Asymptotic Properties of High-Dimensional Random
Forests

Chien-Ming Chi!, Patrick Vossler!, Yingying Fan', and Jinchi Lv!

1 Data Sciences and Operations Department, Marshall School of Business, University of Southern California, Los
Angeles, CA 90089,

Abstract: As a flexible nonparametric learning tool, the random forests algorithm has been widely
applied to various real applications with appealing empirical performance, even in the presence of
high-dimensional feature space. Unveiling the underlying mechanisms has led to some important
recent theoretical results on the consistency of the random forests algorithm and its variants.
However, to our knowledge, almost all existing works concerning random forests consistency in
high dimensional setting were established for various modified random forests models where the
splitting rules are independent of the response; a few exceptions assume simple data generating
models with binary features. In light of this, in this paper we derive the consistency rates for
the random forests algorithm associated with the sample CART splitting criterion, which is the
one used in the original version of the algorithm [9], in a general high-dimensional nonparametric
regression setting through a bias-variance decomposition analysis. Our new theoretical results show
that random forests can indeed adapt to high dimensionality and allow for discontinuous regression
function. Our bias analysis characterizes explicitly how the random forests bias depends on the
sample size, tree height, and column subsampling parameter. Some limitations on our current
results are also discussed.
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1. Introduction

As an ensemble method for prediction and classification tasks first introduced in [9, 10], the random forests
algorithm has received a rapidly growing amount of attention from many researchers and practitioners
over recent years. It has been well demonstrated as a flexible, nonparametric learning tool with appealing
empirical performance in various real applications involving high-dimensional feature spaces. The main
idea of random forests is to build a large number of decision trees independently using the training
sample, and output the average of predictions from individual trees as the forests prediction at a test
point. Such an intuitive algorithm has been applied successfully to many areas such as finance [22],
bioinformatics [31, 11], and multi-source remote sensing [17], to name a few. The fact that random forests
has only a few tuning parameters also makes it often favored in practice [36, 19]. In addition to prediction
and classification, random forests has also been exploited for other statistical applications such as feature
selection with importance measures [18, 28] and survival analysis [21, 20]. See, e.g., [5] for a recent
overview of different applications of random forests.

The empirical success and popularity of random forests raise a natural question of how to understand its
underlying mechanisms from the theoretical perspective. There is a relatively limited but important line of
recent work on the consistency of random forests. Some of the earlier consistency results in [6, 2, 16, 20, 39]
usually considered certain simplified versions of the original random forests algorithm, where the splitting
rules are assumed to be independent of the response. Recently, [33] made an important contribution to
the consistency of the original version of the random forests algorithm in the classical setting of fixed-
dimensional ambient feature space. As mentioned before, random forests can deal with high-dimensional
feature space with promising empirical performance. To understand such a phenomenon, [6, 24] established
consistency results for simplified versions of the random forests algorithm where the rates of convergence
depend on the number of informative features in sparse models. In a special case where all features are
binary, [35] derived high-dimensional consistency rates for random forests without column subsampling.
Additional results along this line include the pointwise consistency [24, 37], asymptotic distribution [37],
and confidence intervals for predictions [38].
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authors: Yingying Fan (fanyingy@usc.edu) and Jinchi Lv (jinchilv@usc.edu). The authors sincerely thank the Co-Editor,
Associate Editor, and referees for their constructive comments that have helped improve the paper substantially.
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Despite the aforementioned existing theory for random forests, it remains largely unclear how to
characterize the consistency rate for the original version of the random forests algorithm in a general
high-dimensional nonparametric regression setting. In this work, the “original version of random forests,”
or simply “random forests” hereafter, refers to the random forests algorithm that 1) grows trees with
Breiman’s CART [9], and 2) utilizes column subsampling (the key distinction of random forests [9] from
bagging [8]). Our main contribution is to characterize such a consistency rate for random forests with non-
fully grown trees. To this end, we introduce a new condition, the sufficient impurity decrease (SID), on
the underlying regression function and the feature distribution, to assist our technical analysis. Assuming
regularity conditions and SID, we show that the random forests estimator can be consistent with a rate of
polynomial order of sample size, provided that the feature dimensionality increases at most polynomially
with the sample size. To the best of our knowledge, this is the first result on high-dimensional consistency
rate for the original version of random forests. Thanks to the bias-variance decomposition of the prediction
loss, we establish upper bounds on the squared bias (i.e., the approximation error) and variance separately.
Our bias analysis reveals some new and interesting understanding of how the bias depends on the sample
size, column subsampling parameter, and forest height. The latter two are the most important model
complexity parameters. We also establish the convergence rate of the estimation variance, which is less
precise than our bias results in terms of characterizing the effects of model complexity parameters. Such
limitation is largely due to technical challenges.

