —n1 +1)7 37 X;.

Fix M > 0 and k£ > 1. For n = 2, we have that

n—1
Pr (X, 1 >n?M) =Pr % > Xizn M | =Pr (X1 > 207" M)

i=n/2

n 1/2 B
=Pr Xn 2mn—1 — Pn/2,a
[{pn/?,a(l - pn/Q,Oé> } ( / / )

1/2

n

> 20 PM — pnioa)l - (8.2)
{pn/Q,a(l - pn/?,a) } ( /% )]

We now use the Berry—Esseen theorem to lower bound the last line in the above display. We have
that, forevery i € {n/2,...,n—1}, E(X;) = pu2.0 E{(Xi = Pn/2.0)*} = Pnj2.a(1 = Pnj2,q), and
E{|Xz - E(Xz)|3} = pn/2,a(1 - pn/2,a)3 + (1 - pn/2,o¢)p§z/2,a
= pn/2,a(1 - pn/2,a) {(1 - pn/Q,a)2 + pi/Z,a}
< pn/2,a(1 - pn/27o¢)~

Hence, E{|X; — E(X;)|?}/var(X;) < 1 forevery i = n/2,...,n — 1. Using the Berry—Esseen
bound, and letting ¢ denote the cumulative distribution function of the standard normal distribu-
tion, we see that

n 1/2
Pr Xn n—1 — Pn/2,a
[{pn/Q,a(l - pn/Q,a) } ( /2 ! /2 )

pn/Q,a(l - pn/?,a

n

1/2 C
>1—-® 2P M — ppjaa)| — —=, 8.3
N [{pn/2,a<1 - pn/2,a) } ( b /2’ )] \/ﬁ ( )
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where C'is a universal positive constant. Noting that p,, 5 o, = (n/2)~%, we see that, for all n = 2*
large enough, pj, /20 <1 /2, and so, for such n,

1/2
{ <1n ) } (@M1 = pujpa) 2 2072 @M — [n/2] ),
Pnj2,a\l = Pn/2,a

and the right-hand side diverges to —oo as n — oo since 0 < o < [ < 1. Hence, the right-hand
side of (8.3) converges to 1 as n — co. Combining this with (8.2) and recalling that (8.2) assumed
that n = 2% shows that Pr(Xys_; > 2 % M) — 1, and so there exists an infinite subsequence (n;,)
of the natural numbers such that Pr()_(nk_l > n;ﬁ M) — 1. As M > 0 was arbitrary, n?X,, is not
uniformly tight. ]

8.4 Convergence in mean

The following proposition shows that convergence in mean of n” X,, implies convergence in mean
of nfX,,.

Proposition 8.2. Suppose that E(|X,,|) = o(n=?). Then E(|X,|) = o(n™").

Proof. From the triangle inequality, n° (| X,,|) < n® x n=1 3" | E(|X;|). From (8.1) applied
to the deterministic sequence {F(|X;|)}n>1, we have that n® x n=t 3" | F(|X;]) — 0, which
establishes the claim. O

The above proposition can be restated by recalling that, if X,, - 0, then the convergence in
mean of X, to zero is equivalent to the asymptotic uniform integrability of (X}, ),>1 [Theorem 2.20
in Van der Vaart, 2000]. Therefore, the above proposition immediately yields the following corol-

lary.

Corollary 8.1. Suppose that n®X,, = 0 and also that (NP X, )n>1 is asymptotically uniformly
integrable, in the sense that

lim limsup n® E{|X,,|1(n°| X,| > )} = 0. (8.4)

=0 poo
Then, E(|X,]) = o(n™?).
The above can be used to prove the following corollary.

