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Abstract

An individualized decision rule (IDR) is a decision function that assigns each individual
a given treatment based on his/her observed characteristics. Most of the existing works
in the literature consider settings with binary or finitely many treatment options. In this
paper, we focus on the continuous treatment setting and propose a jump interval-learning to
develop an individualized interval-valued decision rule (I2DR) that maximizes the expected
outcome. Unlike IDRs that recommend a single treatment, the proposed I2DR yields an
interval of treatment options for each individual, making it more flexible to implement
in practice. To derive an optimal I2DR, our jump interval-learning method estimates the
conditional mean of the outcome given the treatment and the covariates via jump penalized
regression, and derives the corresponding optimal I2DR, based on the estimated outcome
regression function. The regressor is allowed to be either linear for clear interpretation or
deep neural network to model complex treatment-covariates interactions. To implement
jump interval-learning, we develop a searching algorithm based on dynamic programming
that efficiently computes the outcome regression function. Statistical properties of the
resulting I2DR are established when the outcome regression function is either a piecewise
or continuous function over the treatment space. We further develop a procedure to infer
the mean outcome under the (estimated) optimal policy. Extensive simulations and a real
data application to a Warfarin study are conducted to demonstrate the empirical validity
of the proposed I2DR.
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1. Introduction

Individualized decision making is an increasingly attractive artificial intelligence paradigm
that proposes to assign each individual a given treatment based on their observed charac-
teristics. In particular, such a paradigm has been recently employed in precision medicine
to tailor the individualized treatment decision rule. Among all individualized decision rules
(IDR), the one that maximizes the expected outcome is referred to as an optimal IDR. There
is a huge literature on learning the optimal decision rule. Some popular methods include
Q-learning (Watkins and Dayan, 1992; Chakraborty et al., 2010; Qian and Murphy, 2011;
Song et al., 2015), A-learning (Robins, 2004; Murphy, 2003; Shi et al., 2018), policy search
methods (Zhang et al., 2012, 2013; Wang et al., 2018; Nie et al., 2020), outcome-weighted
learning (Zhao et al., 2012, 2015; Zhu et al., 2017; Meng et al., 2020), concordance-assisted
learning (Fan et al., 2017; Liang et al., 2017), decision list-based methods (Zhang et al.,
2015, 2018), and direct learning (Qi et al., 2020). We note, however, all these methods
consider settings where the number of available treatment options is finite.

In this paper, we consider individualized decision making in continuous treatment set-
tings. These studies occur in a number of real applications, including personalized dose
finding (Chen et al., 2016) and dynamic pricing (den Boer and Keskin, 2020). For instance,
in personalized dose finding, one wishes to derive a dose level or dose range for each patient.
Due to patients’ heterogeneity in response to doses, it is commonly assumed that there may
not exist a unified best dose for all patients. Thus, one major interest in precision medicine
is to develop an IDR that assigns each individual patient a certain dose level or a specified
range of doses based on their individual personal information, to optimize their health sta-
tus. Similarly, in dynamic pricing, we aim to identify an IDR that assigns each product an
optimal price according to its characteristics to maximize the overall profit.

In contrast to developing the optimal IDR under discrete treatment settings, individu-
alized decision making with a continuous treatment domain has been less studied. Among
those available, Rich et al. (2014) modeled the interactions between the dose level and co-
variates to recommend personalized dosing strategies. Laber and Zhao (2015) developed a
tree-based method to derive the IDR by dividing patients into subgroups and assigning each
subgroup the same dose level. Chen et al. (2016) proposed an outcome-weighted learning
method to directly search the optimal IDR among a restricted class of IDRs. Kallus and
Zhou (2018) and Chernozhukov et al. (2019) evaluated and optimized IDRs for continu-
ous treatments by replacing the indicator function in the doubly-robust approach with the
kernel function, and by modeling the conditional mean outcome function (i.e., the value)
through a semi-parametric form, respectively. Zhu et al. (2020) focused on the class of
linear IDRs and proposed to compute an optimal linear IDR by maximizing a kernel-based
value estimate. Schulz and Moodie (2020) proposed a doubly robust estimation method for
personalized dose finding. Zhou et al. (2021) proposed a dimension reduction framework
for personalized dose finding that effectively reduces the dimensionality of baseline charac-
teristics from a high to a moderate scale. The estimated optimal IDRs computed by these
methods typically recommend one single treatment level for each individual, making it hard
to implement in practice.

The focus of this paper is to develop an individualized interval-valued decision rule
(I2DR) that returns a range of treatment levels based on individuals’ baseline information.
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Compared to the IDRs recommended by the existing works, the proposed I12DR is more
flexible to implement in practice. Take personalized dose finding as an illustration. First,
interval-valued dose levels may be applied to patients of the same characteristics, when an
arbitrary dose within the given dose interval could achieve the same efficacy. Studies of
the pharmacokinetics of vancomycin conducted by Rotschafer et al. (1982) suggested that
adults with normal renal function should receive an initial dosage of 6.5 to 8 milligrams
of vancomycin per kilogram intravenously over 1 hour every 6 to 12 hours. In the review
of Warfarin dosing reported by Kuruvilla and Gurk-Turner (2001), when the international
normalized ratio (INR) approaches the target range or omits dose, they suggested giving
1-2.5 milligram vitamin K1 if a patient has a risk factor for bleeding, otherwise provide
Vitamin K1 2-4 milligram orally. Second, in cases where the available dose levels are lim-
ited, recommending a single dose is not practical. The proposed interval-valued dose rule
gives more options. Based on the proposed interval, the decision maker can select the most
appropriate dose by taking some other factors (e.g., patient affordability or side effects)
into consideration. Third, a range of doses gives instructions for designing the medicine
specification and helps to save costs on manufacturing dosage. Finally, many medical appli-
cations including treating chronic disease (Flack and Adekola, 2020) and radiation therapy
for cancer (Scott et al., 2017) prefer optimal dose interval recommendation.

Our contributions are summarized as follows. Scientifically, individualized decision mak-
ing in a continuous treatment domain is a vital problem in many applications such as pre-
cision medicine and dynamic pricing. To the best of our knowledge, this is the first work
on developing individualized interval-valued decision rules. Our proposal thus fills a crucial
gap, extends the scope of existing methods that focus on recommending IDRs, and offers a
useful tool for individualized decision making in a number of applications.

Methodologically, we propose a novel jump interval-learning (JIL) by integrating per-
sonalized decision making with multi-scale change point detection (see Niu et al., 2016, for
a selective overview). Our proposal makes useful contributions to the two aforementioned
areas simultaneously.

First, to implement personalized decision making, we propose a data-driven I2DR in a
continuous treatment domain. Our proposal is motivated by the empirical finding that the
expected outcome can be a piecewise function in the treatment domain in various applica-
tions. Specifically, in dynamic pricing (den Boer and Keskin, 2020), the expected demand
(outcome Y of interest) for a product has jump discontinuities as a function of the charged
price (action A) and baseline information such as income (covariates X). In other words,
a small price change will lead to a considerably different demand given fixed covariates.
In these applications, it is reasonable to impose a piecewise-function model for the out-
come regression function. We then leverage ideas from the change point detection literature
and propose a jump-penalized regression to estimate the conditional mean of the expected
outcome as a function of the treatment level and the baseline characteristics (outcome re-
gression function). This partitions the entire treatment space into several subintervals. The
proposed I2DR is a set of decision rules that assign each subject to one of these subintervals.
In addition, we further develop a procedure to construct a confidence interval (CI) for the
expected outcome under the proposed I2DR and the optimal IDR.

Second, we note that most works in the multi-scale change point detection literature
either focused on models without covariates, or required the underlying truth to be piece-
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wise constant (see e.g., Boysen et al., 2009; Frick et al., 2014; Fryzlewicz, 2014, and the
references therein). Our work goes beyond those cited above in that we consider a more
complicated (nonparametric) model with covariates, and allow the underlying outcome re-
gression function to be either a piecewise or continuous function over the treatment space.
To approximate the expected outcome as a function of baseline covariates, we propose a
linear function model and a deep neural networks model. We refer to the two procedures as
L-JIL and D-JIL, respectively. Here, the proposed L-JIL yields a set of linear decision rules
that is easy to interpret. See the real data analysis in Section 6 for details. On the contrary,
the proposed D-JIL employs deep learning (LeCun et al., 2015) to model the complicated
outcome-covariates relationships that often occur in high-dimensional settings. We remark
that both procedures are developed by imposing a piecewise-function model to approximate
the outcome-treatment relationship. Yet, they are valid when the expected outcome is a
continuous function of the treatment level as well.

Theoretically, we systematically study the statistical properties of the jump-penalized
estimators with linear regression or deep neural networks. Our theoretical approaches can
be applied to the analysis of general covariate-based change point models. The model
could be either parametric or nonparametric. Specifically, we establish the almost sure
convergence rates of our estimators. When the underlying outcome regression function is
a piecewise function of the treatment, we further derive the almost sure convergence rates
of the estimated change point locations, and show that with probability 1, the number of
change points can be correctly estimated with sufficiently large sample size. These findings
are nontrivial extensions of classical results derived for models without covariates. For
instance, deriving the asymptotic behavior of change point estimators for these models
typically relies on the tail inequalities for the partial sum process (see e.g., Frick et al.,
2014). However, these technical tools are not directly applicable to our settings where deep
learning is adopted to model the outcome regression function. Moreover, we expect our
theories to also be of general interest to the line of work on developing theories for deep
learning methods (see e.g., Imaizumi and Fukumizu, 2019; Schmidt-Hieber et al., 2020;
Farrell et al., 2021).

The rest of this paper is organized as follows. In Section 2, we introduce the statisti-
cal framework, define the notion of 12DR, and posit our working model assumptions. In
Section 3, we propose the jump interval-learning method and discuss its detailed imple-
mentation. Statistical properties of the proposed I2DR and the estimator for the mean
outcome under the proposed I2DR are presented in Section 4. We further develop a con-
fidence interval for the expected outcome under the estimated I2DR. Simulation studies
are conducted in Section 5 to evaluate the finite sample performance of our proposed
method. We apply our method to a real dataset from a Warfarin study in Section 6,
followed by a concluding discussion in Section 7. All the proofs are provided in the supple-
mentary article. An R package implementing our proposed I12DR is available on CRAN at
https://cran.r-project.org/web/packages/JQL/index.html.

2. Statistical Framework

This section is organized as follows. We first introduce the model setup in Section 2.1. The
definition of I2DR is formally presented in Section 2.2. In Section 2.3, we posit two working
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model assumptions for the expected outcome as a function of the treatment level. We aim
to develop a method that works under both working assumptions.

2.1 Model Setup

We begin with some notations. Let A denote the treatment level assigned to a randomly
selected individual in the population from a compact interval. Without loss of generality,
suppose A belongs to [0,1]. Let X € X be that individual’s baseline covariates where the
support X is a subset in R?. We assume the covariance matrix of X is positive definite. Let
Y € R denote that individual’s associated outcome, the larger the better by convention.
Let p(e|x) denote the probability density function of A given X = z. In addition, for any
a € [0, 1], define the potential outcome Y*(a) as the outcome of that individual that would
have been observed if they were receiving treatment a. The observed data consists of the
covariate-treatment-outcome triplets {(X;, 4;,Y;) : i = 1,...,n} where (X;, 4;,Y;)’s are
ii.d. copies of (X, A,Y). Based on this data, we wish to learn an optimal decision rule to
possibly maximize the expected outcome of future subjects using their baseline information.

Formally speaking, an individualized decision rule (IDR) is a deterministic function d(-)
that maps the covariate space X to the treatment space [0,1]. The optimal IDR is defined
to maximize the expected outcome (value function) V(d) = E{Y*(d(X))} among all IDRs.
The following assumptions guarantee the optimal IDR is identifiable from the observed
data.

(Al.) Consistency: Y = Y*(A), almost surely,

(A2.) No unmeasured confounders: {Y*(a):a € [0,1]} L A| X,

(A3.) Positivity: there exists some constant ¢, > 0 such that p(a|x) > ¢, for any = € X and
a € [0,1].

Assumption (A1) requires the observed outcome to be the same as the potential outcome
associated with the observed treatment. Assumption (A2) requires the baseline covariates
to contain enough confounders given that the treatment is conditionally independent of the
potential outcomes. Assumption (A3) requires the propensity score to be strictly positive
for any realization of the baseline covariates. Assumptions (A2) and (A3) automatically
hold in randomized studies. In observational studies, one can estimate the propensity score
from the data to check (A3). Nonetheless, (A2) cannot be verified in general. In addition,
Assumptions (Al) to (A3) are commonly imposed in the literature (see e.g., Chen et al.,
2016; Zhu et al., 2020; Schulz and Moodie, 2020) to guarantee that the outcome of interest
and the optimal IDR are estimable from observed data. In particular, under (A1)-(A3), we
have V(d) = E{Q(X,d(X))} where Q(x,a) = E(Y|X = 2z, A = a) is the conditional mean
of an individual’s outcome given their received treatment and baseline covariates. We refer
to this function as the outcome regression function. As a result, the optimal IDR for an
individual with covariates x is given by arg max,¢o ] Q(z,a). Let VP! denote the value
function under the optimal IDR. We have V' = E{sup,e(o 1] Q(X, a)}.

2.2 I2DR

The focus of this paper is to develop an optimal individualized interval-based decision
rule (I2DR). As commented in the introduction, these decision rules are more flexible to
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implement in practice when compared to single-valued decision rules in personalized dose
finding and dynamic pricing.

We define an I2DR as a function d(-) that takes an individual’s covariates x as input and
outputs an interval Z C [0, 1]. Given the recommended interval Z, different doctors/agents
might assign different treatments to patients/products according to their own preferences.
In practice, the decision maker could take the minimum value, the maximum value, the
mid-point value, or the value uniformly at random. The actual treatments that subjects
receive in the population will have a distribution function IT*(-;x,Z). Throughout this
paper, we assume II*(-;x,Z) has a bounded density function 7*(-;z,Z) for any z and Z.
Apparently, we have [ 7*(a;z,Z)da = 1, for any interval Z and = € X. When (A1)-(A3)
hold, the associated value function under an I2DR d(-) equals

V™ (d)=E ( Q(X,a)m*(a; X, d(X))da) .

d(X)

Restricting d(-) to be a scalar-valued function, V™ (d) is reduced to V(d).

Given the dataset, one may estimate V™ (d) nonparametrically for any d(-) and directly
search the optimal I2DR based on the estimated value function. However, such a value
search method has the following two limitations. First, a nonparametric estimator of V™ (d)
requires specifying the preference function 7*, which might be unknown to us. Second,
even though a nonparametric estimator of V™ (d) can be derived, it remains unknown
how to efficiently compute the I2DR that maximizes the estimated value (see Section 7.2.2
for details). To overcome these limitations, we propose a semiparametric model for the
outcome regression function and use a model-assisted approach to derive the optimal I2DR.
We formally introduce our method in Section 3.

2.3 Working Model Assumptions

In this section, we introduce two working models for the outcome regression function, cor-
responding to a piecewise function and a continuous function of the treatment level.

Model I (Piecewise Functions). Suppose

Q(z,a) =Y qro(@)l(acl) VzeX,aclo1], (1)
Z€ePo

for some partition Py of [0,1] and a collection of continuous functions (gz,)zep,, where
the number of intervals in Py is finite. Specifically, a partition P of [0, 1] is defined as a
collection of mutually disjoint intervals {[ro, 1), [T1,T2), ..., [Tk—1, TK]} for some 0 = 79 <
T <7< - <Trg_1 < Tg = 1 and some integer K > 1. Here, we only require any two
consecutive g-functions to be different. We do not impose any additional constraints. As
commented in our introduction, we expect the above model assumption holds in real-world
examples such as dynamic pricing.

Model II (Continuous Functions). Suppose Q(z,a) is a continuous function of a
and z, for any 2 € X and a € [0, 1].

We aim to propose a new method that works when either Model I (piecewise function)
or Model II (continuous function) holds.
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3. Methods

In this section, we first present the proposed jump interval-learning and its motivation in
Section 3.1. We next introduce two concrete proposals, i.e., linear jump interval-learning
and deep jump interval-learning, to detail our methods in Section 3.2. We then present the
dynamic programming algorithm to implement jump interval-learning (see Algorithm 1 for
an overview) in Section 3.3. Finally, we provide more details on tuning parameter selection
in Section 3.4.

3.1 Jump Interval-learning

We use Model I to present the motivation for our jump interval-learning. In view of (1), any
treatment level within an interval Z € Py will yield the same efficacy to a given individual.
The optimal I2DR is then given by

dert () = argmax gz0(z),
ZePy

independent of the preference function 7*. To see this, notice that

@ e ([ S a0l € D X (X))
dopt( X)IEPO

= E Z qz.0(X)I(dP'(X) € I)/ ™ (a; X, dP'(X))da.

70 aor! ()

For any I2DR d(-), we have [y, ) 7" (a; X, dPY(X))da = Jagoy ™ (a3 X, d(X))da = 1 by
definition. It follows that

VTP = B qro(X)I(d7(X) € T) / ™ (a; X, d(X))da

IeP, d(X)

> / 3" gr0(X)l(a € Ty (a; X, d(X))da = V" (d),

AX) zep,

where the inequality is due to that Q(X,d (X)) = Y 7cp, azo(X)I(dP(X) € I) >
>1ep, 1.0(X)l(a € ) = Q(X,a), almost surely for any a € [0,1]. Therefore, to de-
rive the optimal I2DR, it suffices to estimate gz (). For notation simplicity, in the rest of
this paper, we denote V™ (d) by V(d) for any decision rule d.

From now on, we focus on a subset of intervals in [0, 1]. By interval we always refer
to those of the form [a,b) for some 0 < a < b < 1 or [a,1] for some 0 < a < 1. For
any partition P = {[0,71), [r1,72),- .-, [Tk—1,1]}, we use J(P) to denote the set of change
point locations, i.e, {71, 72, ..., Tk 1} and |P| to denote the number of intervals in P. Our
proposed method yields a part1t10n P and an I2DR d(-) such that d( )e P,V eX. The
number of intervals in P (denoted by |P|) involves a trade-off. If |P| is too large, then P
will contain many short intervals, making the resulting decision rule hard to implement in
practice. Yet, a smaller value of l73| might result in a smaller value function. Our proposed
method adaptively determines |P| based on jump-penalized regression.
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We next detail our method. Jump interval-learning consists of the following two steps.
In the first step, we estimate the outcome regression function using jump penalized least
squares regression. Then we derive the corresponding I2DR, from the resulting estimator
gz(+). To begin with, we cut the entire treatment range into m initial intervals:

[0,1/m),[1/m,2/m),...,[(m —1)/m,1]. (2)

The integer m is allowed to diverge with the number of observations n. For instance, it can
be specified by the clinical physician such that the output dose interval for each individual
is at least of the length m~!. When no prior knowledge is available, we recommend setting
m to be proportional to n. It is worth mentioning that (2) is not the final partition that
we recommend. Nor is it equal to Py defined in Model I. Given (2), we are looking for a
partition P such that each interval in P corresponds to a union of some of the these m
intervals. In other words, we will adaptively combine some of these intervals to form P.

More specifically, let B(m) denote the set of partitions P that satisfy the following
requirement: the end-points of each interval Z € P lie on the grid {j/m :j =0,1,...,m}.
We associate to each partition P € B(m) a collection of functions {q(-;07)}zep € [7cp 9z
for Q7 as some class of functions, where 07 is the underlying parameter associated to interval
Z. We propose to estimate P by solving

(PA{Gr:TeP})=

n
argmin {3 (2314 € D{Y: — (X 60 + MlZ0zR) +alPl}, @)

(tomearrery TP =
where A, and +, are some nonnegative regularization parameters specified in Section 3.4,
and ||6z||% denote the Euclidean norm of the model parameter 7. The purpose of introduc-
ing the fo-type penalty term \,|Z]|||0z||3 is to help to prevent overfitting in large p problems.
The purpose of introducing the fy-type penalty term ~,|P| is to control the total number
of jumps. When m =n, A\, =0, A; = i/n,V1 < i <n, no baseline covariates are collected,
the above optimization corresponds to the jump-penalized least square estimator proposed
by Boysen et al. (2009). We refer to this step as jump interval-learning (JIL).

For a fixed P, solving the optimization function in (3) yields its associated outcome
regression functions {gz}zep. This step involves parametric or nonparametric regression
and can be solved via existing statistical or machine learning approaches. We provide two
concrete study cases below, based on linear regression and deep learning. These estimated
outcome regression functions can be viewed as functions of P. As such, P is adaptively
determined by minimizing the penalized least square function in (3).

To maximize the expected outcome of interest, our proposed I2DR is then given by

d(z) = argmax gz(z), Vo €X. (4)
IeP

When the argmax in (4) is not unique, c/i\() outputs the interval that contains the smallest
treatment. R

We next evaluate the value function under the proposed 12DR V/(d) and V' (d°"). For
each interval 7 in the estimated optimal partition P, we estimate the generalized propensity
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score function e(Z|z) = Pr(A € Z|X = z). Let e(Z|r) denote the resulting estimate.
Following the estimation strategy in Zhang et al. (2012), we propose the following value
estimator under (4),

oL [HA X))
V—n; ed(X:) |1 X) {vi e qI(Xz)}JrI673 ar(Xi)| - (5)

Statistical properties of the estimates in (4) and (5) are studied in Section 4. Although
we use the example of piecewise functions to motivate our procedure, the proposed method
allows the outcome regression function to be a continuous function of ¢ and x as well.
Specifically, we can approximate any continuous outcome function by a piecewise function
with the increasing number of partitions. As such, the proposed jump-interval learning
method is applicable to handle Model II as well. See Section 4 for detail.

3.2 Linear- and Deep-JIL

In practice, we consider two concrete proposals for implementing jump interval-learning, by
considering a linear function class and a deep neural networks (DNN) class for Q7 in (3). In
particular, the proposed L-JIL yields a set of linear decision rules that is easy to compute
and interpret. See the real data analysis in Section 6 for details. In theory, it achieves
a better convergence rate under the correct model specification. We recommend using L-
JIL in applications where a simple and interpretable decision rule is preferred. On the
contrary, the use of DNN in D-JIL allows us to capture the complicated outcome-covariates
relationships that often occur in high-dimensional settings. We recommend using D-JIL in
applications with high-dimensional covariates and complicated nonlinear associations.

We also remark that the proposed method is very general and allows a large variety
of function approximators. Although we focus on linear models and deep neural nets in
this paper, other function approximators such as linear basis expansion, reproducing kernel
Hilbert spaces, and random forests are equally applicable. The theoretical properties of the
resulting estimated Q-function can be similarly established (see e.g., Burman and Chen,
1989; Steinwart and Christmann, 2008; Wager and Athey, 2018, for the convergence rate of
these nonparametric estimators).

3.2.1 CASE 1: LINEAR-JIL

We use a linear regression model for Q7. Specifically, we set q(x,07) to Z'67 for any
interval Z and z € X, where 7 is a shorthand for the vector (1, )T, Adopting the linearity
assumption, we have gz(x) = z ' 07 for some 6. It follows from (4) that the proposed I2DR
corresponds to a linear decision rule, i.e., d(z) = argmax; 5 Z'607. As such, the linearity
assumption ensures our I2DR is interpretable to the doAmain experts.

We next discuss how to compute P and {67 : T € P}. The objective function in (3) is

reduced to
(P, {6z:TcP}) = (6)
_ : 15 T2 2
=  argmin {Z <nZ]I(AZ eI)(Y; — X, 07) +)\n|I]||91HQ> +7n\7>\},

(PeB(m) {07:Z€PY) | zcp i=1
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Figure 1: Hlustration of DNN with L = 2 and W = 25; here p € RP is the input, the output
is given by AG (AP a(ADy + bM) + @) + b3 where AD, () denote the
corresponding parameters to produce the linear transformation for the (I — 1)th
layer and that o denotes the componentwise rectified linear unit (ReLU) function.
In this example, W = Z?Zl(HA(E})HO + 6@ o) = 25 where || o ||o denotes the
number of nonzero elements in the vector or matrix.

where X; = (1,X,;")T. We refer to this step as linear jump interval-learning (L-JIL). The
ridge penalty \,|Z||0z]|3 in (6) guarantees that for any interval Z € P, the parameter 07 is
well defined even when """ | I(A; € Z7) < p + 1 such that the matrix >, I(4; € I)YlYZT
is not invertible. It also prevents over-fitting and yields more accurate estimates in high-
dimensional settings.