The SID, formally defined in Condition 1, is a key assumption for obtaining the desired consistency
rates. We discover that, if conditional on each cell in the feature space there exists one global split
of the cell such that a sufficient amount of estimation bias (we use the terms “impurity,” “bias,” and
“approximation error” interchangeably in this work) can be reduced, then the desired convergence rate
results follow. This finding greatly helps us understand how random forests controls the bias. The SID
condition can accommodate discontinuous regression functions and dependent covariates, a nice flexibility
making our results applicable to a wide range of applications. The SID condition is new to the literature,
and a concurrent work [35] exploits it independently in a simpler setting with all binary features. At
a high level, the idea of SID roots in a frequently used concept called impurity decrease for measuring
importance of individual features; we use it in this paper for a different purpose of proving random forests
consistency. A related well-known feature importance is the mean decrease impurity (MDI) [27], which
evaluates the importance of a feature by calculating how much variance of the response can be reduced by
using this feature in random forests learning. Details on the MDI and other feature importance measures
can be found in [27, 32].

In terms of technical innovations, we take a global view of biases from all individual trees in the forests,
and then with the SID condition, we obtain a precise characterization on how the column subsampling
affects bias. This global approach is one of our major technical innovations in obtaining high-dimensional
random forests consistency rate. Our variance analysis of the forests uses the “grid” discretization ap-
proach which is also new to the random forests literature. Despite the technical innovation in our variance
analysis, we take a local view and bound the forests variance by establishing variance bound for individual
trees. A caveat of this local approach is that the resulting variance upper bound is the most conservative
one working for all column-subsampling parameters, and hence less precise. It remains open on how to
establish the global control of the forests variance.

We provide in Table 1 a comparison of our consistency theory with some closely related results in the
literature. The consistency of the original version of the random forests algorithm was first investigated
in the seminal work [33] under the setting of a continuous additive regression function and independent
covariates with fixed dimensionsality, and no explicit rate of convergence was provided. The results
therein cover random forests with fully-grown trees where each terminal node contains exactly one data
point, and demonstrate the importance of row subsampling in achieving random forests consistency.
By considering a variant of random forests, [6] analyzed the consistency of centered random forests in
a fixed-dimensional feature space and derived the rate of convergence which depends on the number
of relevant features, assuming a Lipschitz continuous regression function. Recently, [24] improved over
[6] on the consistency of centered random forests. [29] established the minimax rate of convergence for
a variant of random forests, Mondrian random forests, under the assumptions of fixed dimensionality,
Hélder continuous regression function, and dependent covariates. A fundamental difference between the
original random forests algorithm and these variants is that the original version uses the response to guide
the splits, while these variants do not.

The rest of the paper is organized as follows. Sections 2.1-2.2 introduce the model setting and the
random forests algorithm. Section 2.3 gives a roadmap of the bias-variance decomposition analysis of
random forests, which is fundamental to our main results. We then present SID in Section 3.1 with
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TABLE 1
Comparison of consistency rates

PS>0 lrC;‘i(zzslstency Conditions 1fi)trlllgnllnal algo-
Our work | Yes Yes The SID assumption (Section 3.1) Yes
. Independent covariates and continuous addi-
[33] No No tive regression function Yes
[24] No Yes Dependent covariates and Lipschitz continu- No
ous function

) Dependent covariates and Hoélder continuous

(29] No Yes functions e

examples justifying its usefulness. The main results on the consistency rates are provided in Section 3.2.
To further appreciate our main results, we also give consistency rates under a simple example with binary
features in Section 3.3. There, with restrictive model assumptions, we derive sharper convergence rates.
As a way of further motivating SID, in Section 3.4, we discuss the relationships between SID and the
relevance of active features. In Section 3.5, we compare our results to recent related works. We detail
our analysis of approximation error and estimation variance in Sections 4 and 5, respectively. Section 6
discusses some implications and extensions of our work. All the proofs and technical details are provided
in the Supplementary Material.

1.1. Notation

To facilitate the technical presentation, we first introduce some necessary notation that will be used
throughout the paper. Let (Q,F,P) be the underlying probability space. Denote by a, = o(b,) if
lim, a,, /b, = 0 for some real a, and b,, and a, = O(b,) if limsup, |a,|/|bn| < co. The number of
elements in a set S is denoted as #S, and for an interval ¢, we define |t| := supt — inf¢. When the
summation is over an empty set, we define its value as zero; also, we define % = 0. For simplicity, we
frequently denote a sequence of elements Aq,- - , Ap as Aj.x. Unless otherwise noted, all logarithms used

in this work are logarithms with base 2.

2. Random forests
2.1. Model setting and random forests algorithm

Let us denote by m(X) the measurable nonparametric regression function with p-dimensional random
vector X taking values in [0, 1]?. The random forests algorithm aims to learn the regression function in a
nonparametric fashion based on the observations x; € [0,1]P,y; € R,i =1, -+ ,n, from the nonparametric
regression model

Y; = m(wz) + &4, (1)

where X, x;,&;,i = 1,--- ,n, are independent, and {x;} and {g;} are two sequences of identically dis-
tributed random variables. In addition, x; is distributed identically as X.