Corollary 8.2. Fixr € (1,00] and let q denote the Holder conjugate of . Suppose that n® X, 50
in probability and that r is such that (|| X,,||;)n>1 is a bounded sequence. If

lim lim sup n®?Pr(n®|X,| > z) = 0, (8.5)

T—00 poo

then E(|X,|) = o(n™").
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Proof. For any 3 > 0 and n > 1, Holder’s inequality shows that n° E{|X,,|1(n?|X,| > 1)} <
n?|| X, ||, Pr(n?|X,| > x)¥4. Since (|| X,||s)n>1 is bounded and z + 27 is continuous at zero,
(8.5) implies (8.4), and so the result follows by Corollary 8.1. ]

In the special case where 5 = 0 and » = oo (and, therefore, ¢ = 1), (8.5) automatically follows
from the condition that X, 2 0. Put another way, if X, 2 0 and (X2)n>1 is uniformly bounded,
then E(|X,|) = o(1).

Observe that, in the context of the counterexample from the proof of Proposition 8.1, Corol-
lary 8.1 (applied with = co) shows that for any 8 < «, X,, = O,(n?).

8.5 Almost sure convergence

Proposition 8.3. If n°X,, — 0 almost surely, then n®X,, — 0 almost surely.

Proof. Let & be the event {n”X,, — 0}. That n°X,, — 0 almost surely means that Pr(£) = 1.
Suppose that & holds. Then, by (8.1) applied to the realization of the sequence (Xn)n>1, we have
that n” X,, — 0. Therefore, Pr(n’X,, — 0) > Pr(€) > 1, hence the claim. ]

Example 8.1 (Uniform almost sure convergence of kernel estimators). Consider (Xi,Y7),...,
(X, Yy,) a stationary sequence of observations with X; € R and Y; € R. For all x, let m(z) :=
E(Yy | X1 = x) and consider the Nadaraya-Watson estimator m,(z) = > . ViK{(X; —
z)/ha}) S K{(X; — x)/h,}, where K : R — R is a symmetric multivariate kernel and h,, is
the bandwidth, which converges to zero. Hansen [2008] gives conditions for uniform almost sure
convergence of M, — m. In particular, for a compact set C C RY, and under the conditions of
[Theorem 9 in Hansen, 2008], it holds that sup, ¢ |, (r) — m(z)| < O((log n/n)*4*4) almost
surely.

We now present two corollaries of Proposition 8.3 that provide sufficient conditions for n’ X,
— 0 almost surely, and therefore for n® X,, — 0 almost surely. Like Corollary 8.2, the first imposes
a bound on the tail of n?X,,.

Corollary 8.3. Suppose that, for any x > 0, there exists a(x) > 0 such that Pr(nfX, > ) =
O(n=1=%@), Then, n?X,, — 0 almost surely.

Proof. For z > 0 and n > 1, define the event £(n, z) := {n°X,, > z}. Because Pr{&(n,z)} =
O(n~172@®), there exists a constant C' < oo such that >_°°  Pr{&(n,z)} = C >°>7 n~172@) <
oo. Hence, by the Borel-Cantelli lemma, Pr{limsup, £(n,x)} = 0. As z > 0 was arbitrary,
Pr{N, limsup,, £(n, 1/k)} = 0, which implies that n° X,, — 0 almost surely. The result follows
by Proposition 8.3. U

The second corollary works in the setting where (X,,),,>1 is an adapted process. The corollary
imposes a condition that is considerably weaker than the requirement that n®|X,,| almost surely
converge to zero, but, in the case where 5 > 0, is stronger than the condition that |X,,| is a
supermartingale. In the case where § = 0, the imposed condition is equivalent to requiring that
| X, is a supermartingale.
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Corollary 8.4. Suppose that (X,,),>1 is a sequence of random variables that is adapted to the
filtration (H,,)2,, that n°X,, 5 0, and that

(1+1/n)°E(|Xpa| | Ha) < |X,| foralln > 1. (8.6)
Under these conditions, n®X,, — 0 almost surely.
Proof. Let Y, := n?|X,|. Eq. 8.6 imposes that (Y},)>>, is a supermartingale adapted to the filtra-
tion (#,)5°,. Since |X,,| is nonnegative, E[Y, ] = 0 < oco. Hence, by Doob’s martingale con-
vergence theorem, Y, converges almost surely to a random variable Y. Moreover, since Y,, 20,

it must be the case that Y, = 0. Hence, Y,, — 0 almost surely. Proposition 2 then gives the
result. H

Since 1 +1/n < exp(1/n) for all n, the above corollary remains true if (8.6) is replaced by the
condition that exp(3/n)E(| X 41| | Hn) < | X,| for all n.