3.2.2 CASE 2: DEgP-JIL

We next consider using deep neural networks (DNNs) to approximate the outcome regression
function, so as to capture the complex dependence between the outcome and covariates.
Specifically, the network consists of p input units (colored in blue in Figure 1), corresponding
to the covariates X. The hidden units (colored in green) are grouped in a sequence of L
layers. Each unit in the hidden layer is determined as a nonlinear transformation of a linear
combination of the nodes from the previous layer. The total number of parameters in the
network is denoted by W. See Figure 1 for an illustration. The parameters in DNNs can be
solved using a stochastic gradient descent algorithm. In our implementation, we apply the
Multi-layer Perceptron (MLP) regressor (Pedregosa et al., 2011) for parameter estimation.
We refer to the resulting optimization as deep jump interval-learning (D-JIL).

Finally, we remark that alternative to our approach, one may directly apply DNN that
takes the covariate-treatment pair (X, A) as the input to learn the outcome regression func-
tion. However, the resulting estimator for the outcome regression function is not guaranteed
to be a piecewise function of the treatment. As such, it cannot yield an I2DR.

10
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3.3 Implementation

In this section, we present the computational details for jump interval-learning. We em-
ploy the dynamic programming algorithm (see e.g., Friedrich et al., 2008) to find the op-
timal partition P that minimizes the objective function (3). Meanwhile, other algorithms
for multi-scale change point detection are equally applicable (see e.g., Scott and Knott,
1974; Harchaoui and Lévy-Leduc, 2010; Fryzlewicz, 2014). Specifically, we adopt the PELT
method proposed by Killick et al. (2012) that includes additional pruning steps within the
dynamic programming framework to achieve a linear computational cost. Given 7/5, the
set of functions {gr : Z € 73} can be computed via either linear regression or deep neural
network.
To detail our procedure, for any interval Z € [0, 1], we define the cost function

. 1 = . 2 2
cost(Z) q(.;gg;ng [n ;H(Al € I){YZ q(X;; 91)} + )\nHHIHQ] ,
where Q7 is a class of linear functions or deep neural networks, corresponding to L-JIL and
D-JIL, respectively.

For any integer 1 < r < m, denote by B(m,r) the set consisting of all possible partitions
Py of [0,7/m) such that the end-points of each interval Z € P, lie on the grid {j/m : j =
0,1,...,7}. Set B(m,m) = B(m), we define the Bellman function

B(r)= _ inf <Z cost(Z) + yn(|Pr| — 1)) :

PreB(m,r) ich
Let B(0) = —7,, the dynamic programming algorithm relies on the following recursion
formula,
B(r) = 1%171%1 {B(j) + n + cost([j/m,r/m))}, Vr>1, (7)
J T

where R, is the candidate change-point list updated by
{j € Rey U{r =1} : B(j) + cost([j/m, (r —1)/m)) < B(r — 1)}, (8)

during each iteration with Ro = {0}. The constraint listed in (8) iteratively updates the
set of candidate change points and removes values that can never be the minima of the
objective function. It speeds up the computation, leading to a cost that is linear in the
number of observations (Killick et al., 2012).

We briefly summarize our algorithm below. For a given integer r, we search the optimal
change point location j that minimizes the above Bellman function B(r) in (7). This
requires applying the linear/MLP regression to learn qjj/p, /m) and cost([j/m,r/m)) for
each j € R,. Let j* be the corresponding minimizer. We then define the change points list
7(r) = {j*,7(5%)}. This procedure is iterated to compute B(r) and 7(r) for r = 1,...,m.
The optimal partition P is determined by the values stored in 7(-). A pseudocode containing
more details is given in Algorithm 1.
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Global: data {(X;, A;,Y;) : i =1,...,n}; sample size n; covariates dimension p;
number of initial intervals m; penalty terms A\, V5.
Local: integers [,r € N; cost dictionary C; a vector of integers 7 € N,
Bellman function B € R™; a set of candidate point lists R.

Output: P and {g7 : T € P}.

I. Initialization. Set B(0) ¢ —yn; P + Null; 7 < Null; R(0) < {0};
IT. Apply the PELT method. For r =1,...,m:
1. Compute B(r) = minjerq){B(j) + C([j/m,r/m)) + v} by Algorithm 2;
2. j* = argminjer ) {B(7) + C([j/m,r/m)) + m};
3.7(r) {57k
4 R(r) [ € R(r— 1)U {r — 1} : BG) +C([j/m, (r — 1)/m)) < B(r - D}:
III. Get Partitions. 7* < 7(m); r <= m; | «— 7*[r]; While r > 0:
1. Let Z=1[l/m,r/m) if r <m else T = [[/m,1];
2. P« P UZ,
3. qz(+) + argming >, I(A; € I){Y; — q(X;)}%;
4. 1<+ 1; 1 < 7*[r];
return P and {Gr : T € P}.

Algorithm 1: Jump interval-learning.

Global: data {(X;, A4;,Y;) :i=1,...,n}; cost dictionary C; an interval Z;
penalty term A,,.
Output: C.

If C(Z) == NULL:
(1). Apply linear/MLP regression:
T2() - argming S, 1(A; € T){Y; — a(Xs;02)} + | Z][02]3:
(2). Set the cost C(Z) to the objective value;
return C.

Algorithm 2: Calculation of the cost function.

12
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3.3.1 ANALYSIS OF COMPUTATIONAL COMPLEXITY

We analyze the computational complexity of the proposed methods in this section. The
main computation lies in the dynamic programming algorithm to find the change points as
well as the estimation of the outcome regression function in L- and D-JIL.

First, recall that we use the PELT method to implement the dynamic programming. It
requires at least O(m) computing steps and at most O(m?) steps (Friedrich et al., 2008).
According to Theorem 3.2 in Killick et al. (2012), the expected computational cost is O(m).

Second, for each step in PELT, we need to train the DNN or linear regression model
to calculate the cost function. Here, the complexity of training the linear regression is well
known and equals O(np? + p3) with sample size n and feature dimension p. To the contrary,
the complexity of training a DNN depends on the model architecture. Suppose we use a
fully connected MLP with w width and d depth, and set the total number of epochs for
training to e. Then the time complexity is given by O{ne(d — 1)w?}!.

To summarize, the expected computational complexities of the proposed linear- and
deep-JIL are given by O{m(np? + p3)} and O{mne(d — 1)w?}, respectively.

3.4 Tuning Parameters

Our proposal requires specifying the tuning parameters m, \,, and ,. We first discuss the
choice of m. In practice, we recommend setting m = n/c with some constant ¢ > 0 such that
m and n are of the same order. The choice of ¢ represents a trade-off between the estimation
bias and the computational cost. A small value of ¢ would improve the estimation efficiency
whereas a larger value of ¢ saves the computation time. We recommend using the smallest
possible ¢ whenever the computation is affordable. In our numerical studies, we tried several
different values of ¢ and found the resulting estimated I2DRs have approximately the same
value function as long as ¢ is not too large. Thus, the proposed I2DR is not overly sensitive
to the choice of this constant. Detailed empirical results can be found in Sections 5.3 and
6.

We next discuss the choices of A, and 7,,. The selection of these tuning parameters relies
on the concrete proposal to approximate the outcome regression function. We elaborate
below.

3.4.1 TuNING IN L-JIL

For L-JIL, we choose 7, and A, simultaneously via cross-validation. The theoretical re-
quirements of 7, and A, for L-JIL are imposed in the statement of Theorem 1. We further
develop an algorithm that substantially reduces the computation complexity resulting from
the use of cross-validation.

To be more specific, let A,, = {)\g), . ,/\%H)} and I',, = {77(3), e ,’yq({])} be the set of
candidate tuning parameters. For a given integer K, we randomly split the data into K
equal-sized subgroups. Let Gj denote indices of the subsamples in the kth subgroup, for
k=1,---,Ky. Let G_; denote the complement of Gg. For any A, € A, 7» € I'p, k €
{1,--, Ky}, let (ﬁ,\nﬁmk,{@ﬁm)\mk T € ﬁ,\m%7k}) denote the optimizer (6), computed

1. See  https://ai.stackexchange.com/questions/5728 /what-is-the-time-complexity-for-training-a-neural-
network-using-back-propagation/5730.
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based on the data in G_;. We aim to choose =, and A, that minimizes

Ko
%Z Y > IAienfyi- X, 0z i} (9)

kzl ’LEGk IEﬁ)\n:’Yn:k

To solve (9), we remark that there is no need to apply Algorithm 1 |A,| X |T',| times
to compute the minimizer of (6) over the set of candidate tuning parameters. We develop
an algorithm to facilitate the computation. The key observation is that, for any interval
ZC0,1] and k€ {1,---, Ko}, the set of estimators {0z, x,.k : Yo € T'n; An € Ay} can be
obtained simultaneously over the set of candidate tuning parameters. This forms the basis
of our algorithm. More details are provided in Section A of the supplementary article.

3.4.2 TuNING IN D-JIL

As for D-JIL, we find that the MLP regressor is not overly sensitive to the choice of A,
so we set A\, = 0. The parameter -, is chosen based on cross-validation. The theoretical
requirement of ~, for D-JIL is imposed in the statement of Theorem 2. To implement
the cross-validation, we randomly split the data into Ky equal-sized subgroups, denoted by
{(Xi, 4i, Yo) Yiegy s {(Xis A Yi) bes, -+, {(X4, Ai, Yi) biegy, » accordingly. For each v, and
k=1,..., Ky, we compute the estimators ﬁ%“k and gz, k(-) based on the sub-dataset in
G_g. Then we choose v, that minimizes

Ko
% S5 Y KA € DY — Gk (X))

k=1i€Gy 7ep,

We also remark that implementing deep neural networks involves some other tuning param-
eters, such as the learning rate, and the numbers of hidden nodes and hidden layers. In our
implementation, we set them to the default values of the MLP regressor implementation
(Pedregosa et al., 2011).

4. Theory

We establish the statistical properties of our proposed method in this section. As we have
commented, we allow the outcome regression function to be either a piecewise or continuous
function of the treatment. We first study the statistical properties of L-JIL and D-JIL when
Model I holds, respectively. We next outline a procedure to construct a confidence interval
for the value under the proposed I2DR and prove its validity. Finally, we investigate the
properties of our proposed method when Model II holds. These theoretical results imply
that our method will work when the outcome regression function is either a piecewise or a
continuous function.

4.1 Properties When Model T Holds
4.1.1 REsuLTS FOR L-JIL

To establish the theoretical properties of the I2DR obtained by L-JIL, we first assume (1)
holds with gz o(z) = a’;THI,U for any x € X and Z € Py. In other words, the outcome
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regression function Q(x,a) is linear in x and piecewise constant in a. Without loss of
generality, assume 6y 7, # 6o 7, for any two adjacent intervals Z;,Z> € Py. This guarantees
that the representation in (1) is unique. We write a, < b, for two sequences {ay}, {b,}
if there exists some universal constant ¢ > 1 such that ¢~ 10, < a,, < ¢b,. Define Oo(-) =
> -zep, 0z.0l(- € I). Giving (P,{01 : T € P}), our estimator for the function () is defined
by

0()=">071(- € 1). (10)
IeP

This yields a piecewise constant approximation of fp(-). We first study the theoretical

properties of 6(-). Toward that end, we need to impose the following condition on the
probability tails of X and Y.

(A4) Suppose there exists some constant w > 0 such that sup, ; \]X(j)]]¢2|A:a < w and

sup,, [|Y || y,ja=e < w almost surely, where X () denotes the jth element of X, and that for
any random variable Z, ||Z|[,|4=, denotes the conditional Orlicz norm given that A = a,

i.e.,
A 1Z]?
1Z ]| ypy1a=a = (igfo [E {exp <C’2> ' A= a} < 2] .

We remark that Condition (A4) is automatically satisfied when the covariates and the
outcomes are bounded.

Theorem 1 Assume (A1)-(A4) hold and (1) holds with qro(x) = 7' 019. Assume A has a
bounded probability density function on [0,1]. Assume m =< n, A, = O(n"logn), {Vn}nen
satisfies v, — 0 and y,n/logn — co. Then, there exists some constant ¢ > 0 such that the
following events hold with probability at least 1 — O(n=2):

(i) [P| = [Pol.
(i) max,c j(p,) min. . ;5 |7 — 7] < en~llogn.
(iii) [y 16(a) — 6o(a)|3da < én~'logn. |

In Theorem 1, results in (i) show the model selection consistency of our jump penalized
estimator. Results in (ii) imply that the estimated change point locations converge at a
rate of Op(n~!logn). In (iii), we derive an upper error bound for the integrated ¢5 loss of
5() As discussed in the introduction, the derivation of Theorem 1 is nontrivial. A number
of technical lemmas (see Lemma 1-4 in Section B.1) are established to prove Theorem 1.
These results can be easily extended to study general covariate-based change point models.

We next establish the convergence rate of V' — V(d), where VP! = V(d°P!). The
quantity VP! — V(d) represents the difference between the optimal value and the value
under the proposed I2DR. The smaller the difference, the better the I2DR. Notice that
VoPt >V (d) for any I2DR d(-). It suffices to provide an upper bound for VP! — V(d). We
impose the following condition.

(A5.) Assume for any 71,7, € Py, there exist some constants v, Jy > 0 such that

Pr(0 < gz, 0(X) — 4z,,0(X)| < 1) = O(t"),
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where the big-O term is uniform in 0 < ¢ < dg.

Condition (A5) is commonly assumed in the literature to derive a sharp convergence rate
for the value function under the estimated optimal IDR (Qian and Murphy, 2011; Luedtke
and Van Der Laan, 2016; Shi et al., 2020). It is very similar to the margin condition
(Tsybakov, 2004; Audibert and Tsybakov, 2007) used in the classification literature. This
condition is automatically satisfied with v = 1 when gz (X ) has a bounded probability
density function for any Z € Py.

Theorem 2 Assume the conditions in Theorem 1 are satisfied. Further, assume (A5) holds.
Then, we have

VPt —V(d) < é(n " logn) /2 4 enlogn, (11)

for some constant & > 0, with probability at least 1 — O(n™2). [ |

-~

When (A5) holds with v = 1, Theorem 2 suggests that V' (d) converges to the optimal
value at a rate of Op(n™!) up to some logarithmic factor. Notice that the events defined in
Theorem 1 and 2 occur with probability at least 1 — O(n=2). Since >, o, n"2 < +o0, an
application of the Borel-Cantelli lemma implies that these events will occur for sufficiently
large n almost surely.

4.1.2 RESULTS FOR D-JIL

We study the theoretical properties of the proposed I2DR based on D-JIL when Model I is
correct. Similar to the linear case, we assume gz, o # ¢z,,0 for any two adjacent intervals
I1,Z5 € Py. For any Z, we set the regression class Q7 to a general class of feedforward
architecture with Lz hidden layers, Wz many number of parameters, and ReLU activation
function (Farrell et al., 2021).

To derive the theoretical properties of D-JIL, we assume the outcome regression function
is a smooth function of the baseline covariates (see assumption (A6) below). Meanwhile,
D-JIL is valid when Q(z,a) is a nonsmooth function of x as well (see e.g., Imaizumi and
Fukumizu, 2019). Specifically, define the class of S-smooth functions (also known as Holder
smooth functions with exponent /) as

| D*h(x) — D*h(y)|
5=15] g

®(B,c) =< h: sup sup|D%(z)|<e¢, sup sup
lafl1 <[ 8] wEX ledi=18) 2weX |z — y]

for some constant ¢ > 0, where || denotes the largest integer that is smaller than § and
D denotes the differential operator D denote the differential operator:

. ollall (2
D)=

We introduce the following conditions.
(A6.) Suppose Q(e,a) € ®(8,c), and p(ale) € ®(S3,c) for any a.
(A7.) Functions {gz}, .5 are uniformly bounded.

16



JUMP INTERVAL-LEARNING FOR INDIVIDUALIZED DECISION MAKING

Assumption (A7) ensures that the optimizer would not diverge in the f, sense. Similar
assumptions are commonly imposed in the literature to derive the convergence rates of DNN
estimators (see e.g., Farrell et al., 2021). Combining (A7) with (A6) allows us to derive
the uniform rate of convergence for the class of DNN estimators {q}}zgg. The following
theorem summarizes the theoretical properties of the proposed method via deep neural
networks.

Theorem 3 Assume (A1)-(A3), (AG6), (A7) and Model I hold. Assume X and Y are
bounded variables, and A has a bounded probability density function on [0,1]. Assume m <
n, {Vnnen satisfies v, — 0 and v, > n~28/28+P) 1og8 n. Then, there exist some constant
¢ > 0 and DNN classes {Qr : T} with Lz =< log(n|Z|) and Wz = (n|Z|)P/?8+P) log(n|Z])
such that the resulting D-JIL estimator computed by (3) satisfies

(1) [P = [Pol;

(ii) max.c j(p,) min, ;5 |7 — 7| < en=2P/(2B+P) 1og8 n;

(iii) ElQ(X,A) — Y ;5 1(A € T)gr(X)[*da < en=2/(254P) 1og® n,
with probability at least 1 — O(n~2). [ |

Theorem 3 establishes the properties of our method under settings where the Q(z,a) is
a piecewise function in the treatment. Results in (i) imply that D-JIL correctly identifies
the number of change points. Results in (ii) imply that any change point in Py can be
consistently identified at a convergence rate of Op(n_w/ (25+p)) up to some logarithmic
factors. Notice that we use the piecewise function ), 51(a € Z)gz(z) to approximate the
outcome regression function. In (iii), we show our estimator for function Q(X, A) converges
at a rate of Op(n*w/ (264P)) up to some logarithmic factors. The theoretical choices of Lz
and Wz in Theorem 3 are consistent with the literature of DNN estimators (Imaizumi and
Fukumizu, 2019; Farrell et al., 2021). These DNN architectures ensure the convergence rate
of our estimator for function Q(X, A), which achieves the minimax-optimal nonparametric
rate of convergence under (A6) (see e.g., Stone, 1982).

~

We next establish the convergence rate of VP —V (d) when Model I holds in the following
theorem.

Theorem 4 Assume the conditions in Theorem 3 are satisfied. Further, assume (A5) holds.
Then, we have

2B(1+7) 8+8v

~ 26 _ 848y
V(d) > VP —O(1)(n" 28 log® n +n~ @+ log 277 n), (12)

with probability at least 1 — O(n~2). [ |
~ ___2B8(+y)
Theorem 4 suggests that V' (d) converges to the optimal value at a rate of Op{n @#+»)2+) }
up to some logarithmic factors. This rate is slower than the rate (O,(n~!) up to some log-
arithmic factor) we obtained in Theorem 2 where we posit a parametric (linear) model.
Suppose the condition 45(1 + ) > (28 + p)(2 + ~y) holds, it follows that V(@ = Vort +
op(n~1/2). This observation forms the basis of our inference procedure in Section 4.1.3.
Here, the extra margin parameter v in our results is introduced by (A5) to bound the bias
due to the estimated decision rule d. If the margin parameter vy goes to infinity, we only
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require the smooth parameter 3 > p/2 to obtain V(d) = VP! + 0p(n~1/2). This condition
(8 > p/2) is commonly assumed in the literature on evaluating average treatment effects
(see e.g., Chernozhukov et al., 2017; Farrell et al., 2021).

4.1.3 EVALUATION OF THE VALUE FUNCTION

Suppose Model I holds. When L-JIL is used, it follows from Theorem 2 that V(c?) =
Vort 4 o0,(n"'/2). When D-JIL is used, if the smoothness parameter 3 (see (A6)) and the
margin parameter v (see (A5)) satisfy 48(1+~) > (28+p)(2+7), it follows from Theorem
4 that V(d) Vort 4 0,(n"1/2). In the following, we derive the asymptotic normality of
Vn(V — Vvort). By Slutsky’s theorem, this implies that \/n{V — V(d)} is asymptotically
normal as well.

(A8.) [E{e(Z|X) —e(Z|X)}?]"/? = o(n~'/*) and that &(Z; e) belongs to the class of VC-type
functions with VC-index upper bounded by O(n 1/ 2) (see e.g. Chernozhukov et al., 2017, for
a detailed definition of the VC-type class), for any Z € J(m).

The first part of Assumption (A8) requires the generalized propensity score function to
converge at certain rates. Similar assumptions are commonly imposed in the causal inference
literature to derive the asymptotic distribution of the estimated average treatment effect
(see e.g., Chernozhukov et al., 2017). The second part of (A8) essentially controls the model
complexity of the estimator €. The more complicated € is, the larger the VC index. Under
(A6), we can show (A8) holds when DNN is used to model the generalized propensity score.

Theorem 5 Assume (A8) holds and suppose functions {€z}; 5 are uniformly bounded away
from zero. Further assume that for any Z,,Zy € Po with Iy # Iy, we have Pr(qz, o(X) =

q1,,0(X)) = 0.
(i) Suppose conditions in Theorem 2 are satisfied. Then, under L-JIL, we have

ViV — vty 4 N(0,03),

for some O'% > 0.
(ii) Suppose conditions in Theorem 4 are satisfied with 43(1 + ) > (28 4+ p)(2 + 7).
Then, under D-JIL, we have

ViV = V) % N(0,0),
for some 02D > 0. |

We now introduce the estimator for the asymptotic variance 0'% or U%, and derive a
Wald-type 1 — a CI for VP!, Since V(d) = VP! + 0,(n~'/2), the proposed CI also covers
V(d) with probability tending to 1 — a. We estimate 0% or 0% by

2

o) 1 ]I{A cd(X } . ~
- = ax X))t +maxqgr(X;) = V| ,

where {gz(-)} corresponds to the value estimations under L-JIL or D-JIL.

The corresponding 1 — « CI is given by vVt 2020, Where z, /5 denotes the upper a/2-th
quantile of a standard normal distribution. Similar to Theorem 5, we can show that o is
consistent. This shows the validity of our inference procedure.
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4.2 Properties When Model 11 Holds
4.2.1 PROPERTIES OF L-JIL UNDER VARYING COEFFICIENT MODEL

We first consider the case when the outcome regression function can be represented by a
varying coefficient model and investigate the theoretical properties of the proposed L-JIL.
Specifically, suppose the true outcome regression function takes the following form

Q(z,a) = ' 0y(a), VreX,acl0,1], (13)

where 7 = (1,2")T and 6(-) is some continuous (p + 1)-dimensional function. That is, we
assume the conditional mean of the outcome is a linear function of individuals’ covariates
for any treatment a € [0,1]. Yet, the model is flexible in that y(-) is allowed to be an
arbitrary continuous function of a with certain smoothness constraints. Models of this type
belong to the class of varying coefficient models popularly applied in many scientific areas
(see e.g., Fan and Zhang, 2008, for an overview).

Here, we consider the following class of Holder continuous functions for 6y(-). Suppose
there exist some constants L > 0, 0 < ap < 1 such that 6y(-) satisfies

sup H@o(al) — 00(@2)”2 S L\al — ag‘ao. (14)
al,age[o,l]

We first sketch a few lines to see why our method works under (14). For a given integer
k>0, we define 6;(-) as

k—1 .
o) =S 00 (2 16 <+ a <+ 1)+ 00 (2 10+ 1)a > ).
k §0<k+1)‘7 g °<k+1>

Apparently, §;(-) has at most k change points. In addition, with some calculations, we can
show that sup,cp 1) 105(a) —o(a)l2 < 27 (k+1)7*° L. Letting k — oo, it is immediate to
see that 6y(-) can be uniformly approximated by a step function as the number of change
points increases.

In Theorems 1 and 2, we have shown the proposed I2DR is consistent under the piecewise
linear function assumption. Based on the above discussion, we expect that jump interval-
learning also works when the model (13) holds. We formally establish the corresponding
theoretical results in the following theorem.

Theorem 6 Assume (A1)-(A4) and (14) hold. Assume A has a bounded probability on
[0,1]. Assume m =< n, A\, = O(n"tlogn), vy, satisfies v, — 0 and v, > n~'logn. Under
the model (13), there exists some constant ¢ > 0 such that the following holds with probability
at least 1 — O(n~=2):

1
/ 16(a) — o (a)|[3da < eypro/(F200),
0
In addition, assume v, =< (n~"logn)1+2e0)/(1+400)  Then there exists some constant & > 0
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such that the following occurs with probability at least 1 — O(n~2) that
VPt _ V(d) < & (n " logn)®o/(1+4e0) (15)

|

It is worth mentioning that with proper choice of v, the integrated ¢ loss of é\() con-
verges at a rate of Op(n*QO‘O/ (14200)) up to some logarithmic factor. The rate is slower
compared to the results in Theorem 1, since 6y(-) is only “approximately” piecewise con-
stant. When 6y(+) is Lipschitz continuous, it follows from (15) that the value under our
proposed I2DR. will converge to the optimal value function at a rate of Op(n_l/ 5 logl/ 5 n).