Level 0
to = [0, 1]17
Split: (j1 € ©1,1,¢1)
Cell £ 1 Cell #1,2
Split: (j2 € ©2,1,¢2) Split: (js € ©2,2,¢3)

Cell ta 1 Cell t2 2 Cell t2 3 Cell t2 4

Fig 1: A level 2 (height 3) tree example. Each node represents a cell and defines the point where we split
the current cell and produce new cells. We denote the sets of features eligible for splitting cells at level
k—1as O ={Ok1, -+ ,0) 901} with Oy, C {1, ,p}.

In what follows, we introduce our random forests estimates and begin with a quick review of how a
tree algorithm grows a tree using a given splitting criterion. The algorithm recursively partitions the root
cell, using the splitting criterion to determine where to split each cell. This split involves two components:
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the direction or feature to split 7 and the feature’s value to split on c. In addition, the algorithm restricts
the set of available features used to decide the direction of each split. This procedure repeats until the
tree height reaches a predetermined level; the last grown cells are called the tree’s end cells.

Next, we introduce the notation for the structure of a tree and its cells. A cell is defined as a rectangle
such that ¢ = x”_,t; :=t; x --- x t,, where x denotes the Cartesian product and each ¢; is a closed or
half closed interval in [0, 1]. For a cell ¢, its two daughter cells, 1 x -+ X t;_1 X (t; N[0,¢)) X tj41 X -+ X L,
and t; X --- X t;_1 X (t; N[e,1]) X tj11 X - -+ X t,,, are obtained by splitting ¢ according to the split (7, ¢)
with direction j € {1,---,p} and point ¢ € t;. We use Oy = {Op1, -+ ,Of06-1} to denote the sets
of available features for the 2¥~1 splits at level k — 1 that grow the 2¥ cells at level k of the tree. See
Figure 1 for a graphical example. A split is also referred to as a cut, and we use t(j, ¢) to denote one of
the daughter cells of ¢ after the split (7, ¢).

Among the many existing splitting criteria, we are particularly interested in analyzing the statistical
properties of the classification and regression tree (CART)-split criterion [9, 10] used in the original ran-
dom forests algorithm and formally introduced in Section 2.2. In this work, we use deterministic splitting
criteria to characterize the statistical properties of CART-splits. A deterministic splitting criterion gives
a split for a given cell ¢ and set of available features © C {1,--- , p} without being subject to variation of
the observed sample (x;,y;)’s. An important example of deterministic splitting criterion, known as the
theoretical CART-split criterion in the literature [33, 32], is introduced in Section 3.1; the splits made by
the theoretical CART-split criterion are not affected by the observed sample. Some other deterministic
splitting criteria are introduced in Section 4.1. Next, we introduce the notation needed for our technical
analysis.

In light of how a tree algorithm grows trees, given any (deterministic) splitting criterion and a set
of ©1.%, we can grow all cells in a tree at each level until level k. We introduce a tree growing rule for
recording these cells. A tree growing rule denoted as T is associated with this splitting criterion and given
©1.%, T(O1.;) denotes the collection of all sequences of cells connecting the root to the end cells at level
k of this tree. Precisely, for each end cell of this tree, we can list a unique k-dimensional tuple of cells
that connects the root cell ¢y := [0,1]” to this end cell. These tuples of cells can be thought of as “tree
branches” that trace down from the root cell. An example of a tree branch in Figure 1 is (¢1,1,%2,2) that
connects the root cell to end cell ¢3 2. In particular, the collection T'(64.;) contains 2% such k-dimensional
tuples of cells.

Given any T (and hence the associated splitting criterion) and ©j.;, the tree estimate denoted as
Mmr(e,.,) for a test point ¢ € [0, 1]P is defined as

I Diclimicty) Vi
mT(@l:k)(c7 Xn) = Z 1C€tk (W s (2)

(t1,+ te)ET(O1:1) #lix; €ty }

where X, == {x;,y;}_;, the fraction is defined as zero when no sample is in the cell t, and 1eet, is an
indicator function taking value 1 if ¢ € ¢, and 0 otherwise. In (2), each test point in [0,1]” belongs to
one end cell since {tj : (t1,--- ,tx) € T(O1.)} for each integer k > 0 is a partition of [0, 1]7.

Now that we have introduced individual trees, we discuss how to combine trees to form a forest. As
mentioned previously, for each cell of a tree, only a subset of all features are used to choose a split. Every
set of available features ©; 5,0 =1, --- ,k,s=1,--- ,2!=1 in this work has [vyop] distinct integers among
1,--+,p with [-] the ceiling function for some 0 < 79 < 1, which is a predetermined constant parameter.
The default parameter value vy = 1/3 is used in most implementations of the random forests algorithm.
Given a growing rule T, each sequence of sets of available features ©1.; can be used for growing a level k
tree, and a sequence of distinct ©1. results in a distinct tree. Given k, p, and g, the forests considered
in this work consist of all possible distinct trees, in the sense that all possible sets of available features,
©1.x, are considered.