8.6 Exponential deviation bounds

The following result shows that if X, satisfies an exponential deviation bound, then X,, also satis-
fies such a bound.

Proposition 8.4. Suppose that (X,,),>1 is a sequence of random variables, for which there exists
Co>0,C1,Cy>0,6€(0,1), and v € (0,1/5), such that, for any x > 0 and any n > 1,

pr (Xn > Con P + x) < Ch exp(—Cona?).

Let § € (B, min(y~1,1)). Then, there exists a constant Cy > 0 depending only on the constants of
the problem (Cy, Cy, Cs, 8,7, and d), such that, for any y > 1, it holds that

5 C 3
pr (Xn > 1 _Oﬁn_ﬁ + ﬁn_ay) < Cyn”exp {—ana(l_“”y“/} ,

with a := (1 —0)/{y(1 = §) + (1 —~9)}.

We defer the proof of the above result to the end of the current section.

Empirical risk mininizers are a common type of estimators for which the excess risk satisfies
an exponential tail bound, as the following example shows. This example is a weakened version
of Theorem 17 in Bartlett et al. [2006].

Example 8.2. Suppose that (X1,Y1),...,(X,,Y,) are iid. copies of a a couple of random
variables (X,Y) taking values in X x ). Consider a class of functions F defined as F =
Babsconv(G), for some constant B > 0, and function class G C {+1}%, where absconv de-
notes the absolute convex hull (or symmetric convex hull). Let { be a loss on F, that is, a
mapping defined on F, such that for all f € F, ((f) is a mapping X x Y — R. For any
f, let R(f) = E{l(f)(X,Y)}. Let ]?be an empirical risk minimizer over F, that is, f €
argming.zy 1 L(f) (X, Yi). Let f* € argmingcz R(f), a minimizer of the population risk
over F. Suppose that the following conditions are met.
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Condition 8.1. There exists L > 0 such that, for any x,y € X x Y, and any fi1, f» € F,
1) (2, y) = U(f2) (@, y)| < [fi(2) = fo(@)].

Condition 8.2. There exists ¢ > 0 such that, for any f € F, E[{((f)(X,Y) —£(f*)(X,Y)}?] <
AR(f) = R(f)}-

Condition 8.3. It holds that dyc(F) < d, for some d > 1, where dy ¢ is the Vapnik-Chervonenkis
dimension.

Then, it holds that, for any © > 0,

~

Pr {R(f) — R(f*) > Cyn~4D/(2d+2) 4 ZE} < exp(—Cinx),

for some Cy, Cy > 0 depending on the B, L, and c.

Remark 8.1. Observe that the bound from Example 8.2 above is of the form Pr(X,, > Con™" +
x) < Cyexp(—Cayna?) with By < 1.

The proof of proposition 4 relies on the following lemma.

Lemma 8.1. Suppose that (X,,),>1 is a sequence of random variables, for which there exists
Co>0,01,Cy>0,5€(0,1), and~ € (0,1/p), such that, for any v > 0 and any n > 1,

pr (Xn > Con P + x) < O exp(—Cqnaz?).