4.2.2 PROPERTIES OF D-JIL UNDER THE CONTINUOUS OUTCOME REGRESSION
FUNCTION

We next consider the general case when the outcome regression function is specified by
model IT and study the theoretical properties of the proposed D-JIL. The following theorem
proves the consistency of the proposed estimator.

Theorem 7 Suppose Q is a continuous function of a and x. Assume (A1)-(A3) and
(A6)-(A7) hold. Assume X and Y are bounded variables, and A has a bounded prob-
ability density function on [0,1]. Assume m < n and {y,}nen satisfies v, — 0 and
Yn > n28/CBP) 10g8 n. Then, there exist some DNN classes {Qz : T} with Lz = log(n|Z|)
and Wy =< (n|Z|)P/?8+P) log(n|Z|) such that the resulting D-JIL estimator computed by (3)

satisfies
2aq

N 0 _ 28
(i) max,_ssup,e7 E[qz(X) — Q(X,a)|* = Op(n' ™) + Op((nyn)” 2+ log®n) where
the expectation is taken with respect to the marginal distribution of X;

-1/ (1555 . Then VP!V (d) = O, (n=ewB/ (aoftaonth) Jogh ).

(ii) Suppose v, ~n

Theorem 7 establishes the properties of our method under settings where @) is continuous
in a. Results in (i) imply that gz (z) can be used to uniformly approximate Q(x,a) for any
a € Z. The consistency of the value in (ii) thus follows.

Finally, we remark that the optimal I2DR is well-defined under Model I. When Model
II holds, however, it remains unclear whether the optimal I12DR . is uniquely defined or not.
Nonetheless, as shown in Theorems 6 and 7, the value under the proposed I12DR converges to
that under the optimal IDR. This implies that even when the optimal I2DR is not uniquely
defined, our proposal is able to identify one of them asymptotically.

4.2.3 EVALUATION OF THE VALUE FUNCTION

As discussed in Section 4.1.3, the validity of the proposed CI for the optimal value requires
the outcome regression function to satisfy the piecewise model assumption. Under Model 11,
however, the value under the proposed I2DR might not be n~1/2-consistent to the optimal
value. As such, in theory, the proposed CI would fail to cover the optimal value. Nonethe-
less, when the preference function 7* is assigned according to the generalized propensity
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score, i.e.,

o o plal)
(a2, 1) = Jrp(alz)da’

and other regularity conditions hold, our CI is able to cover the value under the proposed
I2DR. We omit the theoretical results to save space.

5. Simulations
5.1 Confidence Interval for the Value

In this section, we focus on scenarios where the outcome regression function takes the
form of Model I and examine the coverage probability of the proposed CI in Section 4.1.3.
Simulated data are generated from the following model:

iid

Y|X,A~ N(Q(X,A),1), AlX ~ Unif[0,1] and XM, x@ . x® % Unif—1,1],

where Unif]a,b] denotes the uniform distribution on the interval [a,b]. We consider the
following two scenarios with different choices of Q(X, A).

Scenario 1:

1+2M,  a<0.35,
Q(z,a) =<{ M —z?, 035<a<0.65,
1— 23, a > 0.65.

Under Scenario 1, the outcome regression function is piecewise constant as a function of a,
and is linear as a function of z. Here, we have J(Py) = {0.35,0.65} and |Py| = 3. With
some calculations, one can show that the optimal value VP! equals 1.34.

Scenario 2:

14 ()3, a < 0.35,
Q(z,a) = M —log(1.5 4+ z?), 0.35 < a < 0.65,
1 —sin(0.57z(?), a > 0.65.

Under Scenario 2, the outcome regression function is piecewise constant as a function of
a, but is nonlinear as a function of . The change points are J(Py) = {0.35,0.65} with
|Po| = 3. The optimal value equals 1.35, based on Monte Carlo approximations.

For each scenario, we set p = 4 and consider three different choices of the sample size,
corresponding to n = 200,400,800. We apply the proposed L-JIL and D-JIL to both
scenarios. The detailed implementation is discussed in Section 3.3. We set m = n/5,
An = 0, v, = 4n~'log(n), and construct the CI for VP! based on the procedure described
in Section 4.1.3. Reported in Table 1 are the estimated value function V with its standard
error o, the empirical coverage probabilities of the proposed confidence interval for VPt
and the number of estimated partitions |7/5|, aggregated over 500 simulations. In addition,
we include the integrated ¢ loss of the estimated varying coefficient 0(-) via L-JIL.

Based on the results, it is clear that the estimated value function approaches the optimal
value as the sample size increases for both methods. For instance, when n = 800, L-JIL
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Table 1: The estimated optimal value V with its standard error, the empirical coverage
probability of its associated confidence interval, and the averaged number of esti-
mated partitions computed by the proposed L-JIL and D-JIL.

Scenario 1, p =4 Scenario 2, p =4
n=200 n=400 n =800 | n=200 n=400 n =800
Method Optimal value VP! 1.34 ‘ 1.35

L-JIL  Estimated optimal value V' 1.436 1.383 1.340 1.400 1.351 1.421

Mean of standard error & 0.129 0.091 0.066 0.120 0.085 0.065

Coverage probabilities(%) 89.80 93.20 95.60 92.40 94.60 95.00

Number of partitions |P)| 2.97 3.01 3.00 2.19 2.81 3.01

Integrated £ loss of 0(+) 0.371 0.175 0.111 0.786 0.389 0.269

D-JIL  Estimated optimal value V' 1.297 1.338 1.345 1.333 1.331 1.349

Mean of standard error & 0.160 0.108 0.060 0.166 0.102 0.060

Coverage probabilities(%) 90.60 93.60 96.00 95.60 93.80 95.00

Number of partitions |P)| 2.98 3.25 3.18 2.95 3.10 3.08

obtained an estimated value of 1.340 under Scenario 1 on average. D-JIL yields an average
value of 1.349 under Scenario 2. These values are very close to the truths 1.34 and 1.35,
respectively. The performance of our proposed L-JIL and D-JIL are comparable under
Scenario 1. In addition, as the sample size increases, the coverage probability of the Wald-
type CI approaches to the nominal level. This verifies our theoretical findings in Theorem
5. It is worth noting that the CI computed via L-JIL achieves the nominal coverage under
Scenario 2 where the outcome regression function is nonlinear in z. We suspect this is due
to that the optimal I2DR is close to a linear decision rule despite the nonlinearity of the
outcome regression function.

Moreover, the averaged estimated number of partitions |7/5| is approximately 3 for all
settings. This demonstrates the consistency of the estimated number of partitions in The-
orems 1 and 3. In addition, the integrated f5 loss of the estimated varying coefficient com-
puted via L-JIL converges to 0, as the sample size increases. For example, when n = 800,
fol 10(a) — o(a)||3da equals 0.111 for Scenario 1 and 0.269 for Scenario 2. These values are

fairly small by noting that fol 160(a)||3da = 2. Notice that fol |]§(a) — 0p(a)||3da decays at
a rate that is approximately proportional to n~!. This verifies our theoretical findings in
Theorem 1.

5.2 Value Function under the Proposed I2DR

In this section, we consider more general settings and compare the proposed procedure with
the existing state-of-the-art methods that output single-valued decision rules. Similar to
Section 5.1, we generate the data from the following model:

iid

Y[X,A~ N(Q(X,A),1), AlX ~Unif[0,1] and XD, x@  x® % ynif—1,1].

In addition to Scenarios 1 and 2, we consider several other choices of the outcome regression
function, allowing the working model assumption in Model I or Model II to be violated in
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Table 2: Simulation scenarios.

scenarios piecewise in a? linear in x7 J(Po) |Pol optimal rule optimal value
1 v v {0.35,0.65} 3 arg maxyep, qz() 1.34
2 v X {0.35,0.65} 3 arg max;cp, qz(x) 1.35
3 v X {0.25,0.5,0.75} 4 arg maxycp, qz() 0.76
4 X v N.A. N.A. 0.5I(z76 < 0) 1.28
5 X X N.A. NA. 0.5+ 0.25(z@ 4 23) 8

some scenarios. Specifically, similar to Scenarios 1 to 2, the outcome regression function
in Scenario 3 is a piecewise constant function of the treatment. As commented earlier,
these scenarios are motivated by various applications such as dynamic pricing where the
expected demand of a product has jump discontinuities as a function of the charged price. In
Scenarios 4 and 5, however, the outcome regression function is continuous in the treatment.
In particular, Scenario 4 is known as the varying coefficient model that has been widely
applied in many scientific domains. Scenario 5 has been considered by Chen et al. (2016)
for the personalized dose finding.

Scenario 3:

VM /2 4+0.5, a < 0.25,

Q(ZE a) _ Sil’l<27r[1}(2))7 0.25 S a < 05’
’ 0.5 — (20 +2® —0.75)2, 0.5<a < 0.75,
0.5, a > 0.75.

Scenario 4:
Q(z,a) =z {2|a — 0.5/6%},

where 6* = (1,2, —2,0;2)T. By setting 6p(a) = 2|a — 0.5/, it is immediate to see that
Q(z,a) = T "6y(a) and satisfies the condition in (13).

Scenario 5:
Qz,a) = 8+ 4z — 22 — 2:0) —10(1 4 0.521) + 0.523) — 24)2.

We apply the proposed L-JIL and D-JIL to Scenarios 1-5 to estimate the optimal I2DR,
with p = 20 and n € {50, 100, 200, 400,800}. The tuning parameters in JILs are specified
according to Section 3.4. Here, we set m = n/c with ¢ = 10 to save computational costs.
In Section 5.3, we report results with ¢ € {6,8} and find the values under the estimated
12DRs are very similar to those with ¢ = 10.

To evaluate the proposed I12DRs, we compare its value function V(J) with the values
under estimated optimal IDRs obtained by the linear outcome-weighted learning (L-O-L)
and the nonlinear outcome-weighted learning based on the Gaussian kernel function (K-O-
L) proposed by Chen et al. (2016), and the Q-learning method based on the linear regression
(Q-Linear). To implement L-O-L and K-O-L, we fix the parameter ¢, = 0.1, and select
other tuning parameters by five-fold cross-validation, as in Chen et al. (2016). Finally, to
implement Q-Linear, we first fit the outcome on {X, X x X, A, A%, XA, X x XA, X A% X x
X A2} via the linear regression where X x X means the quadratic and cross terms among
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Table 3: The value function under the proposed I2DR and IDRs estimated based on
outcome-weighted learning (L-O-L and K-O-L) and Q-learning with the linear
regression (Q-Linear) for Scenarios 1-5.

n 50 100 200 400 800
Scenario 1 L-JIL _ 0.783(0.016) 0.832(0.016)  1.080(0.014) 1.259(0.002)  1.297(0.001)
V =134  D-JIL 00914(0.012) 0.967(0.008) 1.050(0.005) 1.071(0.005) 1.138(0.001)
p=20 L-O-L  0.558(0.004) 0.574(0.004) 0.600(0.005) 0.597(0.005)  0.583(0.005)
K-O-L  0.335(0.008) 0.415(0.006) 0.441(0.006) 0.457(0.005) 0.489(0.004)
Q-Linear 1.026(0.041) 1.055(0.038)  1.080(0.038)  1.048(0.029)  0.829(0.028)
Scenario 2 L-JIL  0.741(0.021)  0.854(0.020)  1.180(0.007) 1.266(0.001)  1.299(0.001)
V =135 ~ D-JIL 0.900(0.012) 0.978(0.008) 1.074(0.004) 1.102(0.003) 1.141(0.001)
p=20 ~ L-OL 0.450(0.009) 0.448(0.006) 0.447(0.005) 0.429(0.004) 0.410(0.003)
K-O-L  0.115(0.019) 0.213(0.010) 0.229(0.007)  0.241(0.004)  0.276(0.002)
Q-Linear 1.048(0.039) 1.071(0.037) 1.080(0.036)  1.042(0.027)  0.772(0.034)
Scenario 3 L-JIL  0.227(0.020) 0.268(0.013)  0.372(0.008)  0.432(0.003)  0.511(0.002)
V =076 D-JIL 0.453(0.019) 0.469(0.009) 0.511(0.005) 0.526(0.004) 0.545(0.002)
p=20 ~ L-OL  0.00200.010) -0.009(0.008) -0.060(0.006) -0.090(0.005) -0.107(0.004)
K-O-L  -0.268(0.026) -0.233(0.015) -0.260(0.009) -0.251(0.006) -0.233(0.003)
Q-Linear  0.601(0.039)  0.604(0.032)  0.597(0.022)  0.575(0.015)  0.315(0.032)
Scenario 4  L-JIL  0.553(0.013) 0.564(0.011) 0.630(0.011) 0.806(0.006)  0.882(0.002)
V=128 D-JIL 0.612(0.014) 0.651(0.008) 0.684(0.004) 0.653(0.006) 0.801(0.001)
p=20 ~ L-OL 05250.016) 0.458(0.010) 0.375(0.004) 0.300(0.002) 0.237(0.001)
K-O-L  0.236(0.007) 0.260(0.004) 0.252(0.003)  0.244(0.001)  0.246(0.001)
Q-Linear  0.995(0.025)  0.995(0.026)  0.999(0.021)  0.998(0.025)  0.832(0.044)
Scenario 5 L-JIL 5.82(0.05) 6.41(0.02) 6.80(0.01) 7.02(0.01) 7.16(0.01)
V =800 D-JIL  5.57(0.06) 5.79(0.03) 5.97(0.02) 6.10(0.01) 6.26(0.01)
p=20 LOL  5092(0.07) 6.75(0.03) 7.32(0.02) 7.66(0.01) 7.81(0.01)
K-O-L  6.70(0.02) 7.05(0.02) 7.38(0.01) 7.58(0.01) 7.56(0.01)
Q-Linear  -0.53(1.27)  1.35(1.05) 3.80(0.57) 6.57(0.21) 6.57(0.21)

X. Denote the resulting estimator as @L($, a), then the optimal dose for a patient with
covariates X = x is given by argmax, @L(m, a). All the value functions are evaluated via
Monte Carlo simulations. The average value function as well as its standard deviation over
200 replicates are summarized in Table 3.

It can be seen from Table 2 that both L-JIL and D-JIL are very efficient when Model
I (Scenarios 1-3) holds, and perform reasonably well when Model II (Scenario 4 and 5)
holds or the sample size is small. For instance, the proposed L-JIL achieves a value of
1.297 in Scenario 1 and 1.299 in Scenario 2, when n = 800. These values are very close
to the optimal values, given by 1.34 and 1.35. In addition, due to the largely increased
feature dimension, extra noises compromise the performance of D-JIL in both Scenarios 1
and 2, by comparing the results in Table 1 with that in Table 2. Yet, in Scenario 3, the
nonlinear setting is hard to be modeled by the linear pattern, and thus the proposed D-JIL
performs consistently better than L-JIL, due to the capacity of deep neural networks in
approximating complicated non-linear relationships. Moreover, the value of the proposed
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I12DR increases with the sample size in most cases. This supports our theoretical findings
in Section 4.

In comparison, the value function under the estimated IDR using L-O-L and K-O-L is
no more than half of the optimal value for each setting in Scenarios 1 to 4. This is owing to
the ‘V-structured’ non-linear complex optimal decision rule in Scenario 4, which violates the
assumption in Chen et al. (2016) that the decision rules should be smooth over the entire
space of the treatment. While our method still works well for such a varying coefficient
model. This supports our theoretical findings in Theorem 6. In Scenario 5, L-O-L and
K-O-L have better performance, as the true optimal decision rule is linear and the outcome
regression function is very sensitive to the change of the treatment level a (by noticing that
the coefficient of the quadratic term in Scenario 5 is 10). Our methods perform worse in
this scenario. However, the value difference is not large. In addition, under Scenarios 1-3,
both L-JIL and D-JIL achieve larger value functions than Q-Linear when n = 800, since the
linear model misspecifies the true conditional mean function under Model I. Under Scenarios
4-5, Q-Linear performs reasonably and comparably well as our proposed methods, because
Scenario 4 is linear in X and the conditional mean outcome function under Scenario 5 is
correctly specified by Q-Linear. Yet, due to the largely increased feature dimension p, the
input dimension in Q-Linear is 3p(p — 1)/2 + 3p + 2, which compromises the performance
of Q-Linear under Scenario 5 when n is small. Among competing methods, the Q-Linear
method has better performance than outcome-weighted learning methods by Chen et al.
(2016) in Scenarios 1-4. Yet, all results of values based on Q-Linear have considerably
larger variances than other methods. More importantly, our methods are able to derive
the I2DR, which is more interpretable and easier to implement in practice.

In addition, we notice that D-JIL performs comparably to L-JIL in Scenario 1. This
is because the DNN model with the ReLU activation function contains the linear model
as a special case. Yet, the asymptotic rate of convergence of D-JIL is slower than that of
L-JIL due to its complexity. When n > 200, D-JIL performs worse than L-JIL, as expected.
In Scenario 2, although the outcome regression function is nonlinear in z, the resulting
I12DR can be well-approximated by a linear decision rule. As such, L-JIL and D-JIL achieve
similar performance.

Finally, we report the computation time of D-JIL in Table 4. The computing infras-
tructure used is a virtual machine containing the second generation Intel Xeon Scalable
Processors with 16 processor cores and 64GB memory in the AWS Platform. It can be seen
that the computation time increases approximately linearly with the sample size. The main
computation lies in adaptively selecting +, via cross-validation. We remark that parallel
computing can be employed to further reduce the computation time.

5.3 Choice of m

Recall that we set m = n/c for some constant ¢ > 0. In Section 5.2, we report our simulation
results with ¢ = 10. In this section, we set ¢ € {6,8} and report the corresponding results
in Tables 5-7 to investigate the sensitivity of the proposed methods to the choice of ¢. We
also include results with ¢ = 10 for completeness. It can be seen from Tables 5 and 6 that
the value functions are very similar across different choices of ¢. In addition, it can be seen
from Table 7 that the averaged number of estimated intervals for the proposed I12DR is very
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Table 4: The computation time (in minutes) of the proposed D-JIL.

50 100 200 400 800
Scenario 1 0.90(0.04) 1.95(0.03) 4.96(0.05) 14.04(0.12) 35.48(0.21)
Scenario 2 0.78(0.02) 1.56(0.02) 4.07(0.04) 13.53(0.07) 35.46(0.12)
Scenario 3 0.67(0.01) 1.02(0.02) 2.50(0.04) 7.34(0.04) 23.20(0.06)
Scenario 4 0.70(0.01) 1.09(0.02) 3.72(0.04) 10.25(0.06) 15.80(0.19)
Scenario 5 1.01(0.01) 1.51(0.01) 2.30(0.02) 5.37(0.02) 16.32(0.05)

Table 5: The value function of the proposed I2DR under L-JIL for Scenarios 1-5 with dif-
ferent choices of m =n/ec.

n 50 100 200 400 800
Scenario I c¢=6 0.813(0.019) 0.858(0.017) 1.027(0.014) 1.249(0.003) 1.289(0.001)
V=134 c¢=8 0836(0.022) 0.870(0.018) 1.024(0.014) 1.238(0.002) 1.295(0.001)
p=20 c¢=10 0.783(0.016) 0.832(0.016) 1.080(0.014) 1.259(0.002) 1.297(0.001)
Scenario 2 c¢=6 0.804(0.025) 0.891(0.021) 1.132(0.008) 1.257(0.002) 1.290(0.001)
V=135 c¢=8 0857(0.029) 0.935(0.021) 1.123(0.009) 1.241(0.002) 1.299(0.001)
p=20 ¢=10 0.741(0.021) 0.854(0.020) 1.180(0.007) 1.266(0.001) 1.299(0.001)
Scenario 3 c¢=6 0.280(0.023) 0.310(0.014) 0.339(0.008) 0.422(0.003) 0.504(0.002)
V=076 c=8 0229(0.019) 0.325(0.014) 0.326(0.008) 0.417(0.003) 0.512(0.002)
p=20 ¢=10 0.227(0.020) 0.268(0.013) 0.372(0.008) 0.432(0.003) 0.511(0.002)
Scenario 4 c¢=6 0.565(0.015) 0.561(0.012) 0.639(0.011) 0.818(0.006) 0.884(0.002)
V=128 c¢=8 0563(0.015) 0.564(0.012) 0.627(0.011) 0.810(0.006) 0.882(0.002)
p=20 ¢=10 0.553(0.013) 0.564(0.011) 0.630(0.011) 0.806(0.006) 0.882(0.002)
Scenario 5 c¢=6  581(0.05)  6.38(0.02)  6.78(0.01)  6.99(0.01)  7.09(0.01)
V=800 c=8 5820005  640(0.02) 6.78(0.01)  7.02(0.01)  7.12(0.01)
p=20 c=10 582(0.05) 6.41(0.02)  6.80(0.01)  7.02(0.01)  7.16(0.01)

close to the ground truth under Scenarios 1-3 where the underlying models are piecewise
constant. Under Scenarios 4-5 however, the number of estimated intervals grows with the
sample size, as expected. In all cases, the averaged number of estimated intervals is not
overly sensitive to the choice of m. Finally, we report the computation time of the proposed
D-JIL in Table 8. It can be seen that the computation time increases with m and n, as
expected.

6. Real Data Analysis

In this section, we illustrate the empirical performance of our proposed method on real data
from the International Warfarin Pharmacogenetics Consortium (Consortium, 2009). War-
farin is a medication that is commonly used for preventing blood clots such as thrombosis
and thromboembolism. Its effect is evaluated by the international normalized ratio (INR),
which is a measurement of the time it takes for the blood to clot, with an ideal number
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different choices of m = n/ec.

Table 6: The value function of the proposed I2DR under D-JIL for Scenarios 1-5 with

n 50 100 200 400 800
Scenario I c¢=6 0.941(0.012) 0.972(0.008) 1.028(0.004) 1.065(0.004) 1.127(0.001)
V=134 c¢=8 0973(0.016) 0.990(0.008) 1.030(0.004) 1.053(0.005) 1.136(0.001)
p=20 c¢=10 0.914(0.012) 0.967(0.008) 1.050(0.005) 1.071(0.005) 1.138(0.001)
Scenario 2 c¢=6 0.943(0.013) 0.980(0.008) 1.037(0.004) 1.087(0.003) 1.129(0.001)
V=135 c¢=8 1.002(0.015) 1.012(0.008) 1.039(0.004) 1.076(0.003) 1.137(0.001)
p=20 ¢=10 0.900(0.012) 0.978(0.008) 1.074(0.004) 1.102(0.003) 1.141(0.001)
Scenario 3 c¢=6 0.475(0.018) 0.480(0.009) 0.481(0.006) 0.493(0.004) 0.521(0.002)
V=076 c=8 0416(0.019) 0.497(0.009) 0.493(0.006) 0.506(0.003) 0.532(0.002)
p=20 ¢=10 0.453(0.019) 0.469(0.009) 0.511(0.005) 0.526(0.004) 0.545(0.002)
Scenario 4 c¢=6 0.624(0.014) 0.655(0.008) 0.686(0.004) 0.687(0.005) 0.801(0.001)
V=128 c¢=8 0622(0.014) 0.651(0.008) 0.684(0.004) 0.676(0.005) 0.801(0.001)
p=20 ¢=10 0.612(0.014) 0.651(0.008) 0.684(0.004) 0.653(0.006) 0.801(0.001)
Scenario 5 c¢=6  549(0.06)  5.69(0.03)  5.82(0.02)  5.97(0.01)  6.12(0.01)
V=800 c=8 558005  5770.03) 5091(0.02)  6.04(0.01)  6.20(0.01)
p=20 ¢=10 557(0.06) 5.79(0.03)  5.97(0.02)  6.10(0.01)  6.26(0.01)

choices of m = n/c.