The prediction of random forests is the average over predictions of all tree models in the forests. To
have a precise definition, we introduce the boldface random mappings ®.;, which are independent and
uniformly distributed over all possible ©1.; for each integer k. The random forests estimate for ¢ with
the observations &, is given by

E(fﬁT(@M)(C, Xn) | Xn) = Z ]P(ﬂ];:l{@s = 63}),’3\1T(@1:k)(c7 Xy). (3)
O1.%
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That is, we take expectation over sets of available features!:2. This step of tree aggregation is called
column subsampling. In practice, there can be more than one way of using column subsampling; in this
work, we particularly use all possible trees in tree aggregation for column subsampling in (3).

Remark 1. In contrast to the conventional notation for estimates, the notation for forests estimates (3)
is with the conditional expectation. Alternatively, we can define the finite discrete parameter space Q
and write (3) as (#Q)~! > eoco Mr(e)(c, Xy), where © denotes a sequence of sets of available features.
However, we choose to use the definition stated in (3) since the exact definition of the discrete parameter
space and the cardinality of this space are not strictly relevant to our technical analysis. We define other
forests estimates likewise.

Remark 2. We use the conditional expectation for compact notation for random forests estimates. How-
ever, by definition, for the conditional expectation to exist, the first moment of the integrand is required
to exist. Rigorously, some regularity conditions are needed for this purpose. For details, see Section A.4
of Supplementary Material.

In addition to column subsampling, the random forests algorithm also resamples observations for mak-
ing predictions. Let A = {a1,--- ,ap} be a set of subsamples with each a; consisting of [bn] observations
(indices) drawn without replacement from {1,---,n} for some positive integer B and 0 < b < 1; in
addition, each q; is independent of model training. The default values of parameters B and b are 500 and
0.632, respectively, in the randomForest R package [25]%. The tree estimate using subsample a is defined
as

~ Zz an{i:x; Yi
MT(©,.4),0(C; Xn) = > Leet, ( o e L : (4)
(©1:%)

(b1, ) €T #(an{i:m; €tr})

The random forests estimate given A is then defined as

B> E(Mra(@1, ¢, Xn) | &) =B > E(Mir@,,.qa(c Xn) | Xn), (5)
acA acA

where we move the boldface notation up into the parenthesis for simplicity and the conditional expectation
above is with respect to ©1.; *.

The estimate in (5) is an abstract random forests estimate since a generic tree growing rule T is
used. The benefit of using abstract random forests estimates can be seen in Theorem 3 in Section 4.1 for
analyzing the bias of random forests. In addition to abstract random forests estimates, we consider the
sample random forests estimate introduced in (7) in Section 2.2. For simplicity, we refer to both versions
as random forests estimates unless the distinction is necessary.

2.2. CART-split criterion

Given a cell ¢, a subset of observation indices a, and a set of available features ©® C {1,---,p}, the
CART-split is defined as

~ A . _ 2 _ 2
(G,2)=  argmin S G-+ Y Gr-w)|, (6)
j€0, cef{miy: wictii€a} | ;conp, i€anPp
where P = {i: z; €t, x;; <c}, Pr:={i: x; €t, x;; > c}, and
_ Yi _ Yi
T i S -
i€canPr, #(a n PL) i€anNPr #(a n PR)

The criterion breaks ties randomly; to simplify the analysis, we assume that the criterion splits on
a random point if #{z;; : &, € t,i € a} < 1, a situation where both summations in (6) are zeros

k
1For clarity, given the tree height k + 1, the number of features p, and ~g, the number of distinct ©1.;, is (ng])Q -1

k
Moreover, for each set of available features, P(N*_,{©, = ©,}) = (ng])l_Q .

2When 7o = 1, the expectation is redundant.

3 Another default setup sets b = 1 but draws observations with replacement.

4In particular, for independent random variables such as @}’s, we use an expectation with a subscript to indicate which
variables the expectation is with respect to, which is equivalent to the expectation conditional on all other variables. We
use conditional expectations to make the expressions in alignment with those in the technical proofs, where we repeatedly
manipulate the conditional expectations.
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(summation over an empty index set is defined as zero). Furthermore, we define the criterion in the way
such that every split results in two non-empty (an empty cell has zero volume) daughter cells®. It is worth
mentioning that given a sample, the CART-split criterion conditional on the sample is a deterministic
(except for random splits due to ties) splitting criterion; conditioning on another sample leads to another
deterministic splitting criterion.

Let us define T, as the sample tree growing rule that is associated with a splitting criterion following
(6). In (2) and (4), we have introduced the tree estimates based on tree growing rules associated with
deterministic splitting criteria. The tree estimates using fa can be similarly defined because the sample
tree growing rule is a deterministic tree growing rule when the sample X, is given. Specifically, we have®

Zie{i:mietk} Yi
fa((_)l:k)(c, X,) = Z Leey, (#{szetk} ) (7)

(b1, tx) €T (O1:1)

3

and the definition is the same for fnz . Hence, the random forests estimate for a test point ¢ € [0, 1]7 is
given by

B S E(ig, Ok, ¢, %) | X), ®)

a€A

where the average and conditional expectation correspond to the sample and column subsamplings,
respectively. Note that the average and conditional expectation are interchangeable.