Consider 6 € (0, min(y~*,1)). There exists a constant C' that depends only on the constants of
the problem (Cy, Cy, Cy, 3,7, d) such that, for any integer m > 1, and any real number y > 1,

Pr(3k > m+1: Xy > Cok™ + k™) < Cimexp (=Com'™y7).
Proof. Lety > 1. We have that

Pr(3k >m+1: Xy > Cok ™ + k%) <Cy ) exp (—Cok'%y7)

k>m+1
SCl/ exp (—Cle_V‘sy”) dk
Making the change of variable v = k'~7%¢°, we obtain
Pr (Elk: >m+1: X, > C’Ok’/g + k*‘sy) g(jly*v/(l 75)/ eXp(—C’gu)ul/(I*W)*ldu
ml*’\/(Syw

where we denote x := 1/(1 — 7). Observe that k > 1.
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We now prove a general identity for the type of integral that appears in the last line of the
above display. Denote, for any integer ¢ > 1, and real numbers @ > 1, and ¢ > 0, [ (a,c) :=
[ exp(—cu)u?du. By integration by parts, we have that

al q
I,(a,c)= exp(—ca)? + Efq,l(a, c).

Reasoning by induction, we obtain that

a?  qa?! q!
I,(a,c) =exp(—ca) (? + > R s

<q x ¢!max{c™!, ¢~ exp(—ca),

where we have used in the last line that a > 1.
Therefore, denoting Cs := C3(Cy, k) := [k — 1] x [k — 17! max{c™!, ¢~ @1}, we have that

Pr (Elk >m+1:X,>Ck™? + k‘éy) §C’1C’gy_“*’fm,(l_“*’f)['“_113/7(”/”_H exp (—Cgml_wgﬂ)
<C1C3zmexp (—szlﬂéyé) ;
where we have used in the last line that m > 1 and y > 1. O
We now prove proposition 8.4.

of proposition 8.4. Lety; > landy > 1,and let 1 < m < n. From lemma 8.1, we have that, with
probability at least 1 — CC5 exp(—Cayy),

1 1
=3 X = Gk < — Ty, (8.7)
b n

and, with probability at least 1 — C;C3 exp(—Cym!~7y7),

] — 1
~ § Xy —Cok™P < n=%y. (8.8)
n 1—90

k=m-+1

]

Set y; = mU9/7y and m = n®, with a := v(1 — §)/{y(1 — ) + (1 — +5)}. Observe
that these choices are consistent with the conditions y; > 1 and 1 < m < n. We then have that
y] = m!'=%y7 and m'~° /ny, = n~%, which renders equal the right-hand sides in (8.7) and (8.8)
and the corresponding exponential probability bounds. From a union bound, we then have that,
with probability at least 1 — C1Cy(n® + 1) exp{—Cyn®1=70)y7},

l & 2
— Z X, — Cok™P < n_‘sy.
n 1—-9
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We now turn to the first term of X,,. We have that

P <%(X1 - Co) > 1 i 6n5y) < Cyexp (_02(1 _ 6)*’ynl+’y(17(5)y'y) .

Observe that 1 + v(1 — 0) > «(l — ~0). Therefore, there exists C] that depends only on the
constants of the problem (Cy, C1, Cs, 3,7, d), such that, for any y > 1,

1 1 / all—
p (E(Xl —Cy) > - 5n_5y> < O} exp(—Cyn®1=19y7),

Therefore, gathering the previous bounds via a union bound yields that there exists a constant C'y
that depends only on the constants of the problem such that, for any y > 1, with probability at least
1 — Oyn®exp{—Con*1=79y7} X, < Co /(1 — B)n~P +3/(1 — 6)n"%y.

8.7 Conclusion

In this chapter we studied conditions under which the Cesaro means of random variables converge
stochastically. We have shown in particular that almost sure convergence, L; convergence, and
high probability convergence yield the same rate of convergence for the Cesaro means. We also
gave a counterexample of a situation where convergence in probability at a certain rate does not
imply convergence in probability for the same rate of the Cesaro means.

As we pointed out in the introduction, we were motivated to work on the question of stochastic
convergence of Cesaro means are these arise in particular in the study of semiparametric estimators
built from a sequence of nuisance estimators. Fortunately, there exists high probability, almost sure,
or in L, norm convergence guarantees for a wide range of nonparametric estimators we might want
to use for nuisance estimation, as we discussed in our examples.
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