Table 7: The averaged number of estimated intervals computed by L-JIL with different

50 100 200 400 800

Scenario I c¢=6 2.04(0.17) 2.16(0.15) 2.60(0.09) 3.00(0.01)  3.00(0.00)
Pol=3 ~c=8 1.08(0.15) 2.15(0.14) 2.47(0.07) 3.01(0.01)  3.00(0.00)
p=20 c=10 1.78(0.14) 1.95(0.13) 2.76(0.10) 3.00(0.00)  3.00(0.00)
Scenario 2 c=6 2.38(0.18) 2.76(0.16) 3.17(0.09) 3.00(0.00)  3.00(0.00)
Pol=3 ~c=8 238(0.15) 3.03(0.16) 3.02(0.04) 3.00(0.00) 3.00(0.00)
p=20 c¢=10 2.00(0.15) 2.64(0.14) 3.12(0.07) 3.00(0.00)  3.00(0.00)
Scenario 3 c¢=6 2.63(0.20) 3.59(0.21) 3.65(0.17) 3.34(0.03)  3.76(0.02)
Pol=4 ~c¢=8 226(0.19) 3.40(0.19) 3.41(0.14) 3.34(0.03) 3.78(0.02)
p=20 c=10 2.24(0.18) 3.01(0.18) 3.48(0.13) 3.32(0.03) 3.75(0.02)
Scenario 4 c¢=6 1.68(0.15) 1.59(0.13) 1.86(0.07) 2.86(0.04) 3.12(0.01)
/ c=8 161(0.14) 1.55(0.11) 1.79(0.07) 2.80(0.04) 3.15(0.02)
p=20 c=10 1.58(0.13) 1.62(0.13) 1.82(0.07) 2.79(0.04) 3.13(0.02)
Scenario 5 c¢=6 4.78(0.17) 6.56(0.12) 9.56(0.08) 15.08(0.08) 25.71(0.07)
/ c=8 429(0.13) 6.28(0.13) 9.30(0.09) 14.36(0.08) 23.91(0.08)
p=20 ¢=10 3.91(0.11) 5.96(0.11) 8.67(0.08) 13.62(0.08) 22.00(0.08)

of 2.5. High doses of Warfarin are more beneficial than its lower doses, but may lead to a
high risk of bleeding as well. Proper dosing of Warfarin is thus of significant importance.
Yet, this problem is particularly challenging due to the complex interactions between War-
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Table 8: The computation time (in minutes) of D-JIL with different choices of m = n/c.

n 50 100 200 400 800
Scenario I c¢=6 0.69(0.03) 2.36(0.05) 10.38(0.10) 33.00(0.22) 87.56(0.36)
c=8 1.21(0.03) 2.23(0.05) 6.33(0.09) 19.96(0.16) 53.75(0.29)
p=20 c=10 0090(0.04) 1.95(0.03) 4.96(0.05) 14.04(0.12) 35.48(0.21)
Scenario 2 c¢=6 0.71(0.04) 2.35(0.06) 10.35(0.11) 32.08(0.21) 86.53(0.26)
c=8 1.02(0.02) 2.27(0.03) 5.79(0.08) 18.54(0.11) 54.36(0.24)
p=20 c=10 0.78(0.02) 1.56(0.02) 4.07(0.04) 13.53(0.07) 35.46(0.12)
Scenario 3 c¢=6 0.71(0.02) 2.33(0.03) 6.12(0.05) 17.23(0.10) 52.96(0.24)
c=8 0.79(0.01) 1.59(0.02) 4.28(0.03) 9.61(0.06) 32.52(0.17)
p=20 c¢=10 067(0.01) 1.02(0.02) 2.50(0.04) 7.34(0.04) 23.20(0.06)
Scenario 4 c¢=6 1.15(0.02) 2.67(0.05) 7.45(0.08) 21.38(0.19) 52.07(0.38)
c=8 088(0.02) 1.99(0.02) 4.92(0.04) 13.38(0.06) 32.77(0.19)
p=20 c¢=10 0.70(0.01) 1.09(0.02) 3.72(0.04) 10.25(0.06) 15.80(0.19)
Scenario 5 c¢=6 1.24(0.02) 2.49(0.03) 4.47(0.04) 8.91(0.05) 28.52(0.09)
c=8 086(0.01) 1.37(0.01) 3.53(0.02) 7.39(0.03) 20.80(0.09)
p=20 c¢=10 1.01(0.01) 1.51(0.01) 2.30(0.02) 5.37(0.02) 16.32(0.05)

farin and many commonly used medications (Holbrook et al., 2005). Nonetheless, existing
methods are not able to recommend an individualized interval-based dose rule for Warfarin.

To develop the optimal I12DR for Warfarin dosing, we use the dataset provided by the
International Warfarin Pharmacogenetics (Consortium, 2009) for analysis. We choose 6
baseline covariates, including age, height, weight, gender, the VKORC1.AG genotype, and
the VKORC1.AA genotype. This yields a total of 3848 with complete records of baseline
information. Here, the VKORC1 genotype has been shown to play a particularly large role
in response to Warfarin (Wadelius et al., 2005). The outcome is defined as the negative
absolute distance between the INR after the treatment and the ideal number of 2.5, i.e,
Y = —|INR — 2.5|. Thus, a larger outcome represents a better balance between preventing
blood clots and the risk of bleeding, with the optimal value of 0. We use the min-max
normalization to convert the range of the dose level A into [0, 1].

To implement L-JIL and D-JIL, we set ¢ = 5, i.e., m = n/5, and select 7, and \,
via cross-validation, as in Section 5.2. To further evaluate the empirical performance of
the proposed 12DRs, we compare their values with the value under the IDR estimated by
K-O-L. Specifically, we randomly select 70% of the data to compute the proposed I2DR
and the IDR obtained by K-O-L, and evaluate their value functions using the remaining
dataset. We then iterate this procedure 50 times to calculate the average value function.
For each iteration, the value function is estimated based on the nonparametric estimator
proposed by Zhu et al. (2020).

Specifically, let G5+ denote observations in the testing dataset. For the IDR d computed
by K-O-L, we consider the following nonparametric estimator for its value function,

zze e Vi (& = X)) K (b (d) = A)) Kby (e - X,
c (v Koz X,

S e, K(he'(z — X3))K (ha'! (d(z) — 4;)) o |Gest|
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Table 9: The averaged value and their standard deviation under four different choices of
7*(+;2,7) in the real data application.

Choice of 7*(-;x,Z) | Minimum Dose Maximum Dose Mid-point Dose  Uniformly Sample
Under L-JIL -0.329(0.008) -0.329(0.007) -0.328(0.008) -0.328(0.008)
Under D-JIL -0.333(0.012) -0.332(0.011) -0.333(0.012) -0.333(0.012)

Table 10: The averaged value with their standard deviation under L-JIL with different
choices of ¢ in real data analysis.

Choice of ¢ c=6 c=238 c=10
Estimated Value | -0.329(0.009) -0.329(0.009) -0.328(0.008)

where K(-) denotes the Gaussian kernel function, and h, and h, are some bandwidth
parameters. The tuning parameters h, and h, are chosen according to the numerical results
in Section 5 of Zhu et al. (2020). R

Notice that the value flAmction under the proposed I2DR d(-) depends on the preference
function 7*. To evaluate d, we consider multiple preference functions, including the maxi-
mum value, the minimum value, the mid-point value, and the value unlformly at random.
In particular, when 7* is set to the uniform density function, we compute V™" (d) as

et VR (= XK (00 = 40) [~ KO e~ X)),
/ / \d K (hz (2 — Xo) K (ha (d(w) — A7) { 2 TG }d -

ZEGtest 1E€Gtest

Reported in Table 9 are the averaged values under the proposed I2DRs computed via L-JIL
and D-JIL, with the aforementioned four choices of 7*, aggregated over 10 replications. It
can be seen that our method is not sensitive to the choice of 7*.

Over 50 iterations, the average value functions of our proposed I2DRs computed by
L-JIL and D-JIL are —0.332 and —0.331, larger than the value —0.344 of the IDR obtained
by K-O-L. These values mean that the INR of patients following the recommended 12DR
is around 0.33 far from the ideal amount of 2.5. In contrast, using K-O-L would lead to a
greater departure from the ideal amount. We also set ¢ to 6, 8, or 10 when employing L-JIL
and report the average value functions and their standard deviations in Table 10. It can be
seen that the performance is similar across difference choices of ¢. In addition, among the 50
iterations, |73| computed by L-JIL equals 3 for 40 iterations. Let 01, 92, and 03 denote the
corresponding regression coefficients associated with these three subintervals. We report
the means and standard deviations of the estimated regression coefficients across these 40
iterations in Table 11. It can be seen that except for the intercept term associated with the
first subinterval, the standard deviations of other parameters are fairly small. In the rest
10 iterations, |73| is either 2 or 4. As such, the change points and parameter estimates are
relatively stable across 50 iterations.

Finally, we apply L-JIL to the entire data without sample-splitting to compute an I12DR
and illustrate its interpretability. It turns out that L-JIL partitions [0, 1] into three subin-
tervals: [0,0.02), [0.02,0.17), and [0.17,1]. We report these regression coefficients in Table
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Table 11: The means and standard deviations of regression coefficients associated with the

three subintervals computed by L-JIL over 40 iterations.

Intercept Age Weight Height Gender VKORCI1.AG

VKORCI1.AA

61 | -1.289(0.841) 0.005(0.036) 0.003(0.005) 0.005(0.005) -0.123(0.105) -0.493(0.140)

-0.533(0.141)

6 | -1.900(0.163) 0.021(0.006) 0.004(0.001) 0.008(0.001) -0.203(0.021) -0.024(0.027)

-0.125(0.026)

f5 | -0.450(0.063) 0.014(0.002) 0.001(0.001) 0.001(0.001) -0.026(0.009) -0.007(0.006)

-0.116(0.012)

Table 12: The regression coefficients associated with the three subintervals computed by
applying L-JIL to the entire data without sample-splitting.

Intercept Age Weight Height Gender VKORCI1.AG VKORCI1.AA
01 -1.229  0.013 0.003  0.004 -0.130 -0.466 -0.541
02 -2.008  0.021 0.004 0.008 -0.212 -0.030 -0.127
03| -0.518  0.015 0.001 0.001  -0.032 -0.001 -0.118

12. According to Table 12, the proposed I2DR based on L-JIL gives us a clear interpreta-
tion of the effect of baseline information on the dose assignment rule. For instance, patients
whose genotype VKORC1 is AG or AA are more likely to receive low doses of Warfarin
to prevent bleeding; older patients with larger weights shall be treated with higher dose
levels. Future experiments are warranted to confirm these scientific findings. In Figure 2,
we give a virtual representation of the proposed I2DR under L-JIL. Specifically, for each of
the 3848 patients in the whole dataset, we plot a 3-dimensional vector (Z 01,z 0,z 63)"
based on his/her covariates z. Patients that are recommended to receive dose levels in
[0,0.02), [0.02,0.17), and [0.17, 1] are colored in blue, orange, and green, respectively. That
is, we classify patients into three groups according to the recommended dose interval. It can
be seen from Figure 2 that these three subgroups are well separated and have comparable
sample sizes. In Figure 3, we further plot the histograms of the recommended treatments
(uniformly randomly sampled from the computed I2DR) and the received treatments.

7. Discussions

7.1 Diverging Number of Change Points

When Model I is true, we assume | Py is fixed to simplify the results in Theorems 1, 2, 3, and
4. Our theoretical results can be generalized to the situation where |Py| diverges with n as
well. Take L-JIL as an example. Similar to Theorem 1, we can show that the ¢, integrated
loss satisfies fol 160(a) —0o(a)||3da = O,(|Poln~tlogn). Compared to the results in Theorem
1, the convergence rate here is slower by a factor [Pg|. In addition, [Py| = o(n/logn) is
required to guarantee the consistency of 6.

We next present more technical details. In the proof of Theorem 6 (see Section B.10 for

~

details), we consider a more general framework and establish the ¢y integrated loss of 6(-)
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Figure 2: 3D plot of the proposed I12DR, computed by L-JIL.
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Figure 3: Histograms of the recommended treatments (uniformly randomly sampled from
the computed I2DR) and the received treatments.
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by assuming 6y satisfies lim sup,,_, . k*°AE(6p) < oo where

0o(a ZGIHaEI

AEL(6y) = inf { sup
» Zep

P:|P|<k+1 a€l0,1]
(07)zer€llzep R

} |

By definition, AEx(6y) describes how well 6y(-) can be approximated by a step function.

When 6y(-) is a step function with number of jumps equal to |Py|, we have AE.(6y) =0
for any k > |Py|. As a result, 6y satisfies the condition limsup;_,., k“°AE;(6y) < oo for
any o > 0. As a result, the assertion (143) in the proof of Theorem 6 also holds for 6y(-)
and we have with probability at least 1 — O(n~2) that

1 ~
/0 16(a) — Bo(a)||3da < O(1)(IPo| =% + 7u|Pol),

where O(1) denotes some positive constant. As |Py| — oo and ag can be made arbitrarily
large, we have with probability at least 1 — O(n~2) that

/ 18(a) — fo(a)3da < O(1)([Po)).

where O(1) denotes some positive constant.

In Theorem 6, we require 7, > n~!'logn. However, this condition can be relaxed to
Y > Mon~tlogn for some sufficiently large constant My > 0. Under the latter condition,
we have

/ 18(a) — Bo(a)[3da = Op(|Poln™"logn).

This yields the convergence rate of the {5 integrated loss of §()

7.2 Potential Alternative Approaches

In this paper, we focus on modeling the outcome regression function to derive I2DR. Below,
we outline two other potential approaches and discuss their weaknesses.

7.2.1 A-LEARNING TYPE METHODS

Let’s assume ¢z(+) satisfies (1) and the partition Py is known to us. In order to eliminate the
baseline function ug(+), we can apply Robinson’s transformation (see for example, Robinson,
1988; Chernozhukov et al., 2018; Zhao et al., 2022, and the references therein) and compute
gz by minimizing

n

. 1 - .
argmin — Y [V; — (X)) — Y {I(4; € T) - &Z|Xi) bz (X)),
{(IIEQIZIEPO} n i=1 ZGPO

where ji(x) correspond to some nonparametric estimators for E(Y'|X = z). Both i and € can
be obtained by some generic machine learning methods with good prediction performance.
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When Py is unknown, one might consider estimating Py and {gz : Z € Py} jointly by

n 2

argmin > Vi - i(X:) — S{I(A; € T) — 6(TIX) bar(Xe) | +7alP,
PeB(m), M5 IeP
{qz€91:ZeP}

for some tuning parameter -,. However, different from the objective function in (3), for
a given partition P, all the functions {gz : Z € P} need to be jointed estimated. As a
result, standard change point detection algorithms such as dynamic programming or binary
segmentation (Scott and Knott, 1974) cannot be applied. The exhaustive search among
all possible partitions is computationally infeasible. It remains unknown how to efficiently
solve the above optimization problem. We leave it for future research.

7.2.2 POLICY SEARCH

As commented in Section 2.2, to apply value search, we need to specify a preference function
7*. To better illustrate the idea, let us suppose 7*(;z,Z) = p(alz)/ [ .7 p(alz’)dz’. That
is, the preference function is the same as the one we observe in our data. Then, for a
given 12DR. d, we can consider the following inverse propensity score weighted estimator for
VT (d),

S L= I(A €d(X0))
V=2 )

For a given partition P, let Dp denote the space of I2DRs that we consider. Then d
can be computed by maximizing

)
X,-) Y

(A
= argmaxargmax — Y-H d(X;) =1).
PeB(m) deDp N z; 27:; (d(X; ( )

argmaxarg maX —

I(A; € d(X;
PeB(m) deDp ni: e(d(X;)|

Suppose we consider the class of linear decision rules, i.e.,

Dp = {d : d(z) = argmax 6, z}.
ZeP

It suffices to maximize

1 I(A; € )
argmax — — YV I{d(X;) = arg max q7(X;)}.
PeB(m) T ;IEP e(d(Xi)|Xs) Tep
{qz€9Q1:Z€P}

Similar to Section 7.2.1, for a given partition P, all the functions {¢zr : Z € P} need to
be jointed estimated. As a result, dynamic programming cannot be applied. It remains
unknown how to efficiently solve the above optimization problem. We leave it for future
research.
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7.3 Other Approaches

Recently, Meng et al. (2020) developed set-valued decision rules that contain equally ben-
eficial treatments, borrowing ideas from multicategory classification with reject and refine
options. Their method is developed under a discrete treatment setting with finitely many
treatment options. It remains unclear whether it can be extended to our continuous treat-
ment setting or not. We leave it for future research.

Next, in addition to the jump penalized regression formulation, one can alternatively
consider the following constrained optimization function that directly restricts the number
of estimated intervals to smaller than or equal to some integer M,

n

(P{fr:T€P})= argmin > (1 > (A € T)(Yi — q(Xi567) + )\n|I]HGIH§) .
(IPISMA02:Z€P}) 7cp nizl

It would be interesting to further investigate the theoretical and numerical properties of

this method. However, this is beyond the scope of the current paper and we leave it for

future research.

Finally, our estimated partition is independent of the patient’s baseline information. It
might be practically more useful to consider patient-specific partitions and allow P to be
a function of the baseline information. Additional interests include extending our work to
policy evaluation (Cai et al., 2021) in the infinite horizon (Li et al., 2023). We leave them
for future research.

7.4 Other Penalty Functions in L-JIL

In L-JIL, We use a ridge penalty in (6) to prevent overfitting in large p problems. When the
true regression coefficient 6y(-) is sufficiently sparse, one can consider replacing the ridge
penalty with the LASSO (Tibshirani, 1996) to improve the estimation accuracy. However,
optimizing the resulting objective function requires computing the LASSO estimator m(m —
1)/2 times. This is far more computationally expensive than the proposed method. It
remains unknown whether the computation can be simplified. Finally, We leave it for
future research.
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This appendix is organized as follows. In Section A, we discuss more details on tuning
parameters in L-JIL. Technical proofs are given in Section B.

Appendix A. More on Tuning in L-JIL

For L-JIL, we choose 7, and A, simultaneously via cross-validation. As we will show below,
the use of cross-validation will not increase the computation complexity substantially in
L-JIL.

To elaborate, let us revisit the proposed jump interval-learning in Algorithm 1. The
most time consuming part lies in computing the ridge-type estimator

—1
b0 = [ Y XX, 14 € I) + nha|TEpss S XYil(AieT) |, (16)
i€G_y i€eG_g

where E,, 11 is the identity matrix with dimension p + 1, and the cost function
1 — T~ 2
cost(Z, \a) = — > I(4; € T) {Y ~X, az(An)} ,

n
1€Gy

for any Z € {[l/m,r/m) : 1 <l <r<m}U{[l/m,1]:1 <l <m}.
To compute {07, x,.k : Yn € I'ny An € Ay}, we need to calculate {67(\,) : A € Ay} and
{cost(Z, An) : An € Ay} for any Z. We first factorize the matrix >, ¢ YiY:]I(Ai €7) as

Y XX, (4 €T)=UTUT,
1€G_g

according to the eigendecomposition, where U is some (p + 1) x (p 4+ 1) orthogonal matrix
and T = diag(7o, 71, -+ ,7p) is some diagonal matrix. Let ¢ = U {> X, Y;I(A; € T)}.

Then the set of estimators {#z(\,) : A € An} can be calculated by
0z(\,) = Udiag {(0 + M) Z)) 7 (11 + 0 |Z) 7 (7 + | Z]) T 6,

i€G_y

simultaneously for all A,,.

Compared to separately inverting the matrix » ,cq YZY: I(A; € ) + nA\,|Z|Ep 41 in
(16) for each A, to compute {87(An) : An € Ay}, the proposed method saves a lot of time
especially for large p. Similarly, based on the eigendecomposition, we have

neost (I, A\n) = Y YPI(A; €T) (17)
i€G_y
26 ding { (70 + nAalZ)) L, (71 4 mAZ) o (7 mAGlZ) ) 6
+¢ " diag {7010 + nAn|Z]) 7%, 71 (11 + nAG|Z]) 2, (T + AT TP 6,

for all \,, € A,,. This facilitates the computation of {cost(Z,\,) : A, € Ay}
After obtaining these cost functions, we can recursively compute the Bellman function

B(r, An,vn) by
B(T, )‘na')/n) = 1271{1 {B(j, /\naVn) + Yo+ cost([j/m, r/m), )\n)} )
J T
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f(ﬂr all r > 1, A\, € A, and v, € I',,. Given the Bellman function, the set of estimators
{02 Mk = Yn € Ty Ap € Ay} thus can be computed efficiently.

Appendix B. Technical Proofs

In the proofs, we use ¢, C' > 0 to denote some universal constants whose values are allowed
to change from place to place. For any vector ¢ € R, we use ¢(/) to denote the j-th element
of ¢, for any j € {1,...,q}. For any two positive sequences {ay}, {bn}, an x b, means that
an < cb, for some universal constant ¢ > 0

B.1 Proof of Theorem 1

We provide the proof for Theorem 1 in this section. We present an outline of the proof first.
Let dmin = minzep, |Z|/3 > 0. We divide the proof into four parts. In Part 1, we show that
the following event occurs with probability at least 1 — O(n=2),

max min |7 — 7| < dmin. (18)
T€J(Po) 7J(P)

By the definition of iy, this implies that
Pr(|P| > |Po]) > 1 — O(n?). (19)
In Part 2, we show that

max min |7 —7|=O(n !logn), 20
s min [2 7] = O(n~" logn) (20)

with probability at least 1 — O(n~2). This proves (ii) in Theorem 1. In Part 3, we prove
Pr(|P| < [Po]) > 1—0(n72). (21)

This together with (19) proves (i) in Theorem 1. In the last part, we show (iii) holds.

In the following, we first introduce some notations and auxiliary lemmas. Then, we
present the proofs for Part 1, 2, 3 and 4.

Notations and technical lemmas: For any interval Z C [0, 1], define

n -1 n
~ 1 — —T 1 __
01 = (n E ]I(AZ € I)XZXZ + )\n|I’Ep+1> (n E ]I(AZ € I)X,E) R

i=1 i=1

T\ ! _
Oo1 = (E]I(A € I)XX ) {EI(A € T)XY},

where X = (1, X 7). It is immediate to see that the definition of f7 here is consistent
with the one defined in (3) for any Z € P. In addition, under the model assumption in
(13), the definition of #y 7 here is consistent with the one defined in step function model
bo(a) = > 7ep, bozl(a € ) for any T € Po.

Let J(m) denote the set of intervals

J(m) = A{[i1/m,i2/m) : for some integers i; and ig that satisfy 0 < iy < iy < m}
U {[iz/m, 1] : for some integers i3 that satisfy 0 < i3 < m}.
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Let {Tng}é{:_ll with 0 < 791 < 702 < -+ < 70, k-1 < 1 be the locations of the true change
points of Oy(-). Set 790 =0, 70 k = 1. We introducing the following lemmas.

Lemma 1 Assume conditions in Theorem 1 are satisfied. Then there exist some constants
¢o > 0, co > 1 such that the following events occur with probability at least 1 — O(n=2): for
any interval T € J(m) that satisfies |I| > con~'logn, we have

cov/logn

0r — 6 < , 922
107 — Ooz|2 < T (22)
n . _ 7|1
LS 14 e T)(vi - X o) || < oV Elosn (23)
n =1 2 \/ﬁ
1 < _ _ 7|1
| S (A € )Y~ X 00(A)VX {B0(A7) — bz} < LVELBT (24)
1 & —T 1 I& T|logn
LS HA e DR 10040 — o} > [ 160(e) — ozl — DEELER o
ni= € Jz Vin
1 — — I|logn
LS 1 e (WP + KR < o (V' n m) | (26)
n =1 \/ﬁ
In addition, for any T € [0, 1], we have
[60,z]l2 < co. (27)
[ |

Lemma 2 Assume conditions in Theorem 1 are satisfied. Then there exist some constants
¢1 > 0,c1 > 1 such that the following events occur with probability at least 1 — O(n=2): for
any interval T € J(m) that satisfies [ |0o(a) — boz]/3da > ein~tlogn,

KA € DY = X{ oA} X {Ao(Ai) — o)

=1
< cl\/n/HHo(a)—HO,ZH%dalogn, (28)
A
N 14, € T)[X, {60(Ai) — bz}
=1
n
> / lﬁo(a)—ﬁolﬂgda—cl\/n/ 100(a) — Bo.z||2da log n. (29)
C1Jz T
[ |

Lemma 3 Assume conditions in Theorem 1 are satisfied. Then for sufficiently large n and
any interval T C [0,1] of the form [i1,iz) or [i1,42] with iy = 1 that satisfies [[|6o(a) —
bo.z|l3da = ¢, for some sequence {cy}y such that ¢, > 0,Yn and ¢, — 0 as n — 0o, we have
either 1o ,—1 < i1 < ig < 7o for some integer k such that 1 <k < K or

Tok—2 < 11 < Top—1 < d2 < 7o) and gig} |ij — Tok—1] < cacn,
] b
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for some integer k such that 2 < k < K and some constant ca > 0, or

Tok—3 < 11 < Top—2 < Tok—1 < i2 < Tok and 'g%}é} |5 — T k—3+j] < Cacn,
] b

for some integer k such that 3 < k < K and some constant ca > 0.