2.3. Roadmap of bias-variance decomposition analysis

We are now ready to introduce the bias-variance decomposition analysis for random forests, whose L2
prediction loss is defined as

E(m(X) -3y E(mﬁ,a(mk,x, X)) | X, Xn))Q.
acA

9)

Let us define some notation for a further illustration. For a tree growing rule T" and ©1.x, the population
version of (2) is defined as

mye,.)(€) = > Lect, E(m(X) | X € ty) (10)
(1, ,tk)ET(O1.%)

for each test point ¢ € [0,1]P. For simplicity, we use m}-(©1.,¢) to denote the left-hand side (LHS) of
(10). The population estimate (10) can also be used with the sample tree growing rule; m*f is defined
likewise with 7}, in place of T in (10). To simplify the notation, let us temporarily consider the case that
uses the full sample a = {1,--- ,n} and denote T, and ﬁzﬁ , as T and ms, respectively. Since we utilize

the full sample, the sample subsampling and the average B~! " wca () in the random forests estimate in
(9) are no longer needed. Thus, (9) becomes

E(m(X) fE(ﬁlf(Ql:k,X,Xn) | X,Xn))2.

By Jensen’s inequality and the Cauchy—Schwarz inequality (precisely, we need conditional Jensen’s
inequality; for simplicity, we omit “conditional” when no confusion arises), we can deduce that

L5(n3) - 3(m 0105, X.5)) w

< E(m(X) - ms (@14, X))2 +E(m5(O14, X) — (15, X, Xn)>2,

T
where the right-hand side (RHS) is a summation of approximation error (the first term, which is also
referred to as squared bias) and estimation variance (the second term). Details on deriving (11) can be
found in Section A.3 of Supplementary Material. The first term on the RHS of (11) is referred to as the

5This statement can be made rigorous with a more sophisticated definition of CART-splits, but we omit the details for
simplicity.

6The notation for (7) is not suitable for cases such as the honest trees [37] where the sample for growing trees and that
for prediction are different.
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approximation error. By the definition of m. in (10), it holds that for any tree growing rule 7' and each
O1k, on M, {©1 = 64},

B((m(X) = my (@14, X) )2\61% — 1)

= > P(X € t;,)Var(m(X)| X € ty).
(t1, ,tx)ET(O1:1)

(12)

The RHS of (12) is the average approximation error resulting from L2-approximating m(X) by the
class of step functions {f(X) : f(X) = Z(tl,m,tk)eT(@l:k)c(tk)lxetwc(tk) € R}. Observe that the
approximation error in (11) is also subject to sample variation because sample CART-splits are used to
build trees.

In Section 3.2, we will obtain the desired convergence rates for random forests consistency by bounding
the two terms in (11), and introduce these results in Theorem 1 and Corollary 1. In Section 4, we will
analyze and establish an upper bound for the average approximation error in Lemma 1. The estimation
variance term is then analyzed in Section 5, where we will introduce the high-dimensional random forests
estimation foundation to establish the convergence rate for estimation variance in Lemma 2. Furthermore,
7o is a predetermined constant parameter and we do not specify the value of vy if it is not directly relevant
to the results (e.g., theorems or lemmas).

3. Main results
3.1. Definitions and technical conditions

For a cell t and its two daughter cells t' and t//7 let us define

Iy =P(X €t|X € t)Var(m(X)|X €t

" p (13)
+P(X et | X et)Var(m(X)| X €t ),

and

(I1),, =P(X €t |X €t) (]E(m(X)|X et) —Em(X)|X e t))2 ”
14
+P(X et'|X €t) (E(m(X)\X et’) —E(m(X)|X ¢ t))z,

and have (I); ,» and (I1),, defined the same as (I),, and (/1) , respectively. To facilitate our
technical analysis, we introduce some natural regularity conditions and their intuitions below.

Condition 1. There exists some a; > 1 such that for each cell t =¢; x -+ X 1,

Var(m(X) | X €t) <oy sup (D)t t(5.0)-

JE€{1,++ ,p},c€t;

Condition 2. The distribution of X has a density function f that is bounded away from 0 and oo.

Condition 3. Assume model (1) and p = O(n®?) for some positive constant Ky. In addition, assume a
symmetric distribution around 0 for £; and Ele;|? < oo for sufficiently large ¢ > 0 whose value will be
specified depending on the contexts.

Condition 4. Assume that sup.co 13» [m(c)| < Mo for some My > 0.

We name Condition 1 above as the sufficient impurity decrease (SID), and it is new to the literature.
Overall, Conditions 2-4 are some basic assumptions in nonparametric regression models. In particular,
our technical analysis allows for polynomially growing dimensionality p. The symmetric distribution
on the model error is a technical assumption that can be relaxed. The SID assumption introduced in
Condition 1 plays a key role in our technical analysis and we motivate the need for this condition as
follows. Consider two tree models: f1(X) = 1xe¢, E(m(X)|X € tp) and fo(X) = 1x o E(m(X)|X €
t) + 1y E(m(X)|X € t"), where t and ¢ are daughter cells of o after some split. The squared
biases given these tree models are respectively E(m(X) — f1(X))? = Var(m(X)|X € tg) and E(m(X) —
f2(X))? = (I)y, ¢ Wesce that (I),, , is the squared bias for approximating m(X) with fo(X). Since it is
the squared bias remaining after the split on %y, it is also called the remaining bias; analogously, we extend
the definition to an arbitrary cell ¢ and one of its daughter cell £ and use (I)¢4 to denote the “conditional
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remaining bias”. The term (/1),, and Var(m(X)|X € t) are respectively called the “conditional bias
decrease” (or conditional impurity decrease) and “conditional total bias” because Var(m(X)|X € t) =
(I)t,t/ + (Il)t,t"

Intuitively, having large conditional bias decrease on each cell is a desired property for achieving a
good control of the squared bias of random forests estimate. This naturally motivates the SID condition.
Notice that SID only requires a nontrivial lower bound for the maximum conditional bias decrease,
and that the split (j*,¢") = argsup;ce cer, ([1)t,4(j,c) With the column restriction © is the theoretical
CART [33, 32, 23).

In Section 3.2, we establish the convergence rate for random forests estimate with m(x) coming from
the functional class

SID(a) := {m(X) : m(X) satisfies SID with a; < a}.

The size of SID(«) is non-decreasing in o > 1: if m(X) € SID(« — ¢) for some o —¢ > 1 and ¢ > 0,
then m(X) € SID(«). In Section 3.1.1, we verify that many popular regression functions can belong
to the above functional class and derive the corresponding values of «; these examples show that the
SID condition can accommodate non-additive and/or discontinuous regression functions, and allows for
dependent features. In Section 3.1.2, we illustrate an important relation between SID and the model
sparsity.

8.1.1. Examples satisfying SID

Ezample 1. Consider m(X) = 1x,¢pp,1) for some 0 < b < 1, and the distribution of X is arbitrary. Then,
m(X) € SID(1).

Ezample 2. Let X have uniform distribution over [0, 1]? and 0 < s* < p be a given integer. Consider the
regression function defined as

m(X) =5+ (5ij + ZﬁlelXJ')’
j=1

1>j

where if §;; # 0 for some j < [ < s*, then a x b > 0 for every {a,b} C {B;, 51, - ,Bs+j}, where
Bjsji = Bi1jn; the coefficients are otherwise arbitrary. Then, m(X) € SID(cs*) for some constant ¢ > 0
independent of model coefficients here.

Ezample 3. Let X be uniformly distributed over [0, 1]?. Consider m(X) with (675172(5)7 e ,8?7;:)) being

continuous in [0,1]P. In addition, 1) for each j € S*, either M; < 87;72(]?) < M, for every z € [0,1]P or
M, < _8737’7,72(:) < M, for every z € [0,1]?, where My > M; > 0 are constants and S* is some subset of
{1,---,p}, and 2) for each j & S*, agliz(jz) = 0. Then, m(X) € SID(c(#5*)?) for some constant ¢ > 0
depending only on M, Ms. Furthermore, if m(X) = ijl m;(X;) for some positive integer s*, then
m(X) € SID(es™).

Ezample 4. Let X be uniformly distributed over [0, 1]P. Consider m(X) = ijl m;(X;) with1 <s* <p
an integer. Suppose that for some ¢y > 0 and % < A < 1, it holds that for every 1 < j < s* and every

(a,b) C [0,1],
S (xia/: (mj ((i:i) (z—a)+:c> —mj(z)> dz>2 "

> C()Val‘(mj(Xj)lXj € (aab))’

where A(a,b) = [Aa+ (1 — A)b, (1 — N)a + Ab]. Then, m(X) € SID(cs*) for some ¢ > 0 depending on
co, A. In particular, (15) holds if m;(z) is differentiable on [0, 1] and that for some ¢; > 0 and every
(a,b) C [0,1],

> 4 2p _ \2
LHS of (15) > ¢1 22&%) [m;(2)[7(b — a)”. (16)

Example 1 assures that SID allows for dependent features. Example 2 shows that SID is satisfied
in high-dimensional sparse quadratic models. Example 3 considers a general structure for m(X) which
can include some special cases of cumulative distribution functions, linear functions, logistic functions,



/High-Dimensional Random Forests 9

and non-additive polynomial functions. Example 4 provides some sufficient conditions ensuring SID with
uniform X under the sparse additive model setting. In particular, if m(X) in Examples 2-3 are also
additive, then they can be verified to satisfy the requirements of Example 4 as well. Similar sufficient
conditions to those in Example 4 can be derived for nonadditive models but take much more complicated
forms; the additive structure in Example 4 is imposed for simplified forms of these conditions. More
examples, including logistic regression functions, higher order polynomial functions with interactions,
additive piecewise linear models, and linear combinations of indicator functions of hyperrectangles can
be found in Section A.2 of the Supplementary Material. Proofs for these examples and proofs for the
example in Remark 3 below are respectively in Sections C.3—C.7 of the Supplementary Material.