In addition, the following events occur with probability at least 1 — O(n=2): for any
interval T € J(m) that satisfies [, ||6o(a) — 6o z||3da < e1n~'logn, we have

3 I(4; € Y — X 06(A)}X, {60(4;) — boz}| < ez logn, (30)
i=1
for some constant ¢y > 0. [ |

Lemma 4 Under the conditions in Theorem 1, the following events occur with probability
at least 1 — O(n=2): there exists some constant ¢3 > 0 such that ming 5 |Z| > ¢3vn. |

Part 1: Assume |Py| > 1. Otherwise, (18) trivially hold. Consider the partition P = {0, 1]}
which consists of a single interval and a zero vector 0,41. By definition, we have

> (Z I(A; € T)(Yi - X, 1) + nAn!I\\é\z\@) + 19| P

Zep \i=l
n T n
< Y (Y= X 0p0)” + 0 0pa |13+ 1y = DY+ nye
-1 i—1

In view of (26), we obtain with probability at least 1 — O(n~2),

> (ZM eI)(Yi - X, 07)° +n/\n\IlH§IH§> + ([P - 1) < con(

Tep \i=l

This implies that under the event defined in (26), we have for sufficiently large n,

_ I
([Pl = 1) < o < o8n 1) ,

Vn
and hence
1P| < 2e07, Y, (31)

for sufficiently large n.
Under the event defined in Lemma 4, we have min 5 |Z| > con~tlogn for sufficiently

large n, since 7, > n~!logn. Thus, with probability at least 1— O(n=2), the events defined
n (22)-(26) hold for any interval Z € P.
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Notice that

> <Z I(A;i € )(Y; - X, 07) + n/\n\I|H§Z||§> +ny| P (32)
IeP \i=
> D > WA € D)(Yi - X, 00+ nwlPl = nyaPl+ D) LA € I)(Y; = X, 0p1)°

zep =1 Zep =1

~~

m

T/\
Z I(4; € D)(Y; — X, b02)X; (07 — Oo.1)] -
=1

+ ZZ I(A; € T){X, (0 — 60.1)}> -2y
Zep =1 ZeP

-~

72

-~

3

By (22) and (23), we obtain that

ns < 2 Z]IA eT)(Y;— X, o1)X Hez—aOIHQ (33)
zep lli=1
< ZQcologng%ologn]P],
ZeP

with probability at least 1 — O(n~2). Since 7, > n~!logn, 72 > 0, for sufficiently large n,
we have with probability at least 1 — O(n=?2),

> (Z I(A; € T)(Y; — X, 07)% + n>\n|I|||§z||§) + 1yl P| > 1. (34)
IeP \i

Notice that

m= 33 1(4; € D{Y; — X, 6o(Ai) + X, 6o(Ai) — X, bo.z)’

Zep =1
SN A € DY - X 00(A4)12+ S0 Y (A € D)X, 6o(Ai) — X, 6oz}’
Zep =1 Zep =1

T4
- T — T
+ 2) Y (A € DY, - X 0p(A)HX, 00(A) — X 001}
Zep =1
Under the events defined in (24) and (25), it follows that

1
moz men Y o [ [6oa) - ozlBda 260 Y VTnTogn
~ A
IecP

IeP

1 =
mAny @ /Z 60(a) — 0o z||3da — 2co1/ |P|nlogn,

ZeP

v
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where the last inequality is due to Cauchy-Schwarz inequality. By (31) and the condition
that v, > n~!logn, we obtain

mEmtny /Heo ) — Bozl3da + o(n), (35)
1677

with probability at least 1 — O(n~2). Notice that

774_2{1/ X, 00(A ZZHA €)Y - X, bo1)*.

=1 ZePy i=1

Combining (34) with (35), we’'ve shown that

n T~ N .
> (Z I(Ai € I)(Y; = X; 61)° + nAnlfllﬁzH%) + 1| P

IeP

> Y S I € DY - X o) +nz /Heo — .22 + o(n),

ZePy =1

with probability at least 1 — O(n=2). By (27) and the condition that A, = O(n~!logn),
Yn = o(1), this further implies

n 7TA . -
> (Z I(A; € I)(Y; — X, 07)* + nAn|Ir|rezr%> + 9| P

IeP
. —T

> Z <Z ]I(A¢ S I)(Y; — Xi 90,1)2 + n)\n]I]HHO,ZH%) -+ nfyn]P()]

ZePy \i1=1

1
+ oy o / 160(a) — 6ozll5da + o(n). (36)
~ 7
ZeP

For any integer k£ such that 1 < k < K — 1, let 7‘5‘7,C be the change point location that

satisfies 77, = i/m for some integer ¢ and that |ro — 75| < m~!. Denoted by P* the

oracle partition formed by the change point locations {7 k}K !

and 0} = O0rpp1mop) for 1 <k < K -1 and 07

[(Ck—170k) (70 k1
A = [Tokal,TQk) N [1ok—1,70k)  for 1 <k < K —1and Ag = [TO,K—l’l] N [10,Kx—1,1]¢.
The length of each interval Ay, is at most m~!. Since m = n, we have m~! <« émn~'logn.
For any k and sufficiently large n, we can find an interval Z € J(m) with length between

Set T(T,O = 07 TS:K — 1
] = 907[7-01}(_1,1]' Let
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con~tlogn and 2¢on ! logn that covers Ay. It follows that

=1

. < 1 * * *
{ > (Z I(A; € I)(Y; — X, 03)% + nAnIIIHGI\@) + | P |} (37)
ZeP*

- =T
- Z (ZH(Ai eI)(Y; - X; Go,z)2+nkn\1|\l00,z!%> + nyn|Po
ZePy \i=1
K n
n\, sup |0zl + I(A; € Ap) | Y2+ sup [|60.z]3] X3
iy 5 ;2 Zg[o,ull 1211 X312

IN

=1

n
< nA, sup [lfoz3+ K sup > (A €T) <Yf+ sup H%,z!%llXiII%)-
ZC[0,1] Ze3(m) i1 7C[0,1]

1<¢; HZ|nlog™ n<2
Since A\, = O(n~!'logn), combining (37) together with (26) and (27), we obtain with
probability at least 1 — O(n~2),

g ~ T * * *
{ > (ZH(Ai eT)(Y;i - X, 07) +nAn\IIH6’zH%> + 19| P \}

ZeP* \i=1

- T
- 1> (Z I(A; € I)(Y; = X, 0o2)* + n/\n|I|||90,I||§> + nyn[Pol

IePy \i=1
< Ay + K(c2 + 1)co(v/260 + 260) logn = O(logn) = o(n). (38)

By definition, we have

n 7TA . -
> <Z I(A; € I)(Y; — X, 01)* + nAn\szzH%) + 1| P

1ep \i=l

n . ) )
< Z <ZH(AZ’ eD)(Y; - X, 07)° +”An\f|\|91||§> + nyn [P

ZeP* \i=1

In view of (36) and (38), we obtain that

> [ 166(a ~ tozlfda = o), (39)

with probability at least 1 — O(n~2). We now show (18) holds under the event defined in

~

(39). Otherwise, there exists some 79 € J(Pp) such that |7 — 79| > Omin, for all 7 € J(P).
Under the event defined in (39), we obtain that

TO“F(Smin 9
[ 100(0) = B0y s sl = o(0). (40)

T0—0min
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On the other hand, since y(a) is a constant function on [79 — Omin, 70) O [T0, 70 + Omin), We
have

T0+0min 2
/ HHO (CL) - 90,[70*5min:7'0+5min) ”2da
7-076min

: 2 2
2 min (Ouinll00, 5 70) = 01z + Oin 00,70 7 45010) — 0l12)

Omin ) ) 25 5min/€(2)
= 9 | 0,[70—0min,70) — 01[7—077—0+6min)||2 = 9

where
Ko = min 0017, — 9071 9 > 0.
N LR
7, and Z, are adjacent

This apparently violates (40). (18) thus holds with probability at least 1 — O(n~2).
Part 2: By (32) and (33), we have with probability at least 1 — O(n~2) that

> (Z I(A; € I)(Y; — X, 0r)° + nAn\:nuézn%) + 19| P| = m + nya|P| — 26| P| log n.
Tep \i
Notice that

mo= m+2> Y 14 € DY — X, 6o(A)HX, bo(Ai) — X, 6oz}
7ep i=1

+ DN I(A € X 0o(Ai) — X, Ooz )
7ep i=1

Denoted by T(m) the set of intervals Z € J(m) with [ ||6o(a) — 6o z|j3da > cin~ ! logn.
Under the events defined in Lemma 2 and 3, we have

mo o= m2> S 1A € DY - X, 0o(A)HX 0o(4) — X oz}
Tep =1

+ Y S e DX 00(A) ~ X, 6oz} > — 26|P|logn
TeP,IeT(m) =1

+ ( / 190(a) — 8ozl[3da — 301\/ / 160(a 90,I||3dalogn> .
IeP IGT(m
To summarize, we've shown that with probability at least 1 — O(n~?),
n T~ N N
> <Z I(A; € I)(Y; — X, 67)° + nAn|Z| HGIH%) + P (41)
Zep \i
> < / 160(a) — 6o z|3da — 301\/”/ 160(a) — 6o z|3dalog n)
ZeP, Ies g

+ Mg+ n'yn]P] — 2(00 + cz)\P\ log n.
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It follows from (37) and (38) that
N4+ 1Ay sup [[0o.z[|3 + nya| Pol
ZePo

> { > (ZH(Ai eT)(Yi— X, 05)° +n>\nIIIII9§II§> +mn|7)*} — ¢y logn,

A

for some constants ¢ > 0, with probability at least 1 — O(n~2). By (27) and the condition
that A, = O(n"!logn), there exists some constant ¢} > ¢, such that

N4 + 1yn|Po

> { > (ZH(AZ» e T)(V; — X, 03)2 +nAn\I|H9;||%> + mnrp*} — ¢} logn,

Zep*

with probability at least 1 —O(n~2). In view of (41), we’ve shown that with probability at
least 1 — O(n=2),

> (Z I(A;i € I)(Y; - X, 07)* + W\nﬂ’@l”%) +nyn P (42)
IeP \i=

=z < /||90 —901||2da—301\/ /||90 _QO,IH%dalOgn)
IGPIGT (m)

3

T s . .
+ { > <ZH(A1' e I)(Yi - X, 07) Jr71)\n|1|||91||§> + nyn|P !}

ZeP* \i=1
+ n7n|73| — (26(2) + 262)|7/5| logn — ¢] logn — nvy,|Pol.

By definition,

> <Z I(A4; € T)(Yi - X, 1) + nMﬂH%H%) + 19, P

IeP

n T, . .
< > (ZMAiEI)m—Xi QI)2+”)‘n|I|||91||%> + 1| P
ZeP* \i1=1

Thus, we have with probability at least 1 — O(n~?)

( /H90 901“2(1&—361\/ /H90 HOJH%dalogn)

< (200 + 202)\73\ logn + ¢} log n + nvy,|Po| — n’yn\ﬁ\,

ZeP, IET (m)

and hence,

(\// 160 (a *HOIH%da* - _1/2\/10gn> (43)
IEPIGT(m
< (2¢3 +2¢9 + 901/4)\77| logn + ¢} logn + nvy, |Po| — n’yn\P\.
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Under the event defined in (19), we have either IP| > 2[Pol, or |Py| < |P| < 2|Py|. When
|P| > 2|Po|, it follows from the condition nvy, > logn that for sufficiently large n, v,/4 >
2¢3 + 2¢ + 9c1 /4, n|Po|yn > 2¢f logn and hence

(2¢2 + 265 + 9¢1 /4)|P|log n + ¢ log n + nyn|Po| — nyn|P|
& 4 265 4+ 9¢1/4)|P|logn + ¢} logn — nyn|P|/4 — nyn|Pol/2

< (2
< (26 + 282 + 9¢1/4)|P|log n — nym|P) /4 < 0,
When |Po| < |P| < 2|Pol, we have

(22 4 265 + 9¢1/4)|P|log n + ¢ log n + nyn|Po| — nyn|P|
< 2(2¢% 4 262 + 9¢1/4)|[Po| log n + ¢} log n.

In view of (43), we have with probability at least 1 — O(n~2),

2
> ”<\/ / HQO(G)—GO,IH%dCL—B;”1/2\/10gn> < clogn,
1 A
)

IeP.IeT(m

for some constant ¢ > 0. Thus, with probability at least 1 — O(n—Q), we have
/ 60(a) — 90,1H3da = O(Tfl logn),
T

for any Z € P N T(m). By the definition of T(m), we obtain that with probability at least
1—-0(n=?),

/ 160(a) — 6o z]|3da = O(n~'logn), VI e P. (44)
T

Consider a given change point 7 € Py, there exists an interval Z € P of the form [i1,12)
or [i1,12] with ig = 1 such that i1 < 7 < iy. Under the event defined in (44), it follows from
Lemma 3 such that min(|i; — 7|, |iz — 7|) = O(n"'logn). This proves (20).

Part 3: Using similar arguments in proving (30), we can show that the following events
occur with probability at least 1 — O(n~2): for any interval Z € P, we have

n

S A € T){Y; — X, 00(A)YX] {00(A:) — b0z}
=1

< Clogn,

for some constant C' > 0.
By (44), using similar arguments in proving (41) and (42), we can show the following
event occurs with probability at least 1 — O(n~2),

> (Z I(4; € I)(Y; — X, 62)% + nAn|I|||§z||%> + 17| P|
Zep \i=l

n T, . )
> {Z (Zﬂ(m eT)(Y; - X, eI>2+nAn|zr||ezH%> + | P |}

Tep* \i=1
+ n’yn\ﬁ\ — 0\73\ logn — C'logn — ny,|Pol,
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for some constant C' > 0. By definition,

> <Z I(4; € I)(Y; — X, 62)% + nAn|I|||§z||%> + 17| P|

=1

IeP
n T . . .
< 2 (Z I(A; € T)(Y; = X, 07)° + nAn\szIn%) + 90 P.
ZeP* \i=1

Thus, we have with probability at least 1 — O(n~2),
nvn]ﬁ] - 0173] logn — C'logn — ny,|Po| < 0.

Since 4, > n~!logn, the above event occurs only when |P| < |Py|. To see this, notice that
if |P| > |Po|, we have

ny, — Clogn — C|17(;g|n — nfyn||7;,9|’ > ny, — Clogn — ‘golrinl — Ny |77|o7|>(1i|- ]
= |P?(?ri 1~ Clogn — |7033rinl > 0,
since v, > n~'logn. This proves (21).
Part 4: In the first three parts, we’ve shown that
P|=|Po] and max min | —7|=0(n"logn), (45)

T€J(Po) +€J(P)
with probability tending to 1. For sufficiently large n, the event defined in (45) implies that
|Z| > eon~tlogn for any Z € P. Thus, it follows from Lemma 1 that the following occurs
with probability at least 1 — O(n~2): for any Z € P, we have
ZIl6r — o3 < cin~" logn. (46)

Under the events defined in (44), (45) and (46), we have

1
/ 10(a) — Oo(a) [2da = 3 / 10z — Op(a) [3da = 3 /I 10z — B0z + 60z — Oo(a)|3da
0 ~JT Py

ZeP eP
=> / 16 — 60.7|3da + > / 1602 — bo(a)ll5da+2) /(50,1 —00.7) " {00.r — 0o(a)}da
TeP z TeP z TeP z
<2y / 167 — b0 zl3da+2 " / 160,z — o(a)||3da = O(|Pn" logn) = O(|Po|n ' logn),
~JT ~JT
eP ZeP

where the first inequality is due to Cauchy-Schwarz inequality. This proves (iii). The proof
is hence completed.
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B.2 Proof of Lemma 1
Proof of (22): By definition, we have

~

16z — Ooz2

IN

i=1

—1 n
1 1 _ _
- Z I(A; € T)X: X, +n I|Ep+1> (n > I(A; € I)X;Y; —EI(A € I)XY)
- 2

-1
1 o
- Z A € XX, + /\nI\EpH)

~1
+ { %Z I(4; € I)X:X; + An IIIEp+1> - (EH(A € I)WT)_1 (EI(A € T)XY}

1 & - -
< ~-N"I(A; € T)X,Y; — El(A € T)XY
< (n Z (A; € T) (AeI) )
9 =1
m(Z) 12(Z)
n -1
1 T\ -1 .
+ ({5214 e X X M B | - (EH(A € )XX ) IEI(A € T)XY|».
- 2 ()
n3(Z)
It follows from Cauchy-Schwarz inequality that
162 — Oo2113 < 20 (D)3(1) + 203 (13 (D). (47)

In the following, we provides upper bounds for

max n; (L
Ze3(m) j( )’
|Z|>Eon"tlogn

for j = 1,2,3,4, where the constant ¢y will be specified later. The uniform convergence
rates of ||fz — 6y z||2 can thus be derived.

Without loss of generality, assume the constant w in Condition (A4) is greater than or
equal to log='/22. Then, we have exp(l/w ) < exp(log2) = 2 and hence |[1]|y,a < w.

Therefore, we have max;e(y . p11} HX ||w |a < w, almost surely. By the definition of the

conditional Orlicz norm, this implies that

+oo | ]) ‘Qq

ESEY
qg=1

almost surely, and hence
BIXPP114) < qlo®, Vi€ {1, p+1ha=12... (48)

By Cauchy-Schwarz inequality, we obtain that

B(X X0 914) < \/BIXU) o B(X) Pl 4) < gl )
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for any ji,j2 € {1,...,p+ 1} and any integer ¢ > 1, almost surely.
Since A has a bounded probability density function pa(-) in [0, 1], there exists some
constant Cy > 0 such that

sup pa(a) < Cy and Pr(A4 € ) < CylZ|, (50)
a€(0,1]

for any interval Z € [0,1]. This together with (49) yields that for any integer ¢ > 1,
J1,J2 € {1,...,p+ 1} and any interval Z € [0, 1], we have

E[I(A € )XUTY 0 = B{1(4 € IE(XVIXY)|94)} < g™ EI(A € T) < Coqw?|T].
It follows that

EUI(A c I)Y(]l)y(h) EH(A c I)Y(jl)y(ﬂé)‘q

BlI(A;, € D)XVIXY) _1(4, € T)X TV X0

21-1B|I(4; € T)XVVX V|4 + 20 1B1(4, € T)X TV XS o

2E|I(A € T)X VXY |7 < Coql(202)7]Z],

INIA

where the second inequality follows from Jensen’s inequality and the third inequality is due
to that |a + b|9 < 297 |a|? 4 2971 |p|97L, for any a,b € R and ¢ > 1.
By the Bernstein’s inequality (see Lemma 2.2.11, van der Vaart and Wellner, 1996), we
obtain that
Pr (

< 90 1 wit?|Z|nlogn ( t?logn )
X - )
B P2 8nCow?|Z| + 2wt\/|Z|nlogn 16Cy + 4t(n|Z])~1/2/Togn

S 1A € DHXPVEYY — N4 € X T
=1

> tw \/|I\nlogn> (51)

for any ¢ > 0, any integers ji, j2 € {1,...,p+1} and any interval Z € [0, 1]. Set t = 201/Cy,
for any interval Z with |Z| > C;'n~!logn, we have

t*logn > 4{16Cy + 4t(n|Z|)~'/2\/logn}.

It follows from (51) that

gt

for any integers ji,j2 € {1,...,p+ 1} and any interval Z that satisfies |Z| > C’gln_l log n.
Notice that the number of elements in J(m) is bounded by (m+1)2. Since m = n, it follows
from Bonferroni’s inequality that

3 14 e DXVVXYY — nEI(A € XV > 20w2\/C'0]I\nlogn> <on 4,

Pr(A;) >1—2(m+1)2(p+1)*n"*=1-0(n"?), (52)
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where the event A; is defined as

]1»]26{177p+1} {

ZeI(m)
|Z|>C5tnlogn

ZH<AZ c I)YEJI)YEJZ) _ nE]I(A c I)Y(]l)yuz)
1=1

< 20w?/Cy|Z|nlog n} :

For any symmetric matrix A, we have ||All2 < v/||A|le||A]l1 = ||A|lco- Thus, under the
event defined in A, we have

Y I(4; € )X X, —nEl(AeT)XX '
=1

3 I(4; € XX, —nEl(Ae I)XX |

i=1

<
2

< 20w?(p + 1)/ Co|Z|n logn,
for any Z € J3(m) with |Z| > Cy 'n~'logn. Since A, = O(n"!logn), we obtain

n
Y 14 € XX, —nEl(A e T)XX +nA\E[T]
=1

2

< c¢y/|Z|nlogn,

2

Y I(4; € XX, —nEl(AeT)XX '

i=1

< ni|Z|+

for some constant ¢ > 0. To summarize, under the event defined in Ay, we’ve shown that

< cy/|Z|nlogn, (53)

2

3 I(4; € XX, —nEL(A e I)XX ' +n)\E[T]

=1

for any interval Z € J(m) with |Z| > C5'n~" logn.

Let ¥ = EXX . If ¥ is singular, there exists some nonzero vector a € RP and some
b € R such that a' X = b, almost surely. As a result, the covariance matrix of X is
degenerate. Thus, we’ve reached a contraction. Therefore, ¥ is nonsingular. There exists
some constant ¢, > 0 such that

Amin(E) > G, (54)
By (A3), we have
Pr(A e 7|X) > ¢ 7],
for any interval Z € [0,1]. This together with (54) implies that
Aumin (EH(A c I)WT) = Amin (EPr(A € I|X)HT) (55)
> cAmin(EXX [Z] > 2T

For any interval Z with |Z| > 4c?(c.¢x) 2n~1logn, we have
*7* I
ciC«|Z| — e/ |Z|n"tlogn > (302H
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In view of (53) and (55), we obtain that

1 < —

Amin ( Y I(4; € XX, + A IEI|> > Amin (E]I(A € I)XXT>

n
=1

—nEL(A € T)XX ' + n\E[Z|

X,

2

Set ¢g = max(4c?(c.ex) ™1, Cyt), it is immediate to see that

2
max 7)<
Te3(m) 771( ) = C*E*’I"
|Z|>Gon~!logn

under the event defined in Aj;.
For any 7 € [0, 1], we have

n 1
<;ZH (A € XX, + A IE]I|> - (EH(AeI)ﬁTyl

.

x Y I(4 e DXX, —nELA € T)XX ' + n)\E[T]

2

-1

IN
SM—‘

En:H A € XX, + A E[I\) h H(EH(A eI)ﬁT)
=1

2

2

This together with (53), (55) and (56) yields

2cy/n~tlogn
max n3(Z S —mEER
Ze3(m) c2e2|Z|

|Z|>con"'logn

under the event defined in A;.

Similar to (49), we can show that for any integer ¢ > 1 and j € {1,...,p+ 1},

E(XYv]714) < glw?,

< C*E*‘Z‘.

(56)

(57)

(58)

(59)

almost surely. Specifically, set ¢ = 1, we obtain E(|Y(j)Y||A) < w?. By (50), we have that

1/2

p+1 p+1

IE(A € DXY o < | Y EIAcXVYP | < | Y B{IA e DE(XVY|[4)}?

j=1

1/2
p+1 /

1/2

> W’E(A € 1) < Cor/p + 13T

=1
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for any Z € [0, 1]. This implies that

Jnax m(Z) < Con/p + 1w?|Z]. (60)
eJ(m

|Z|>con~'logn
Moreover, in view of (51) and (52), we can similarly show that
Pr(A2) >1-2(m+1)%(p+1)n * =1-0(n"?), (61)

where the event Ay is defined as

Nt
je{l,...p+1}

ZeI(m)
T|>éon "1 logn
IZ]> g

n

S 14 e XY, - nELA € DX VY| < 20w2\/COII\nlogn} .

i=1

Under the event defined in As, we have

max  1o(Z) < 20w?\/(p + 1)Co|Z|n"logn. (62)
ZeI(m)
|Z|>con"!logn

Combining (57) together with (58), (60), (62) yields

~ logn
i r:fwez—eo,zr%—()( : )
ZeI(m) n
|I\2(‘:on*1 logn

under the events defined in A; and Ap. The proof is thus completed based on (52) and
(61).
Proofs of (23), (24) and (27): We first prove (27). By the definition of 6z, we have
~1 N
160zl < H (EXXTH(A € I)) H [EXYI(A € 7)),
2

It follows from (50), (55) and (59) that

p+1 .
l60ll2 < (eaentZ) ™ |7 [B{ (BEOVIA) 104 € D)} | < Vot (e Cou?
j=1

for any 7 € [0, 1]. Assertion (27) thus follows.
Consider (23). Since p is fixed, it suffices to show for any j € {1,...,p+1}, the following
event occurs with probability at least 1 — O(n~?):

LS 14 e (v - X o) XY
n
=1

vn

=0 (VI|10gn> . (63)
2

By (27), (63) can be proven in a similar manner as (52) and (61). (24) can be similarly
proven.
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Proof of (25): Similar to (23), we can show that the following event occurs with probability
at least 1 — O(n=2): for any Z € J(m) such that |Z| > ¢on~!logn,

iiH(Ai € )X, {00(Ay) — o0} — EI(A € T)[X {0p(A) — b0} = O (@) |
=1

Notice that

EI(A € T)[X  {00(A) — o 1}]> = E /I X " {00(a) — Oo7}]27(alX)da

Vv

oF /I X" {60(a) — 0.2 }2da = c. /I {60(a) — 0.2} TS{00(a) — .z vda

P / 160(a) — oz|3da > cic / 160(a) — 60 z|3da, (64)
T 7T

v

where the first inequality is due to Condition (A3) and the last inequality is due to (54).
It follows that

Tll;H(Ai € DX {Bo(A) = boz})” > euc. /z 160(a) — boz]|3da — O (W) ’

for any Z € J(m) such that |Z| > ¢yn~!logn, with probability at least 1 — O(n~2). This
completes the proof.

Proof of (26): Similar to (23), we can show that the following event occurs with probability
at least 1 — O(n~2): for any Z € J(m) such that |Z| > éon~!logn,

~0 (leog”> . (65)

%ZH(Ai € I)(|Yi” + [IX3]3) — EI(A € )(Y? + [|IX]]3) NG

=1

By (50) and (48), we have
p+1
EI(A € T)|IX|3 < Y _EI(A € )XV < (p+ 1)Cow? ().
j=1
Similarly, we can show
El(A € T)Y? < Cow?|T|,
and thus
El(A € I)(Y? + | X]3) < (p + 2)Cow’|Z].

This together with (65) yields (26).
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B.3 Proof of Lemma 2
We first prove (28). By (27), we have sup,cp 11 [|fo(a)[2 < co and hence

sup [|6o(a) — bozll2 < 2co. (66)
a€l0,1]

Similar to (48), we can show that for any integer ¢ > 1,
B(Y[20]4) < gl (67)

For any Z C J(m) and integer ¢ > 2, it follows from (59), (66) and (67) that

7T —
EOYX WMA%—%JHQA>SH@ﬂA%—%J%EﬂYWWHEMJ (68)
1 pt+1 ) e ]
< 5100(A4) = bozll2E VPO > (X)) A §§WMA%—%;MWEQ
j=1
1 q —1 a ()2 qlw?? q
+ 5l0(A) = bozllz(p + 1) S OB(X #4) = {1+ + 1)}60(4) — bozll2
j=1
< qw?(p+ 1)7)|00(A) — Oozll5 < ¢'w?!(p + 1)7(2¢0) " ?(|60(A) — bo.z[3-
Similarly, we can show
<T —T 9 2g—
B ([{X " 00(A)1X {80(4) — B0 217IA) < gl (p + 1)7272¢37100(A) — bz
This together with (68) yields that for any integer ¢ > 2, Z C [0, 1], we have
=T =T
B ([{Y =X 00(A)} X {00(4) — bor})7I4) < gle?60(4) — b0z}, (69)

for some constant ¢ > 0. Combining (50) together with (69), we obtain that for any integer
q=>2,7Cl0,1],

E[I(A € T){Y — X ' 65(A)}X ' {00(A) — bo.1}]* < Coqlc? / 160(a) — 60z 3pa(a)da
A
< Cogle? / 160(a) — 6o z]12da.
A

Applying the Bernstein’s inequality (using similar arguments in (51) and (52)), we can
show that with probability at least 1 — O(n~2), we have for any interval Z that satisfies
J7 160(a) — boz||3da > (Co)~*n~tlogn and T € J(m),

n

S I(A; € I{Y; — X, 00(A)}X, {00(A) — b0z}
=1

1/2
< O(1)y/nlogn </ 1600(a) — 007I\|§da> ,
T

where O(1) denotes some positive constant. This proves (28).
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Similarly, we can show that with probability at least 1 — O(n~2), there exists some con-
stant C' > 0 such that for any interval Z that satisfies [ [|6o(a) —6o z|[3da > (Co)'n"'logn
and Z € J(m), we have

f: I(A; € T)[X, {60(A;) — 6o1}]2 — nEIL(A € T)[X ' {6(A) — 9071}12'
=1

1/2
< 0(1)y/nlogn ( JACCE eo,zuéda) ,
T
for some postive constant O(1). This together with (64) yields (29).

B.4 Proof of Lemma 3

Consider the following three categories of intervals.

Category 1: Suppose i1 and 4o satisfy 791 < 41 < 4o < 79 for some integer k such that
1 <k < K. Then apparently, we have g7 = 6y(a), Va € Z, and hence [; ||6o(a)—60 z|/3da =
0. The assertion [ [|6o(a) — 6o z[|3da < ¢, is thus automatically satisfied.

Category 2: Suppose there exists some integer k such that 2 < k < K and i1,y satisfy
Tok—2 < i1 < Top—1 < t2 < To k. Assume we have

3
min _|i; — 7o k-1 = —5Cn-
24ty 1~ ol = e
where
Ko = min 00,2, — Oo0,z, ]2 > 0.

71,Z2€Py
7, and Z, are adjacent

Since ¢, — 0, for sufficiently large n, we have 795, > 70 11 + 3&0_2% and 79 2 + 3%62% <
To,k—1- Then, we have

0,k—1—3Kg " Cn

To,k—143rg “en
B 2005 i B 2
[ 1606@) = bozlBda = min, [ o oa)
6

6 K2

: 2 2 0
?cn Ogllﬁlpr-sl-l <||9 B 907[7—0,k72a70,k71)”27 16— 907[7'0,k7177'0,k)||2) = EC”T > Cn-

v

This violates the assertion that [ ||6o(a) — 6o z||3da < ¢,. We’ve thus reached a contradic-
tion. As a result, we have

C 3
min_|i; — 7 k—1| < —Cn-
je{12y "’ K3

Category 3: Suppose there exists some integer k such that 3 < k < K and i1,y satisfy
Tok—3 < 01 < Top—2 < Tok—1 < i2 < T k- Assume we have
3

i1 — Toe—2| > —5¢n.
Ko
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Then for sufficiently large n, we have

1 _
S 0,k—2_3’§0 Cn
—2

6 K
: 2 2 0
= ?Cn 95@31 <||9 - 90,[70,;“_2,70,,“_1)”27 16 — 90,[70,,@_1,70,,6)”2) = ?CHT > Cn.

TO,k—2+3f$a2Cn
1600 = oozl > min, [ 70— 0(a) e
6

This violates the assertion that [ [|6o(a) — 6o z||3da < ¢,. We've thus reached a contradic-
tion. As a result, we have |i; — 79 _2| < 3&0_2(:”. Similarly, we can show |ig — 79 —1| <
3kg 2¢,,. Therefore, we obtain

. 3
max_|ij; — 70 k—3+j| < —5Cn-
jefi2y RS

If Z belongs to none of these categories, then there exists some integer k£ such that
2 <k < K and 41,19 satisfy i1 < 192 and ia > 79;. Using similar arguments, we can
show that

70,k HQ .
[ 1606@) = bozlBda = [ 160e) ~ ozl > "2 pin 171

T0,k—2

For sufficiently large n, this violates the assertion that [ [|6p(a)— 6o z|/3da < ¢,. We've thus
reached a contradiction. Therefore, we shall have 79 ;o < i1 < ia < 79. This completes
the first part of the proof.

We now show (30). Take ¢, = ¢;n~ 'logn and consider any interval Z € J(m) that

satisfies [ [|60(a) — bozl|3da < én~!logn.
If 7 belongs to Category 1, then 6y(a) = 6y 7 for any a € Z. As a result, we have
- =T =T
> 1A € D){Y; — X, 60(Ai)}X; {60(Ai) — oz} =0.
i=1
If 7 belongs to Category 2, then there exists some integer k such that 2 < k < K and
i1, %2 satisfy 7o x—2 < i1 < T -1 < i2 < 79 k. Thus, we have

n

3 LA € D){Yi - X, 00(ADYX] {00(Ai) — b0z}

=1
= 3 I(A; € [ir, rog )Y — X 00(ADYX, {00(As) — bo.2)
=1

G

3

+ STI(A € o1, i) (Vi — X, 00(A)} X, {00(Ai) — G0z}
=1

~

&
Notice that we’ve shown

. . 351 —1
min |i; — o1 < —5n" logn.
je{172} K:O
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Without loss of generality, suppose |i1 — 70 x—1| < 3¢ik, 2n~1logn. Using similar arguments

in (37) and (38), we can show that ¢; = O(logn), with probability at least 1 — O(n~?).

As for (o, consider intervals of the form [, (m + 1)7%) for j = 0,1,..., K — 1, i =
1,...,m+ 1. Denoted by J(m) the set consisting of all such intervals. Similar to Lemma
1, we can show that the following event occurs with probability at least 1 — O(n~2):

z": I(4; € I){Y; — X; 60(A)} X,
i=1

= O(\/n|Z|logn), (70)

2

for any Z € J(m) with |Z| > cn~'logn for some constant ¢ > 0. Suppose i — To -1 >
en~1'logn. Under the event defined in (70), it follows that

n

S (A4 € [roger, i2)){Y: — X; 60(A)} X

=1

= O(y/n|Z|logn), (71)

2

Since [ [|6o(a) — boz[3da < én~tlogn, we have f:jk_l 60(a) — bo.z|3da < én~tlogn,

and hence (is — 7o x—1)||00(a) — 6o.z|3 < &1n~'logn, for any a € [rox_1,42). This together
with (71) yields that

S I(A; € [rog-r, i2)){Y — X, 60(A)}Xi{60(Ai) — b0}
1=1
S I(4; € [roger, i2)){Y: — X; 60(A)} X,

=1

< 100(70,—1) — Oo,z|l2 = O(logn),

2

and hence (» = O(logn). When iy — 1041 < en~!logn, using similar arguments in (37)
and (38), we can show that ¢ = O(logn), with probability at least 1 — O(n~2). Thus,
we’ve shown that with probability at least 1 — O(n~2), for any interval Z that belongs to
the Category 2 with [ [|6o(a) — 6o z[|3 < &in~'logn, we have

n

3 I(A; € D{Y; — X, 00(A)}Xi{60(Ai) — b0z}
i=1

= O(logn).

Similarly, one can show that with probability at least 1 — O(n~2), for any interval Z
that belongs to the Category 3 with [ [|6o(a) — 6oz||3 < e1n~'logn, we have

n

ZH(Az S I){E — Y;re()(AZ)}YZ{Qo(AZ) - 90,1'}

i=1

= O(logn).

The proof is thus completed.

B.5 Proof of Lemma 4

Consider a given interval Z € P. Suppose |Z| < €37y,. The value of the constant ¢z will be
determined later. Then, for sufficiently large n, we can find some interval Z' € J(m) NP
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that is adjacent to Z. Thus, we have ZUZ' € J(m), and hence

1< — T~ ~ 1< —T
=3 WA € (Y = X, 02 + MalZIOzl3 + — - LA € ) (Y = X 0)? (72)
i=1 i=1

~ 1 & T~ ~
+ AlTloz |3 < — > WA € TUT)(Yi = X; Oz0z)* + Ml ZUT|lzup |13 — -
i=1

Notice that the left-hand-side of the above expression is nonnegative. It follows that
BN / din 2 vy 2
< D WA € TUT)(Y: - X, bzup)? + MlTUT|||zur |15
i=1
By definition, we have

~ 1& _
Orop = argmin | =S I(A; e TUT)(Y; — X, 0) + M|ZUT||0)2 ] . (73)
gerr+t \ 1 T

Therefore, we obtain that

z”: I(A; € TUT)(Y; — X, 0pi)?

- + Ma|ZUZ[10p41 3 (74)

Yn <
=1
B z”: I(A; € ZUT)Y?

n

i=1
Suppose

Yn
TUuT | < 75
TuT)< gt (75)

where the constant ¢g is defined in Lemma 1.
Since 7, > n~! and m =< n, we can find some interval Z* € J(m) that covers ZUZ' and

satisfies (8¢co) 1vn < |Z*| < (4¢o) 'yn. Under the event defined in (26), it follows from the
condition 7, > n~!logn that

1< 1< V1 (4co) Iy, logn _
N N4 e TUTHYE< =Y I(4; e THY2 < 4eg) My
LSt e oz < LS ez < p (VOIS i,

< 2co(4co) "y = 12

2 )

for sufficiently large n. This apparently violates the results in (74). Thus, Assertion (75)
doesn’t hold. Therefore, we obtain that

Tn
TUT|> ™~ 76
Tuz| > 8, (76)

with probability at least 1 — O(n~2).
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Suppose the constant ¢3 satisfies ¢3 < (16¢g)~!. Under the event defined in (76), we have
|Z'| > v (16c) L. By (22), we have with probability at least 1—O(n~2) that ||6z —0p 7/||2 <

con/n~logn|T'|71/% < 403/2\/71*1 logny, ! < 1. By (27), we have with probability at least
1 —O(n™2) that

16z ]|2 < 20, (77)

for sufficiently large n.
In addition, it follows from (73) that

R =T~ ~
=3 WA € TUT)(Yi - X Ozur)? + AT U T Bz
=1

1 n B N ~
< =) WA € TUT)(Y; - X, 0r)* + M|ZUT||oz 3.
i=1

By (72), this further implies that

1 < — T~ ~ 1 & — T~ ~
- Z;H(Ai € I)(Y; — X; 02)* + M| Z][|62]13 < - Z;H(Ai € I)(Y; — X; 0) + MalZ162 13 — 7,
1= 1=

and hence

1 & T~ ~

Y < =Y WA € I)(Y; = X; 1) + M| Z| |10 [13.

gt

By (77) and the conditions that A\, = O(n~'logn), v, > n~!logn, we have for sufficiently

large n,

n
o1 i
3 <R Ll e D - XT0)*

1=

It thus follows from Cauchy-Schwarz inequality and (77) that
n n
Yo o 2 —Ton 2(1 + 4c?) -
< 20 € TR + I 1318 3) < T S 1A € DO + IK)
i=1 i=1

Using similar arguments in showing (76), we obtain that

Tn
| 2 ————.
2= 32(1 + 4cd)co

with probability at least 1 —O(n~2). Set ¢3 = 3271 (1 +4c3) !¢, !, this violates the assump-

tion that |Z| < ¢37,. Thus, with probability at least 1 — O(n=2), we obtain that |Z| > é37x,
for any Z € P. The proof is hence completed.
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B.6 Proof of Theorem 2

Let {71,72,...,7z_,} be the set of change points in J(P). Under the events defined in
Theorem 1, we have K=K , and

ma. T — <entlogn 78
ke{l,.“,;{(q}'m Tox| < &7, (78)

for some constant ¢ > 0. Set 7p = 0 and 7 = 1.
Under the event defined in (78), we have for sufficiently large n that

?k—?kfl > (5mina Vk € {177K} <79)

Since 7 satisfies supzco 1] SUPacz zex |27 (a;2,Z) < 1, there exists some constant ¢4 > 0
such that 7*(a; x, d(x)) < é4|d(x)|~" for all @ and z. This together with (79) yields that

~

7 (a;z,d(x)) < &40} Va € [0,1],z € X. (80)

min’

The rest of our proof is divided into three parts. In the first part, we show that there
exists some constant C' > 0 such that

~ ~ Clogn
||9[7’:k—177/:k) - Q[To,ktho,k)H? < n vk e{l,...,K}, (81)

with probability at least 1 — O(n~2). Using similar arguments in Lemma 1, we can show
that there exists some constant ¢ > 0 such that the following events occur with probability
at least 1 — O(n=2):

c3v/log

He[TO,kflﬂ'O,k) - Hoy[To,kflyTo,k) H2 < \/m , Vke {1’ ce ’K}'
This together with (81) implies that
~ 2c34/logn
HH[:"\k—lz?k) - 90,[70,1@7177'0&)”2 < N Vk e {l,...,K}, (82)

for sufficiently large n, with probability at least 1 — O(n~2).

_In the second part, we define an integer-valued function K(x) as follows. We set I[A{(az) =k
if d(x) = [Tk—1,7k) for some integer k such that 1 < k < K — 1, and set K(z) = K if

d(x) = [Tk 1, 1]. By the definition of 67 and 0 7, we have almost surely 0z, | 1) (/9\[%(71,1]
and 0q [ x_1.1) = 00,[ry 5 _,,1]- It is immediate to see that
K(z) = sarg max i”Tg[?k_l,?k), (83)

ke{l,.. K}

where sarg max denotes the smallest maximizer when the argmax is not unique. In Part 2,
we focus on proving
™ N < |
V™ (d) > E <X Bo.

—0(1)n"tlogn, (84)

To,R(x)—1"T0,R(xX) ))
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with probability at least 1 — O(n~2), where O(1) denotes some positive constant.
In the last part, we provide an opper bound for

" T
vort _ g (X «90,[70’@()()_1770,112@))) '

This together with (84) yields the desired results.

Proof of Part 1: Let ﬁk = [Th—1,Tk) U [T0.k—1, T0.k)¢ + [Th—1,Tk)¢ U [T0,k—1, T0,k). With some
calculations, we can show that

Heﬂc LTk) 5[70,k—177_0,k)|’2 < Cl(k)@(k) + Cg(k‘)@(k‘),

where
1 -
- =T
G(k) = ( D Mrop-1 < Ai < T00)XiX; + (o) — To,k—l)Ep+1> :
n i=1 2
1 o 1 & —
Go(k) = EZH(Ai € Ap) XYl , Gk) = Hn ZH(To,kq < A <o) XYl
=1 2 =1 2
1 -
- =T
G(k) = (n ZH(TO,k—l <A <o) Xi Xy + Mn(T08 — To,kl)Ep+1>
i=1
1 -
— I(Teo1 < A; < T0) XX, +M(Th — Th1)E
<nz (Th—1 < Ai <70)XiX; + An(Th — Th-1) p+1>
- 2
Similar to (57), we can show with probability at least 1 — O(n~2) that
Gi(k) =O(1) and max (5(k) = O(1), (85)

max
ke{l,...K} ke{1,...,.K}

where

—1
ZHTk 1 <A <7'k)XX + A (Th — The I)Ep+1>
2

Under the event defined in (78), the Lebesgue measure of ﬁk is uniformly bounded by
cn~tlogn, for any k € {1,..., K}. Using similar arguments in (37) and (38), we can show
with probability at least 1 — O(n~2) that

_ —1
pe X G2(k) = O(n™"logn). (86)

Similar to (60), we can show with probability at least 1 — O(n~2) that

el G(k) = 0(1). (87)
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Notice that (4(k) can be upper bounded by

1 & — T
G(k) < CGi(k)Gs(k) ‘n > Mrok-1 < A < T08)XiX; + Aa(T0k — Tok—1)Epia
i=1
SN o T ~ o~
— ﬁZH(kal < A; <7_k)Xz’Xi _/\n(Tk_kal)Ep—&-l
i=1 2

< G(k)G(k)

1 — ~ = =T P
‘n D 1A € A)XiX; + An(top — Tok—1 — T + The1)Epia
i—1

2

Under the condition A, = O(n~!logn), using similar arguments in (37) and (38), we can
show that with probability at least 1 — O(n~2), the absolute value of each element in the
matrix

1 & ~ T P
- D I(A; € A)XiX; + AnlTok — Tok—1 — T + The1)Eppa

=1

is upper bounded by O(n~!logn), uniformly for any k € {1,..., K}. It follows that

1 ~ T ~ o~ _
EZH(AZ S Ak’)XzXz +)\n(7—07k — T0,k—1 —Tk—|—Tk_1)Ep+1 = O(n llogn).
i=1 2
In view of (85), we obtain that
max  (4(k) = O(n"'logn), (88)

ke{l,...,K}

with probability at least 1 — O(n~2). Combining (85)-(88) yields (81).
Proof of Part 2: Tt follows from Condition (A4) and the definition of the conditional Orlicz

norm that
(492 (492
w w

for any j € {1,...,p}. Without loss of generality, suppose w > log

o ()} ()4

for any j € {1,...,p+1}. As a result, it follows from Bonferroni’s inequality and Markov’s
inequality that

<2

i

—1/29, Then, we have

<2

i

p+1

Pr (HYHQ > w\/m) < ZPr(\Y(j)| > wy/2logn)

i=1
pt1 ()2 2

| X 2w?logn 2(p+1)
]21 E {exp ( 2 / exp 2 < PR
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Thus, we obtain

. 2(p+1)
PI'(A ) Z 1- n2 ) (89)
where
A" = {|[X]l2 < wv/2(p + 1) logn}.
Consider the event
T 44/2(p + 1)cswlogn
A= {0< ‘X (o1, — Ooz,)| < (p 5) w08 }
T1,T2Po "Omin
By Condition (A5) and Bonferroni’s inequality, we have
4+/2(p + 1)cswlogn
(.A() Z Pr (0 < ’X 90 I — 9() Ig) < (p ) 5 & > (90)
n(smin
T1,I2€Py

Th#Io

< K2 (4\/2(]3 + 1)caw logn)y

NO0min

By the definition of V™ (-), we have

V™ (d) =E ( /a X 0o(a)m* (a; X, J(X))@) .

(X)

Notice that the expectation in the above expression is taken with respect to X. Define
an interval-valued function do(z) = [r, ) and set A(z) = d(z) N {do(x)}e. Tt
follows that

To,R(x)—1° T0,R (x)

V™(d) =E /A X (@) (@ X, d(X))da | +E( [ X 6p(a)7*(a; X,d(X))da
do(X)Nd(X) A(X)

X1

=E </A YTHO(a)ﬂ'*(a; X, J(X))da) +X1-
do(X)

Here, the second equality is due to that 7*(a; X,d(X)) = 0, for any a € {d(X)}. By (27)
and (80), we have

‘X1| < COC4(5m1n (/\ ||X||2da> = 00646m1nE||X||2)‘( ( ))7
A(X)
where )\(E(AX )) denotes the Lebesgue measure of A(X). Under the event defined in (78),
we have A(A(X)) < 2en~!logn, for any realization of X. It follows that

Ix1| < 2ccoesdt (n"logn)E|| X ||z (91)

mln(
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By (48), we have

p+1 ‘ p+1 iy
EIX)3 =Y EXY12 =S EEXVP24) < w?(p+1). (92)
j=1 j=1

By Cauchy-Schwarz inequality, this further implies that

ElX]2 < EIX]Z < wyp+1.

This together with (91) yields

Ix1] < 2ccoeawn/p + 16 n"ogn, (93)

with probability at least 1 — O(n~2). R
Notice that 6p(-) is a constant on dp(z) for any x. It follows that

—T % ) o~ . —T « ) o~
E ( /dAo (X)X Oo(a)m*(a; X, d(X))da) =E (X 90,[707@%)71,70,@@)) /g O(X)w (a; X,d(X))da

7T * . o~
—F (X 907“0&(1)7”0&@))) /g i (a; X, d(X))da

=T “r T (T B
= E (X 007[T0,HA((I)71’T0,]1A((1))> /d;(X) ™ (ay X7 d(X))da - X2 - E (X 907[T0,HA((I)71’T0,HA((I))) X27

where

7T % . o~
x2 =E (X 907[%%)717%%)) /3 o (a; X, d(X))da.

Similar to (93), we can show that
Ix2| = O(n"'logn),

with probability at least 1 — O(n~2). This together with (93) yields (84).
Proof of Part 3: Similar to the definition of HA{, we define

_ _T
Ko(z) = sargmax 6, , .,

To,k)'
ke{1,....K}

Let

K*(x) = {ko : ko = argmax xTGO,[TO,klyTO,k)} ’
ke{l,...,K}

denote the set that consists of all the maximizers. Apparently, Ko(z) € K*(z), Vx € X.
We now claim that

K(X) € K*(X), (95)
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under the events defined in A§ N A* and (82). Otherwise, suppose there exists some kg €
{1,..., K} such that

7TA

7T/\
X O 7y) 2 AX X O 7)s (96)
T T
2&2}{}5‘){ Hoa[TO,k—hTO,k) > X 907[7'0,k0—1:7'0,k0)' (97)
Under A§, it follows from (97) that
T — 44/2(p + 1)cswlogn
i&i)o(X 607[7'0,1@-71770,0 > X 907[7'0,k07177'0,k0) Y- . (98)

Under the events defined in A* and (82), we have

To,k71ﬂ'o,k))| < HYH? max HH[?k—lv:"\k) - 60:[7'0,1%7177'0,1@)”2

—T =
max X (6[%717‘7’1@) - 90:[ ke{l,. K}

ke{l,...,K}

< 2/2(p + 1)cswlogn

n(smin

This together with (98) yields that

max X O | 5y > X O

k;ﬁk)o Tk:o).