Remark 3. The coefficient restriction is necessary for SID to hold in Example 2. A counterexample
violating the coefficient restriction of Example 2 is m(X) = X; Xo — 0.5X; — 0.5X5 +0.25 with uniformly
distributed X; see Supplementary Material for a formal proof that this example violates SID. Section
5 of [35] studied inconsistency of random forests under similar model settings, suggesting that certain
coefficient restriction is necessary for good performance of CART in these cases. Identifying the necessary
condition for random forests consistency, and studying how far SID is from such a condition is an open
question for future study.

3.1.2. SID and model sparsity: sparsity parameter oy

A smaller value of 7 in SID implies that the optimal split can reduce more impurity in terms of conditional
total bias given each cell. On the other hand, in sparse models, the examples in the previous section show
that the required value of o for m(X) € SID(a) is at least linearly proportional to the number of active
features in m(X). These results echo the intuition on how CART works in reducing impurity: more
active features implies that on average each split contributes less (proportionally) to impurity reduction.
Here, we remark that the previous examples aim for generality and hence the derived «; may not be
optimal. For example, in Example 3, with the additional assumption of additive model, the value of a;
depends linearly on the number of active features, compared to the quadratic dependence without such
an assumption. In addition, the values of 1 in these examples may be smaller for certain specific model
coefficients.

3.2. Convergence rates

We are now ready to characterize the explicit convergence rates for the consistency of random forests in
a fairly general high-dimensional nonparametric regression setting. Recall that T, and ~, are defined in
Sections 2.2 and 2.1, respectively; B is the number of trees regarding row subsampling and 0 < b < 1
is the proportion of training data used for row subsampling, whose definitions can be found right before
(4). Details on the random forests estimates E(mz ,(---) | X, X,) and £ ,ca E(mz () | X, X,)
can be found in Section 2.2.

Theorem 1. Assume that Conditions 1-4 hold and let 0 < b <1, 0<% <1, as >1,0<n < 1/8,
0<c<1/4, and § > 0 be given with 2n < 6 < ;. Let A= {a1, -+ ,ap} with #a; = [bn] fori=1,--- B
and a € A be given. Then, there exists some C > 0 such that for all large n and each 1 < k < clog, [bn],

(a7
< O((an(fbn])™" + (1 = 0(ena) ™) + ([bn]) =),

In addition, when we also aggregate over row subsamples (i.e., over a € A), we have

1

2
- E E(mfma(@hk,XaXn) ‘ Xv‘Xn))

acA (18)
< C(Oél([bn-w_n + (1 — ’70(&1042)_1)"7 + (|—bn-|>_6+c).

]E(m(X)

To the best of our knowledge, Theorem 1 above is the first result on the consistency rates for the
original version of the random forests algorithm; see Table 1 in the Introduction for detailed discussions.
The constant as > 1 is arbitrary and is needed to account for the estimation error from using sample
CART-splits. Although Condition 2 restricts the feature dimensionality p, the upper bounds in Theorem
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1 do not depend on p explicitly. See Remark 4 for the implicit dependence of the rates on p; also, see
Section 3.3 for more informative convergence rates depending on p for models with binary features. Our
results provide no interesting information about the tuning parameter b. The technical reason is that
we have used the Cauchy—Schwarz inequality when deriving (18) from (17), which holds even in the
worst case when all trees are highly correlated with each other. In this sense, (18) only gives a highly
conservative upper bound. Because random forests improves upon bagging [8] using column subsampling,
in what follows we focus on random forests using only column subsampling with the full sample (i.e.,
b=1and a ={1,---,n}). The notation for the case with b = 1 can be found in Section 2.3.

To gain more in-depth understandings on the upper bounds in Theorem 1, we provide the following
Corollary 1 restating the results in Theorem 1 with more emphasis on the bias-variance decomposition.

Corollary 1. Under all the conditions of Theorem 1, for all large n and each 1 < k < clog,n, it holds
for the two terms on the RHS of (11) that

2
Squared bias = E(m(X) — m&(O1.p, X))

1

< O(nfn-k(l—’yo(alo@)*l)k) + O(n76+c) ( 9)

———

Main term of bias Uninteresting error
and
2

Estimation variance := E(m}(@lzk, X) —mz(Orp, X, Xn))

(20)

<O+ Ont°)

Uninteresting error

The third term in (17), which is also displayed in (19) and (20) as the “uninteresting error,” is caused
by technical difficulty and does not carry too much meaning; see Remark 5 below for details. It is possible
that such term can be eliminated by more refined technical analysis. Thus, the discussion in this section
ignores this term for simplicity.