In view of (96), we have reached an contradiction. Therefore, (95) holds under the events
defined in A§ N A* and (82). When (95) holds, it follows from the definition of K*(-) that
T

X 0,
have

R(X)-1.R(X)) = YTG()’[KO(X),LKO(X)). Therefore, under the event defined in (82), we

< T =dl Cc *
B (X 907[70,]1%()()7177'0,11%()())) =B (X 00’[70&()()71770,11%()())) I(Ap N AY) (99)

v E (YTH()’[ ) ) I(AgUA*) = E (YTQOJ AN A%

To.R(x)-1T0,R(X)) TO,KO(X)A,TO,KO(X))) I(

X3
+ x3=E (X 007[70,K0(X)717To,KO(X))) Txs - E (X 007[7'0,]1(0(}()—1aTO,KO(X))) [(Ag UA™).

X4

Notice that
7T *
X3 — x4 = EX <007[70,R(X)—1’To,ﬂ2(x)) B 007[7'0,K0(X)7177'0,K0(X))) ]I(AO UA C)'

Using similar arguments in showing (95), we can show that under the event defined in (82),

—T
X <907[7—07f((x)_1)7-0’k(x)) B 00’[T0,K0(X)—17T0,]K0(X))) # 0’

only when
0< X7 (bogs,, - )| = 4V20p + Degwlogn
,[TO’K(X)_PTOJK(X)) 7[TO,K0(X)71=7—0,]K0(X)) NOmin
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Therefore, under the event defined in (82), we have

44/2 1 1
(pt Veswlognp, 44 4,

X3 — xa| <
N0min

It follows from (89) and (90), we have

4/2(p + 1)cswlogn {2(p+ 1) LR (4 2(p+ 1)03wlogn>7}

n2 n(smin

Ix3 — xa| <
némin

For sufficiently large n, this together with (84) and (99) implies that we have with probability
at least 1 — O(n™2),

™ (N bdl - -
VT(d)=E (X 00»[TO,K0(X)—177'0,K0(X))> - 0(1)(n "logn +n (H)/2 log' 7 n),
for some positive constant O(1). The proof is hence completed by noting that

Vot = | (YTH(),[

TO,IKO(X)—lzTO,lKO(X))) :

B.7 Proof of Theorem 3

We first introduce some technical lemmas. We remark that the key ingredient of the proof
lies in Lemma 5, which establishes a uniform upper bound on the mean squared error of
qr- Proofs of these lemmas can be found in Sections E.1 - E.3 of Cai et al. (2021)? and
we omit them for brevity. The rest of the proof can be similarly proven as Theorem 1.
Specifically, we first show the consistency of the estimated change point locations. We then
derive the rate of convergence of the estimated change point locations and the estimated
outcome regression function.

Lemma 5 Assume conditions in Theorem 3 are satisfied. Then there exists some constant
C > 0 such that the following holds with probability at least 1 — O(n=2): For any I € J(m)
and |Z| > cyp,

BElazo(X) — qz(X)* < C(n|Z]) 72" 1og® n, (100)

where g0 = E(Y|A € Z,X) for any interval I. [ |

Lemma 6 Assume conditions in Theorem § are satisfied. Then there exists some constant
C > 0 such that the followings hold with probability at least 1 — O(n=2): For any I € J(m)
and |Z| > cyn,

DD (A € IHY; — qro(X) Haz(Xi) — qzo(Xi)}| < C(n|Z))? BFP Tog® n,
Tep =1
for any T € 3(m) such that |Z| > ¢y, for any positive constant ¢ > 0. |

Lemma 7 Under the conditions in Theorem 3, the following events occur with probability
at least 1 — O(n=2): there exists some constant C > 0 such that ming 5 |Z| > Cyy. |

2. See https://openreview.net/attachment?id=rvkD3iqtBdk&name=supplementary_material
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We next show the consistency of the estimated change-point locations. Using similar
arguments in proving (31), we can show that

1P| < Comy (101)

for sufficiently large n and some constant Cy > 0.
Notice that

SN A e DY - (X)) > DY (A € I — qro(Xi)}

zep =1 Tep i=1
+ 30> (A € T{Gz(Xi) — gz (X))}
TP i=1
—2 Z ZH(A’L' € II{Yi — qr,0(Xi) Haz(Xs) — azo(Xi)}| -
zep li=1

The second line is non-negative. Under Lemmas 6 and 7, the third line is lower bounded by
-1 Zzeﬁ(”|z|)p/(2’3+p) log® n for some constant C; > 0. By Holder’s inequality, it can be

further lower bounded by —C}|P|2%/(28+p)pp/(26+) 1668 n. By (101) and the given condition
on 7y, the third line is o(n). It follows that

> 1A € DY — G(X0)} = nf + o(n), (102)

Zep =1

with probability at least 1 — O(n~2).
Similar to (24) and (25), we can show that the following events occur with probability
at least 1 — O(n™2),

%ZH(Ai € I{Y: — Q(Xy, A) HQ(Xi, Ai) — qz.0(X4)}

‘ n
=1

< ¢ [n_lﬂ\/E]I(A € D){Q(X,A) — qro(X)}2logn +n"'log n} ,

ZH (Ai € D{Q(X:, Ai) — qz.0(Xi)}* — EI(A € T)|Q(X, A) — qzo(X)[?
=1

3\*—‘

< ¢ [n_I/Q\/E]I(A € ){Q(X,A) — qro(X)}2logn +n 'log n] ,

for some constant ¢y > 0 and any Z. The two upper bounds are o(1). Similar to (35), we
can show that

=D 1Y~ Q(Xi, 4)]* +n ) EI(A € D|Q(X, A) — azo(X)I” + o(n),
i=1 1ep
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with probability at least 1 — O(n~2). It follows from (102) that

SN I € DY — qr(X)E > DY — QX Ay (103)
Tep i=1 i=1
n3
+n Y EBI(A € T)|Q(X, A) — qro(X)[* + o(n),
TeP

with probability at least 1 — O(n~2).
Let us consider 5. We observe that

n = Z Z]I(Ai € D)|Y; — qz.0(X;)%

IEPO =1

By the uniform approximation property of DNN, there exists some ¢7 € Q7 such that
n
Z lgr.0(Xi) — ¢5(X;))? o n(n|Z])~28/(26+p),
i=1

See Part 1 of the proof of Lemma 5 for details. Similar to (24) and (25), we can show that
the following events occur with probability at least 1 — O(n~2),

L3 1 € DY~ oK) Haza(X:) — g3} < DY gy,
i=1

for some constant cg > 0 and any Z € Py. It follows that

m— Y Y HA DY —qr(X)P > = Y Y (A € Dlaro(Xs) — 4z(Xi)[

ZePo i=1 IeP, i=1
2> D WA € D{Yi — qzo(X) Hazo(X:) — g (Xi)}| > —en?/PFHP),
ZePy =1

for some constant ¢ > 0. This together with (103) yields that

SN e DY - (X)) 2 Y Y I € DIY; - gH(X)

Zep =1 TePy i=1
+n Z EI(A € T)|Q(X, A) — gz.0(X)> + o(n) + O(n?/25+P)),
IeP

with probability at least 1 — O(n™2).
Next, using similar arguments in proving (39), we can show that there exist a partition
P* € B(m) and a set of functions {¢}* : Z € P*} with |P*| = |Py| such that

YoM - (X)P = ) Y A € DYi - g5 (Xi)]* + O(1).

TePy i=1 TeP* i=1
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It follows that

D) (A € DY — qr(X)y >ZZ (Ai € DIY; — g5 (X)) (104)
Tep i=1 Tep+ i=1
+n Y EI(A € I)|Q(X, A) — qro(X)* + o(n) + O(nP/FHP)),
IeP

with probability at least 1 — O(n~2). Since

>N (A € DY — Gr(X)}E + nnl P (105)
Iep i=1
< D) I(A; € DY — g5 (X) P + nyml Pol,
ZeP* i=1

and that ~, — 0, we obtain that

S EI(A € D)IQ(X, 4) — gro(X)P = (1)
IeP

Under the condition that ¢z, o # gz,,0 for any adjacent Z;,Zy € Py, we have E|gz, o(X) —
qz,0(X)|? > 0. Using similar arguments in the Part 1 of the proof of Theorem 1, we obtain
that max ¢ jp,) min. — 7] < ¢ for any constant 6 > 0. This further implies that
|P| > |Pol.

We next derive the rate of convergence of the estimated change point locations and the
estimated outcome regression function. Similar to (104), with a more refined analysis (see
e.g., Step 2 of the proof of Theorem 1), we obtain that

SN 1A € DY - qr(X }>ZZHA e DIYi — g (Xi)?

Tep i=1 Tep+ i=1

0 S EI(A € DQUX, A) — gro(X)[? — C1[BP29/CHDpp/2559) 1og8 4 O(n?/25+9))
IeP

e ® |7

with probability at least 1 — O(n~2). This together with (105) yields that

n Y EI(A€TI)Q(X,A) — qro(X)? < C1|P|?/@F0)pp/ Q5] 1068y,
TeP
+O(n?/ P02y 4y, (|Po| — [P)).

Under the given condition on 7,, we obtain that ]73] < |Pp|. Combining this together with
|P| > |Pol|, we obtain that |P| = |Pp|. This proves the results in (i).
Consequently, we obtain that

nS " EI(A € T)|Q(X, A) — qzo(X)[> = O(n?/C#7) 1og n),
IeP
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As such, we have that

S EI(A € T)|Q(X, A) — qro(X)[? = O(n25/5 ) 1og® 1),
IeP

This together with Lemma 5 proves the result in (iii). Using similar arguments in Part 2
of the proof of Theorem 1, we can show the result in (ii) holds. This completes the proof.

B.8 Proof of Theorem 4

The proof of Theorem 4 is similar to that of Theorem 2. We provide the outline as below
and omit the duplicated arguments for brevity.

Under the events defined in Theorem 3, we have K=K , and

max |7, — 7ok < en~28/(28+p) log® n, (106)
ke{l,...,.K-1}
for some constant ¢ > 0. By similar arguments in the proof of Theorem 2, there exists some
constant C4 > 0 such that
™(a;z,d(z)) < Cy0 L, Vael0,1],z €X. (107)

min’?

The rest of our proof is divided into two parts. In the first part, we focus on proving

v=(d) > E(q (X)) = O()n~2/ 270 1068 (108)

T0,R(z)—1"T0,K(x)
with probability at least 1 — O(n~2), where O(1) denotes some positive constant.
In Part 2, we provide an upper bound for

Vot —E (q[To,R(x)—vTo,K(x))(X)) ’

This together with (108) yields the desired results.
Proof of Part 1: Recall the integer-valued function

HA{(QT) = sargmax gz, , 7,)(z), (109)
ke{1,....K}

where sarg max denotes the smallest maximizer when the argmax is not unique. Similarly,
we have K(QT)A: k if d(z) = [Fo_1,7%) for some integer k such that 1 < k < K — 1, and set
K(z) = K if d(z) = [Fx—1, 1].

Let Ay = [Fre1,7k) U 7041, 704)¢ + [Fe—1,76)¢ U [T0.4-1, Tox)- Using similar arguments
in the proof of Theorem 2, we have

V™ (d) =E ( [ QX a)r*(a; X, J(X))da> +E < QX a)m"(a; X, E(X))da>
do(X)Nd(X) A(X)

*

X1

=K < QX o)1 (a; X, g(X))da) + X7,

do(X)
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where do () = [T 21y _1» To () 204 A(x) = d(z) N {do(x)}*.
By (107) and the assumption that Y is bounded, we have

xi] < coCad i MA(X)),

where )\(3(/2( )) denotes the Lebesgue measure of A(X). Under the event defined in (106),
we have A(A(X)) < 2cn~28/(284P) 10g® n, for any realization of X. It follows that

;] < Cod L n=2B/28+P) 1008 1y, (110)

for some constant Cy with probability at least 1 — O(n~2).

Using similar arguments in the proof of Theorem 2, we have

E ( o) Q(X, a)m*(a; X, E(X))da> =E (q[fok(z)il,fm(z))(X)) — x5,
0

where

~

G =E (a0 1m0 200(X) /&X) 7 (a3 X, d(X))da.

Similar to (110), we can show that
X§] = O/ g ),

with probability at least 1 — O(n~2). This together with (110) yields (108).

Proof of Part 2: Let ¢, = Ol(ndmin)—%/{(%ﬂ)(?Jﬂ)}logS/(HV)n for some constant Cj.
Define an event

Ae = U {’q[TOv’“*l’TO,k)(X) - E]\[?k—ly?k)(X” < fn} .
k

Based on Lemma 5, by Markov’s inequality, we can show that there exists some constant
¢ > 0 such that

Pr{|qr 1 _1,70.00,0(X) = Tme_y 7)) (X[ > €n} (111)
< Cs (ngmm)—25(1+’Y)/{(25+P)(2+’Y)} 10g8(1+7)/(2+7) nVke{l,...,K}

I

with probability at least 1 —O(n~2) for some constant Cy. Thus, by Bonferroni’s inequality,
we have

Pr{Af} < C3(ndmin) 2PITNACHD NI 68049/ (2H7) (112)

holds with probability at least 1 — O(n~2) for some constant Cs.

Consider the event

Av=|J {0<laz.0(X) = qz,0(X)| < 260}
71,12€Po
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By Condition (A5) and Bonferroni’s inequality, we have

Pr(Ag) < Y Pr(0< gz, 0(X) — an0(X)| < 26,) < K2 (26,)7 . (113)

11,72€Po
T 4Ts

Similar to the definition of ]K, we define

Ko(z) = sargmax g7, 7,,),0(7)- (114)
ke{l,...,.K}

Let

K*(z) = {ko : kg = arg max q[TO’kLTO’k)’O(x)} ,
ke{l,...,.K}

denote the set that consists of all the maximizers. Apparently, Ko(z) € K*(x), Vo € X.
We now claim that

K(X) € K*(X), (115)

under the events defined in Af and A.. Otherwise, suppose there exists some ky €
{1,..., K} such that

Qii-1.720) (X) 2 MAX i, 730 (X), (116)
i&e}ggq[To,kﬂﬁo,k)’O(X) > q[TO,kofluTO,kOLO(X)' (117)

Under A§, it follows from (117) that

E:;f}go( q[TO,k—lvTO,k)7O(X) > im0,k —1,T0.k0)0 T 2¢p. (118)

Under the event A, we have

kel K} 141 720 (X) = g o1 .7010).0(X)] < €

This together with (118) yields that

2712@); ZI\[?kfl’?k)(X) > qA[?kOflfko)(X)’

In view of (116), we have reached a contradiction. Therefore, (115) holds under the events
defined in A§ and A..

By the definition of K*(-) that q[TOVK(X>717T0YHA<(X)),0(X) = q[To,KO(X)—lvTO,KO(X))vo(
(115) holds. Using the similar augments in (99), we have

X) when

B (a2 17020000 0)) = B (8 01700 000.0(X) ) + X3+ 1, (119)
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where

%5 = B (8 26, 170200 00X) = G 01700000 (X)) TAO)TCA,

and

31 = E (0, 0, 17020000 K) = g )10 00 ) TCAS),
Therefore, under the event A, it follows from (113) that
sl < K2 (26,)7 (120)

Similarly, by Condition (A7) and the outcome is bounded, following Markov’s inequality,
we have

Ixa| < CsPr{Ag} (121)

Based on (112) and ¢, = C_'l(némin)_w/{(w“’)(HV)}logs/@‘”) n, for sufficiently large
n, the above (121) and (120) together with (108) and (119) implies that we have with
probability at least 1 — O(n~2),

28(1+47) 848y

.~ 26
V™ (d) > VP — O(1)(n~ 25+ log®n +n~ @R log 257 n),

for some positive constant O(1). The proof is hence completed.

B.9 Proof of Theorem 5

We focus on proving Theorem 5 (ii) when conditions in Theorem 4 are satisfied with 45(1+
v) > (28 + p)(2 + v), where D-JIL is applied. Since the piecewise linear case requires
weaker conditions (when conditions in Theorem 2 are satisfied), one can similarly derive
the asymptotic normality of V under L-JIL.

We present an outline of the proof first, which can be divided into two parts. Define
do(z) = arg maxzcp, qz,0(7), Vo € X. Under the given conditions, the maximizers do(X;)’s
are almost surely unique. By the definition of ]IA{() in (109), we have

i=1

I{A4; € d(X;)} ~
W{ ~ RO -1 TR (X)) + q[?R(Xi)l’?R(Xi))(Xi)] |

Given Ky(+) defined in (114), the above value estimator can be decomposed by

oo s | {As e d(xi))
V=Vi+- S BA)
2 { 2d(X0)|X,)

- 1} {q[TO,KO(Xi)flvTO,KO(Xi))vo(Xi) B a\[ﬂ§<xi)lyﬂg(xi))(Xi)}] ’

=1
nr
where
1 | {A; € d(X;)}
= ) T s s 00} F iy w050
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In Part 1, we first establish the following result that
nr = op(n~"/?). (122)
This implies
V =Vi+o0,(n 2. (123)
In the second step, we further decompose Y//\i as

o I{4; €d(X,)} I{A; € do(Xi)}
o=+ nz; { Xi)|X5) - e(do(XS\Xi) }{Yi_q[To,JKo(Xz-)—l»TOJKO(Xi>)’0(Xi)}]7

8

where

EN ]I{A € do }
= n Zl [ e(do(X; {Y q[TO,KO(Xi)flvTO,KO(Xi))vo(Xi)} + q[To,KO(qu7To,K0(xi))70(Xi) :

We focus on proving
s = op(n~112). (124)
This together with (123) leads to

V =Va+o0,(n"1/?). (125)

Combing the results in the first two steps, it follows from the definition of dy(-) that

V= %Z > IT = do(Xi)) [H{? f do)(’X }{Y qz.0(X0) } + qz.0(X0) | + 0p(n™1/?),
i=1 ZePy

almost surely. Notice that the first term at RHS corresponds to a sum of i.i.d random vari-
ables. Hence, based on Lindeberg-Feller central limit theorem, one can show the asymptotic
normality result of the value estimator under the proposed 12DR.

Proof of Part 1: We aim to show (122). Toward that end, we define

‘73:;2

i=1

I{ A; ed }

A(d(Xz) { - Q[ 1’T01H§<Xi))’O(Xi>} + q[TUJK(Xi)*l’TOR(X«;))’O(XZ‘)

The difference |n7| can be upper bounded by |Vi — Vs| + [V — Vs|. Consider |V; — V| first.

HAied(X)} 1} is bounded, it suffices to show that

Under the gi ditions, the ¢ {AA
nder the given conditions, the term ed(X:)|X:)

= Op(n_1/2)7

1 n

q[TO,KO(Xi)_1770,K0(Xi))70 (Xz) B q[?K(Xl)fl’?ﬂA{(X,L))’O (X’L)
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where Ko(+) and K(-) are defined in (114) and (109), respectively. Under the margin-type
condition, the above expression can be proven using similar arguments in the proof of
Theorem 4. We omit the details to save space.

It remains to show |V — V3| = 0,(n'/?). Notice that \‘7 — 173| can be further upper
bounded by

1<~ [{4; €d )
" 2 {{((E)('X? } {q[TO’K(XiH’TO’]K(X”)’O(X” B q[?R(XnﬁR(xi))(X")}‘
d(

i=1
. lz”: {A; €d(X)} {4 €d(X)} { (X)) — Gi= 7o (X))
- 2 6(3<X2)’X1) ( ( z)’XZ) q[TO,HA((Xi)fl’TO,JIA((Xi))’O i q[THE(Xi)fvTﬂi(Xi)) i .

Consider the first line. Notice that it can be represented by

Since the number of intervals in P is finite with probability tending to 1 (see Results (i) in
Theorem 1), to show the above expression is 0,(n~'/2), it suffices to show

%Z {W - 1} {gz0(Xi) — G(X) YT = d(X3))| = 0p(n™/?).
i=1 g

The key observation is that, by Corollary A.1 of Chernozhukov et al. (2014), the above
empirical sum forms a VC-type class. Using similar arguments in bounding the stochastic
error in Step 2 of the proof of Lemma 5, we can show the above assertion holds.

To bound the second line, notice that by Cauchy-Schwarz inequality, it is smaller than
or equal to the square root of

sup
ZeI(m)

~ ~ 2
1|4 €d(X)) A €d(X)}| 1« .
ni e(d(X;)|X;) e(d(X;)|X:) ni3 T T ‘ ¢
77§1) ngz)

Using similar arguments in establishing the uniform convergence rate of ¢z, we can show
that ngz) = 0,(n°) for some ¢ > 1/2. To prove the second line is 0,(n~'/2), it remains to

show 77?) = Op(n_l/ 2logn). Under the positivity assumption on e and €, it suffices to show
I~ = ~
- D le(d(X,)1X5) — 2(d(X4)| X3)|* = Op(n'/?logn). (126)
i=1

The left-hand-side can be further upper bounded by
1 - _
- Z Z le(Z1X;) — e(Z)X,)[?
Tep =1

< D Ele(ZIX) — X)) + ) ZI (Z1X3) — &(Z1X)|* - Ele(Z]X) — €(Z|X)[?
IeP TP i=1
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The first term on the second line is O,(n~'/2) under Condition (A8) and the fact that
|P| = O(1) with probability tending to 1. To prove (126), by the boundedness of |P|, it
suffices to show the supremum of the empirical process term

sup [ Z! (Z1X:) = &(Z|X))P — Ele(Z|X) — &Z|X)]*| = Op(n~"*logn).

Ze3(m)

Under Condition (A8), this can be proven in a similar manner as Step 2 of the proof of
Lemma 5. We omit the details to save space.

Proof of Part 2: We next focus on proving (124). We notice that |ng| can be upper bounded
by

%z

i=1

n
i=1

)
e(d(X:)|X3) e(d(X:)|X;
{4 € do(X;)} I{A; € d(X;)
{ { € 0)|XZ)} _ { S }} {Y:L - q[TOJKo(Xi)—l17—0,K0(X1-))70(Xi)}] ‘ .

i)}
) {YL - q[TO,]Ko(X,L-)—l7T0,]K0(X,L-))?0(Xi)}

{]I{A cdX))} HAedx

e(d(X:)| X))

The first line can be shown to be op(nfl/ 2) using similar arguments in the proof of Part 1.
The second line can be shown to be 0,(n'/?) by noting that the difference between dy and

d is asymptotically negligible. This completes the proof.

B.10 Proof of Theorem 6

Before proving Theorem 6, it is worth mentioning that results in Lemma 1 and Lemma 4
do not rely on the assumption that 6y(-) is piecewise constant. These lemmas hold under
the conditions in Theorem 6 as well. The proof is divided into two parts. In the first
part, we derive the convergence rate of the integrated 5 loss for 0. Then, we establish the
convergence rate of the value under our 12DR.

Convergence rate of the integrated o loss: We first establish the upper error bound on the
integrated {9 loss of 5() Here, we consider a more general framework. Specifically, define

} |

It describes how well 0y(-) can be approximated by a step function with at most k change
points. Consider the following class of functions

0o(a ZHIHaEI

AEL(6y) = inf { sup
» ZeP

P:|P|<k+1 a€l0,1]
(07)zer€llzep R

B = {00(-) : lim sup k*° AEg (0y) < oo} ,
k—o00

for some ag > 0. The parameter o characterizes the speed of approximation as the number

of change points increases. According to the discussion in Section 4.2.1, the class of Holder

continuous functions in Model II belongs to B*. In the following, we show with probability

at least 1 — O(n™2) that fol ||§(a) — 0o(a)||3da < ’fyzao/(HzaO) for any 6y(-) € B.
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Since Oy(-) € B, for some sequence {ky}, that satisfies k, — oo as n — oo, there
exists a piecewise constant function 6*(-) such that

0" (a) = > 031(a € I), Vac€[0,1],
ZeP*

for some partition P* of [0, 1] with |P*| < k;,, 4+ 1 and some (03)zep+ € [[7ep- RPT, and

* Cq
sup sup [|fo(a) — 0zll2 < 15 (127)
TeP* acl n

for some constant ¢4 > 0. Detailed choice of k, will be given later. Combining (127)
together with (27), we obtain that

sup [|0z[l2 < 2co, (128)
Tep:

for sufficiently large n.

Let {T,j}l,f:*ﬁ_l with 0 < 77 <73 < -+ < 7jp._; < 1 be the locations of the change
points in J(P*). For 1 < k < [P*| — 1, define 7;* such that 0 < 7/* — 7} < 1/m and
e {1/m,2/m,...,1}. Let k}, be the largest integer that satisfies k;; < |P*| — 1 and
7‘:;: < 1. Apparently, k) < k,. Set 77 = 7" = 0 and T,jﬁﬂ = Tg§+1 = 1. Define a new
partition P** € B(m) and the set of vectors (65*)zcp++ as follows,

P =AM "), I Tl
[T**’Tl:il) = 0[7_]::’7_;:+1), Vk € {0, 1, ey kn — 1} and 9[7_;;;71] = Q[T;ﬁ’,r;;+1) (01‘ 9[7_;%’1})
Notice that it is possible that [7;*, /%) = 0 for some &k < kj;.
Then, it follows from (128) that
sup [|67"[]2 < 2co, (129)
TeP**
Moreover, it follows from (27), (129) and the condition m =< n that
K% (|2 * 112 ’P**| K3k |2
Z [60(a) — 677 ||l3da < Z 160(a) — 67[l2da + sup  [|0o(a) — 0772
I I a€l0,1],ZeP**

< Ak 20 193 (ky +1D)m™ < O(1) (k2 + 07 k,),  (130)
for sufficiently large n, where O(1) denotes some positive constant.
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Notice that

ZZ]IA € I)(Yi - X, 07)° ZZ 3 U4 € T ND)(Yi - X, 07,)?

i=17ep i=1 7,cP Ta€P**

_ ZZ S (A € TNT)(Yi - X, 03 + X, 05 — X, 0z,)?

=1 1,ep L€P*

= Z 3 1A € T)(Yi — X, 65) +ZZ N WA e TN D) (X 603

1=1 ToeP** =1 Ile'pIQEP**

7T/\
- Xi 911)2

-~

X5

b2 Y M € L)Y - X0 (65 - ).

i=1 T.€P D LocP**

-~

X6

By definition, we have

ZZ I(A; € T)(Y; — X, 07)° +mn\7>\<z 3 14 € )Y — X, 65) + nky

=1 IE'F’ 1=1 ZeP**

It follows that

X5+ 2x6 + nvn]ﬁ] < n(k, + 1)y,

+ 1)

(131)

We now give a lower bound for ys. Similar to (55) and (56), we can show that the

following event occurs with probability at least 1 — O(n~?):

Amin (ZH(AZ S I YY ) Z C577,|I|,
i=1

(132)

for some constant c; > 0, and any interval Z € J(m) that satisfies |Z| > ¢yn ! logn where
the constant ¢y is defined in Lemma 1. Under the event defined in (132), we obtain that

n
_ < T xx <1
X5 Z Z Z ZH(AZ < Il mIQ)I[(’II ﬂIQ’ 2 con 110gn)(Xi 91—2 — Xi 911)2

Il 673 ZQEP** 7,:1

>esn Y Y W(TiNTo| > G tlogn)|T N Iy|||0% — 6z, |3

T €P p L2€P**

In addition, under the events defined in (22) and Lemma 4, we have

cov/logn  cov/logn
sup 1Bz — B zlls < sup LIBN o COVIOBR _ g

zeP 1ep VIEZIn — VEnm
since 7y, > n~'logn. In view of (27), we obtain that

sup 10z]]2 < 2¢p,
eP
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for sufficiently large n. This together with (129) yields that

> Y (TN Te| < conlogn)| T N Tol||65: — 67,113
116731—267)**

< (4c3éonlogn) Z Z (|71 N T,| < éon~tlogn),
TP L2€P**

with probability at least 1 — O(n~2). Recall that P** has at most kj change points. The
number of nonempty intervals Z; N Zy is at most k, + 1 + |P|. Thus, we obtain that

Yo Y TN T| < con tlogn)|[Zi N To)|05; — 07,113 < (ka + 1+ [P|)(4ckcon " logn),
IIEﬁZQE'P**

with probability at least 1 — O(n~2). This together with (133) yields that

Xs>esn Y > [TND||05 — 05,113 — c5(kn + 1+ [P])(4cdeo log ),
7,eP T2EP*

with probability at least 1 — O(n~2), or equivalently,
X5 > C5n/ 18(a) — 0 (a)[|2da — cs(kn + 1+ [P]) (430 log n), (135)

with probability at least 1 — O(n~2), where

0" (a) = Y 07T(a € T).

TepP*

We now provide an upper bound for |xg|. Notice that

T ek | [ n
X6 = Z Z Z I(A; € T N Ip) (Vi — X, 07,) X, (67, — 0z,) (136)

=1 7,ep T2€P*

S NS S A e BT Y - X (A (05 )

=1 T, eP D LocP**

X7

n ZZ 3 W4 € T NT)X, 6o(A) — X, 053X, (6% — 6z,).

=1 T eP D Lo cP**

X8

It suffices to provide upper bounds for |y7| and |ys|.
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Under the event defined in (23), we obtain that

Z S S A € NL)(TNTo| > dn logn){Y; — X, 60(4)} X, (65 — 0z,)

i=1 T cp LoeP**

<2 2

TP L2€P**

3 I(4; € TN T)I(TL N T| > con logn){Y; — X; 60(A:)} X
=1

||9** — 07, |2

<SS Vel nGlnlognloz; - bx, < 22 / 18(a) - 67 (@)|3da

I1€ﬁ12673**
4C logn Cs5T ok
Sosn Z Z |71 N Ty < — > /||9 ) — 0**(a)||3da + 4cocs logn,
I;[GPIQGP**

where the third inequality is due to Cauchy-Schwarz inequality.
In addition, using similar arguments in (37) and (38), we have with probability at least
1 — O(n™?) that, for any interval Z € J(m) that satisfies |Z| < con~'logn,

n

S LA € D{Y; — X, 6o(A)}X,

=1

< ¢5logn, (137)
2

for some constant ¢5 > 0. Since the number of nonempty intervals Z; N Zy is at most
kn 4+ 14 |P|, we obtain that

Z S S A € NL)(T N Tyl < Gnlogn){Y; — X, 60(4)}X; (65 — 0z,)
=1 7,epT2€P™

<2 2

T ep L2eP*

3 I(4; € TN T)I(|T N To| < conlogn){Y; — X; 0(A:)} X
=1

167, — 0z, |2
2

< (kn+1+|P|)(logn) sup sup |05 — 0z, [|l2 < 4eo(kn + 1+ |P|) (& logn),
IlepIQEP**

with probability at least 1 — O(n~2). Tt follows that
Ix7| < CBn/ 16(a) — 6**(a)||3da + deges Mogn 4 deg(ky + 1+ 1P|)(5 log n)(138)

with probability at least 1 — O(n~2).
As for |xs|, it follows from Cauchy-Schwarz inequality that

s < fzz Y N4 € iND)(X; 65 - X, 0z,)°

i=1l7,ep p LocP**

+ Zn: Y Y lAen NT){X; bo(A;) - X 0512 =22 . (139)

i=1 7,ep T2eP™

X9
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Notice that

X9 = z": Y 14 € (X, 6o(4;) — X, 65}

i=1 ZeP**

It follows from (48), (50), (130) and Cauchy-Schwarz inequality that

E(xo)=n Y ENAcT){X 6(A)~X 65 <n > E|X|3I(A € I)6o(A) — 653

IE'P** IE'P**
<n Y EE[X[3A)IA € D)|0(A) - 653 <w’n Y EI(A€I)|0(A) - 673
ZepP** TeP**
< Cow’n Y / 160(a) — 657 ||2da < O(1)(nk,; 2% + k),
ZeP**

where O(1) denotes some positive constant. Using similar arguments in (68), we have for
any integer q > 2 that

q
E ( 3 KAeD){X 6(A) - X 67 2) < 3 EIAeD){X 6y(A) — X 65}
Tep* Tepr
< gl Z / 160(a 3da < q!CU(nk, %™ + Ky),
Zepr

for some constants ¢, C' > 0. Using Bernstein’s inequality, we have for any ¢ > 0 that

1 ¢
Pr <X9>EX9+t)<eXp< 2tC’—|—202(nk§ 2010+k ))

We will require the sequence {ky, }, to satisfy k,, > logn. Set to = 40\/(711@,;20‘0 + k) logn,
we have

t2 8Nk, 2 + Ky logn

toC + 2C2(nkn > + k) 2\/Togn + \/nkn 2 + k,,
for sufficiently large n. Therefore, we obtain with probability at least 1 — O(n~2) that

> 2logn,

Yo < O()(nk 2% + k) + 40 (ki + k) logn = O(nky 0 + ).

This together with (136), (138) and (139) yields that
xol < 22 / 10(a) ~ 07 (@)3da + co{(k + [P logm + ;220 + X2

with probability at least 1 — O(n~2), for some constant cg > 0 and sufficiently large n.
In view of (131) and (135), we obtain with probability at least 1 — O(n~2%) that x5 <
nyn(kn + 1 —P) + 2|x6| and hence

3¢sn / 18(a) — 6**(a)|3da (140)

206{(kn + [P|) log n + nk; 2} + ny, (kn + 1 — P).

IN
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Suppose |P| > 2k, + 1. Under the event defined in (140), it follows from the condition
nyy > logn that

1Y (kn + 1 — |P|) + 2¢6(kn + |P|) logn < 3cg|P|logn — 2~ nv,|P| < 0,

for sufficiently large n, and hence

3csm / 13(a) — 0 (a) | 2da < 2cenk 2. (141)

Otherwise, suppose |P| < 2k,. It follows from (140) that

3con / 10(a) — 0% (a)||2da < 6cg(kn logn + nk;2°0) + nypkn,
with probability at least 1 — O(n~2). This together with (141) yields that
/ 16(a) — 6°*(a)||3da < 16¢; ' cen™ " (kn log n + nk;, 2%0) + 3y, kn, (142)

with probability at least 1 — O(n~2).
By Cauchy-Schwarz inequality, we have

/ 18(a) — fo(a)|[3da = / 18(a) — 6% (a) + 6% (a) - Bo(a) |3da
<2/\w — o Mﬂa+;/um* 00 (a) I3da.
In view of (130) and (142), we obtain that
/ 18(a) — Bo(a)|2da = O(nkplogn + £-290 4 ykn) = Ok 4 yuk), (143)

with probability at least 1 — O(n~2), where the last equality is due to the condition that

Yo > ntlogn. Set k, = ;(HMO)J (the largest integer that is smaller than , (HQO‘O))

we obtain that

)

/ 18(a) — B (a)3da = O(y200/(+200)),

with probability at least 1 — O(n~2). The proof is hence completed.
Convergence rate of the value function: To derive the convergence rate of the value function
under the proposed I12DR, we introduce the following lemma.

Lemma 8 Assume conditions in Theorem 6 hold. Then for any interval I € J(m) with
|Z| > éon~'logn and any interval T' € P with T C T', we have with probability at least

1—0(n=2) that
160,z — Goll2 < 34/ 5 | ZI,
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where the constant cs is defined in (132). [ |
Recall by the definition of the value function that

a€(0,1]

yopt V’T*(J) =E < sup X' Oo(a > (/ X' 0o(a)m*(a; X, gf(X))da) (144)

We begin by providing an upper bound for

x11 =E ( sup XTGO(a)> —E (sup XT907I> )
(ZE[O,I] Ieﬁ

It follows from (48) and Cauchy-Schwarz inequality that

x11 = E (sup supXTHO(a)) —-E (sup XTG(),I) (145)
Zep o€l ZeP
< E|[X|lg sup sup [|6o(a) — b2
Zep o€l
p+1 )
< (B XY supsuplio(e) ~ ozl < (p-+ 1) sup sup [6o(a) = bozl

Consider a sequence {d, },, that satisfies d,, > 0,Vn, d,, = 0 as n — oo and d,, > n~logn.
By the definition of Holder continuous functions, we have for any Z with |Z| < d,, that

sup ||fo(a1) —Oo(a2)|l2 < L sup |a; —ag|*® < Ld,)°.
ai,a2€L ay,a2€L

It follows that

sup [o(a) — fozl> < sup Heo(a) {EXX (A€ T} EXX Go(A)(A € z)H
ac ac

< sup H{EﬁTH(A e )} 'EXX ' I(A € T){6o(a) — (A }H (146)
a€l
< sup H{EWTH(A eI EXX (A e z)( sup ||Go(a) — fo(a*)||2 < Ld®®

a€l a,a*€l

for any 7 that satisfies |Z| < d,,.

Consider an interval Z € J(m) that satisfies |Z| > d,,. For any a € Z, we can find an
interval Z C Z with d,,/2 < |Z'| < d,, and Z' € J(m) that covers a. Similar to (146), we
have

10027 — Oo(a)ll2 < Ldp°. (147)

Since d,, > n~!logn, by Lemma 8, we have with probability at least 1 — O(n~?) that

100, — o,z |2 < 3\/20577.
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This together with (147) yields that

sup ||0p(a) — Op 7|2 < Ldy° + 3\/205_1%@1;1,

acl

for any Z € J(m) that satisfies |Z| > d,,. Combining this together with (146), we obtain

that
sup ||6o(a) — Oo.z|l2 < Ld;° + 3\/205_1’ynd;1,
a€l

for any Z € J(m), with probability at least 1 — O(n~2). Set d,, <
probability at least 1 — O(n~?) that

-1
77(11+2a0) , we have with

sup ||0o(a) — Oozl]2 < O(1)20/(1+200)
a€l

for any Z € J(m), where O(1) denotes some positive constant.
Therefore, we obtain with probability at least 1 — O(n~2) that

X1t < O(1)ypo/ 200, (148)

where O(1) denotes some positive constant. Similarly, we can show with probability at least
1 —O(n~2) that

X12 = EYTHO ix)—E ( p )XTGO(a)w*(a;X, cT(X))da) < O(1)r20/(A+200)
’ b

where O(1) denotes some positive constant. This together with (144) and (148) yields that,

Vort V”*(c?) <E (sup XTO()J) _EX 0 -

p 030 + 0(1)730/(1-1-2@0)7 (149)
ZzeP

with probability at least 1 — O(n~2), where O(1) denotes some positive constant.
Using similar arguments in (145), we can show that

E (sup XTH(),I) —E (Sup XT§Z> <(p+ 1)1/2W sup |6z — 51”%
ZeP ZeP IeP

and

EX HO,J(X) —EX GJ(X) < (p+1)1/260:8[1171;"9071—91”2.
S

Since sup; 5 Yng = YT@R Xy We have

Vort— v (d) < 2(p+ 1) 2wsup ||z — bzlla + O(1)yg0/H220), (150)
ZeP
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under the event defined in (149). It follows from Lemma 1 and 4 that

~ v1ogn
sup [|6o.z — Bzl < Yoo
TeP ALRL

with probability at least 1 — O(n~2). This together with (150) yields that

ver — v (d) < 0(1) (vﬁO/ (+200) 4 V250 10g"> ,

Yn

with probability at least 1 — O(n~2), where O(1) denotes some positive constant. Set v, <
(n=1/21og!/? n)@eot1)/(4e0+1) we obtain that VoPl—V7™" (c/i\) = O(n—20/(+4a0) g0/ (1H+4a0) )y
with probability at least 1 — O(n~2). The proof is hence completed.

B.11 Proof of Lemma 8

For a given interval 7' € 73, the set of intervals Z considered in Lemma 8 can be classified
into the following three categories.

Category 1: 7 =71'. Then it is immediate to see that ||0pz — 0y /|2 = 0 and the assertion
automatically holds.

Category 2: There exists another interval Z* € J(m) that satisfies Z/ = Z* UZ. Notice that
the partition P* = P U {Z*} UZ — {ZT'} also belongs to B(m). By definition, we have

fZ 3" 14 € To)(Yi — X, 02,)% + Ml Tolllfz, |1 + 7l P
1= 11067?*

v

1 — S ~ ~
- DD WA € To)(Yi — X, 01,)° + M| To 105, |13 + 7al Pl
i=1 1067/5

and hence

1< =T ~ 1< . =T S
=S € T~ X0 + MlZI0z B + 5 DI € (Y — X[ 072 + 270713
i=1 i=1

1 < =T ~
> =3 I(A; € T)(Y; = X, 62) + Ml Z' |16z 115 — -
i=1
It follows from the definition of é\p that
1 * 5 \2 *A21n * 4 \2 * 110 112
EZH(Az‘ €IM)(Ys — X; 0z)" + M| 27| |02+ |5 < 5211(141‘ €I)(Yi — X, 0)" + |70z |[2-
i=1 i=1

Therefore, we obtain

1« —Ta .
=3 W4 € I)(Y; = X, 2) + Aol Z1 1Pz (151)
=1

Y

1< i 0.
=3 WA € DY — X[ 00) + Ml T8z 13—
=1
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Category 3: There exist two intervals Z*, 7** € J(m) that satisfy Z' = Z* UZ UZ**. Using
similar arguments in proving (151), we can show that

1 @ —T~ ~ 1 & —TA ~
- > 1A € I)(Y; - X, 01)° + Aa|Z])1 615 > - > I(A;i € T)(Y; — X, 62) + MalZ16z 13 — 27
=1 i=1

Hence, regardless of whether Z belongs to Category 2, or it belongs to Category 3, we have

1< —TA ~
- Y 1A € I)(Y; = X, 62) + M| Z1[16z]5

=1

1 n 7TA o~
= nZ;H(Ai € D)(Y; = X; 0r)* + MlZ||0z I3 — 2m

1 o T~
> =N (4 € DY — X, 07)% — 2,,. 152
> Y WA e DY~ X, )’ — 2 (152)

=1

Notice that |Z’| > |Z|. Under the event defined in (22), we obtain that

cov/logn
VIl

Similar to (33), we can show the following event occurs with probability at least 1 —O(n=2),

10z = b0,z 12 <

n

1 T =T~
=Y WA e DY — X 002)X; (O — bo.z)
=1

<O(1)n tlogn, (153)

where O(1) denotes some positive constant. Similarly, using Cauchy-Schwarz inequality, we
can show with probability at least 1 — O(n~2) that

- ZH(Ai €I)(X; 6oz — X, Ooz)X; (07 — 6o 1)
=1

1 ¢ T T 1 T ,5
< ™ Z} I(A; € I)(X; b0z — X; Oo17)° + - Z} I(A; € T{X,; (07 — bp.1)}>
< L zn:]I(Ai € I)(YTHOI - YTHO )2 +0(1)n togn
~ 4n — v v ’

where O(1) denotes some positive constant. This together with (153) yields

I(4; € T)(Y; — X, 6o2)X, (Op — bo,z7)

S|
&M:

1

2

3

1 _ —
< Y IAie I)(X, o1 — X, 0g1)2 + O(1)n ‘logn,

(2

S
I
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with probability at least 1 — O(n~2), where O(1) denote some positive constant. Using
similar arguments in proving (32), we can show the following event occurs with probability
at least 1 — O(n™2),

fZHA e T)(Y; — X, 0p)? Z]IA e T)(Y; — X, 0p1/)2 (154)
=1 i=1

1 & —=T =T 9 1
- I(A; € T) (X, — X, )Y — O0(1 I ,
o™ ;:1 (A4 € I)(X,; boz i Oo17) (1)n"" logn

where O(1) denotes some positive constant.
In addition, it follows from the definition of 67 that

n

1< —TA ~ 1 —T
- D 1A € I)(Y; - X, 01)° + Aa|Z]]16z]l3 < - > 1A € I)(Y; - X, 002)% + Ml 1602113

i=1 i=1

By (27) and the condition that )\, = O(n~!logn), we obtain that

1 T~ ~ 1 —

=Y IA € T)(Yi - X, 07) + \a|Z1)102)2 < =3 IA € T)(Yi - X, 097)2 +O(1)n ‘logn,
i=1 i=1

where O(1) denotes some positive constant. This together with (152) and (154) yields

n

S N4 € T)(Y; - X, bo1)° (155)
=1

S WA € T)(Y; — X, 6o.0)? — 207 — O(1) logn
=1

1 & —T =T
—5 2 WA € (X boz — X, bo.1)?,
i=1

v

with probability at least 1 — O(n~2), where O(1) denotes some positive constant.
Notice that
n n
S LA € D)(Yi— X, 0p)® =S (A € I)(Y; - X, b0z + X, boz — X, Oo17)’
i=1 i=1
n

Z]IA e I)(Y; - X, boz) +22]1A e T)(Y; - X, 0o7)(X, oz — X, 0017)
=1

=1
X10
- -1 -1 2
+ > 1A € D)X, bor — X, box)*.
=1
Combining this with (155) yields that
S 1A € T)(X, oz — X, b0.2) < Ay, + O(1) logn + dlx1ol- (156)

i=1
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Under the event defined in (132), we obtain that

n
—T =T
Y A € I)(X; b0 — X, b0.2)° = esnlZ|[[602 — Oo.zll3- (157)
=1

By the definition of 6y 7, we have EI(A € Z)(Y — YTGOI)Y = 0. Under the event defined
n (23), it follows from Cauchy-Schwarz inequality that

n 2

S I(4; € T)(Yi — X, 600X
=1

csn
* 8
2
2
< 2cglogn n csn

8

2
Ix10] £ ——= 1Z)|160.2 — 00,713
c5N

Z1160,2 — bo,zll5-

This together with (156) and (157) yields that

8Vn

— 4+ 001)n"tlogn,
Cs

11602 — B0z 13 <
with probability at least 1 — O(n~2), where O(1) denotes some positive constant. Since
Yn > n~tlogn, for sufficiently large n, we obtain with probability at least 1 — O(n~2) that

1 Z1160.z — Ooz|I3 < 9¢5 "y
The proof is hence completed.

B.12 Proof of Theorem 7

The proof of Theorem 7 relies on the following result that is proven in Lemma E.4 of Cai
et al. (2021)3: For any interval Z € J(m) with |Z| > v, and any interval ' € P with
Z C 7', we have with probability approaching 1 (w.p.a.1.) that

Elgz.0(X) = az,o(X)* < CIZ| ™y, (158)

for some constant C' > 0.

The rest of the proof is divided into two parts. In the first part, we show assertion (i) in
Theorem 7 holds. In the second part, we present the proof for assertion (ii) in Theorem 7.
It is worth mentioning that results in Lemmas 5 and 7 do not rely on the assumption that
Q(+) is piecewise function. These lemmas hold under the conditions in Theorem 7 as well.

Proof of Part 1: Consider a sequence {d,,}, such that d,, — 0 and d,, > 7,. We aim to

show
2a0

N = _ 28
max E[|Q(X, a) — gz(X)|*] = Op(7a"°"") + Op((nya) " %+7 log™ ),

where the expectation is taken with respect to the marginal distribution of X.

3. See https://openreview.net/attachment?id=rvkD3iqtBdk&name=supplementary_material.

91


https://openreview.net/attachment?id=rvKD3iqtBdk&name=supplementary_material

CA1, SHI, SONG, AND LU

By Lemma 5, it suffices to show

200
max BQ(X, a) = gzro(X)[* = Op (1™"). (159)
I’'eP
Suppose |Z'| > d,,. Then according to (158), we can find some Z such that |Z| = d,, and
aceICT,
Blaro(X) — gz o(X)P < O .
In addition, it follows from Hd&lder smoothness assumption that

max max max |Q(z,a) — ¢z(z)| < maxmax max |Q(z,a1) — Q(z,a2)| = O(d°).
x T a€T x z 26T

ai,a
By setting d,, to proportional to 771/ (Hao), it is immediate to see that (159) holds.
Next, suppose |Z'| < %1/ (1490)  Then it follows from the Holder smoothness condition

that (159) is satisfied as well. This completes the proof for the result (i).

Proof of Part 2: This part follows the second part of the proof of Theorem 6. Recall by the
definition of the value function that

yort _ ((,Tl\) —E ( sup Q(X, a)> —-E (/A Q(X,a)7*(a; X, J(X))da) , (160)
a€l0,1] d(X)

where the expectation is taken with respect to the marginal distribution of X.
Using similar arguments in (145), it follows from the result in Part 1 that

E ( sup Q(X, a)) —E (sup qI’O(X)> = Op(’y;%). (161)

a€l0,1] IeP
Similarly, we can show that

—~ ao

mXKdM%_E(AHfKX””w”&aX»m>ZOA%%MU.

This together with (160) and (161) yields that,

Q0

Ver — v (d) < E <su13 qz,o<X>> ~EQ(X,d(X)) + Op(y ™). (162)
ZeP

Using similar arguments in (145), we can obtain that

E (SUE QI,O(X)> —E (sug@ﬁX)) < sup \/E[|qI,O(X) —gz(X)?],
ZeP ZeP TeP

EQ(X, d(X)) ~ EQ(X,d(X)) < ¢’ sup \/Ellaro(X) — Gz(X)[2),
IeP

for some constant C’ > 0. Since supzp qr(X) = @(X, c/i\(X)), it follows from Lemma 5 and
(162) that

@0

Vot — V™ (d) = Op (4T ) + Op((nya) 75 log* n).

: . : —1/(14205220))
The proof is completed by setting ~,, to be proportional to n ao(p+26)/
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