Our results provide a fresh understanding of random forests, especially in terms of how random forests
controls the bias. The second term on the RHS of (19) is the main term of random forests bias, whereas
the first term n~" upper-bounds the error caused by the sample CART-splits. If theoretical CART-splits
(see Section 3.1 for its formal definition) are used, then the first term on the RHS of (19) vanishes and
the second term has as = 1; see Remark 7 in Section 4.1. We contribute to characterizing quantitatively
how the use of column subsampling controls the bias when k£ < clogy n; the exponential decay rate in
the second term on the RHS of (19) is derived through a global control on the bias of all trees in the
forests and the SID condition makes such precise quantification possible. For fixed sample size n, the first
term n~" in the bias upper bound does not vanish as tree height increases. For the bias upper bound to
decrease to zero, it requires both n,k — oco. Tuning a higher -y decreases the second term in the bias
decomposition, because a larger 79 makes each split more likely to be on relevant features (see Definition
1 for formal definition) and hence decreases the bias faster. On the other hand, it is likely that the first
term on the RHS of (19), O(n~"), is a conservative upper bound on the error caused by sample CART-
splits because this term is invariant to 7y and k. Accurately characterizing how this error term depends
on 7o, k as well as n is an interesting future research topic. Moreover, it is necessary to point out that
this error term and the first term of estimation variance can generally have different convergence rates;
O(n™") is a common upper bound for both terms for simplicity of the technical presentation.

Our upper bound of estimation variance in (20) is less informative compared to our bias upper bound in
the sense that it does not reflect any effects of v9 and k. In fact, the variance upper bound is conservative
due to certain technical difficulties — we bound the variance of random forests estimate by establishing a
uniform upper bound for the variances of individual trees, a great distinction from the global approach in
our bias analysis using SID. It was discovered in the literature that random forests with column subsam-
pling is closely related to the adaptive nearest neighbors method [26] and adaptive weighted estimation
[1]. Let us draw analogy to the adaptive nearest neighbors method to assist the understanding. As re-
vealed in [26], the forest estimate has the representation of adaptive weighted nearest neighbors estimator.
The column subsampling rate vy controls the adaptive weights assigned to the nearest neighbors, with
7o = 1 producing uniform weights on only the nearest neighbors (under some distance metric) and zero
weights on further-away ones, and smaller vy producing more adaptive and distributed weights extended
even to some further-away neighbors. This suggests that the estimation variance should depend on ~y.
However, our upper bound is a conservative one holding for all values of 7g. It is also commonly believed
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that larger k usually causes larger variance for the forest estimate because the end cells tend to contain
smaller numbers of observations. In Section 3.3, we illustrate the effect of k£ on estimation variance under
a simplified model setting. In general, it is a challenging and interesting future research topic to precisely
characterize how variance depends on 7 and k. As a result, the fact that the upper bound in Theorem 1
decreases with 7 is a coincidence rather than reality; it is caused by the crude upper bounds for several
parts in the bias-variance decomposition.

Theorem 1 holds (nonuniformly) for each combination of (k,n,d,c) satisfying 1 < k < clogyn, 0 <
n<1/8,6 € (2n,1/4) and 0 < c < 1/4. If weset n = ¢ —¢,6 =1 —¢, c= %, and k = |§logy(n)] in
Theorem 1, we obtain more informative convergence rate as shown in Corollary 2 below.

Corollary 2. Assume that Conditions 2—4 hold and let 0 < € < é, a1 > 1, a3 >1, and 0 < vy <1 be
giwven. For all large n and tree height k = L% log, 1],

() e8D 1) [E<m(X) _E(mf@l:k’X’Xn) ’ X’X")ﬂ

__logo(e) 0

< O(n_é—Ire +(1- 70(a1a2)—1)L%J ) < O(n_%*'E +n Txalaz),

Main term of bias

where the term n~'/5t¢ above is a common bound of all terms on the RHS of (19) and (20) except for
the “Main term of bias.”

Remark 4. The feature dimensionality p and tree height k& decide the number of all possible cells when
growing trees. In deriving the consistency rates in Theorem 1, we have to account for the probabilistic
deviations between the sample moments (e.g., means) conditional on all possible cells and their cor-
responding population counterparts. This is easy to understand for the variance analysis. For the bias
analysis, we also need to account for such deviations because of the use of sample CART-splits. Roughly
speaking, the deviations between the sample and population moments on each cell can be quantified
by Hoeffding’s inequality. But to achieve uniform control over all possible cells, we need to restrict the
number of cells which is upper-bounded by 2¢!°%2™ (p([n!*r1] + 1))Clog2 " for some p; > 0 when height
k < clog, n; see (A.8) in Supplementary Material for details. The condition of p = O(n*°) is sufficient
for restricting the number of all possible cells for our analyses. It also shows that both bias and variance
depend implicitly on p through n in our upper bounds.

Remark 5. We explain briefly how the third term in the upper bound in Theorem 1 results from our
technical analysis. When a tree is grown up to level k, there are 2% cells, which form a partition of the
p-dimensional hypercube. Among these cells, if a cell ¢ is too small such that P(X € t) < ¢, with ¢,
depending only on n, there will not be enough observations in ¢ with high probability, and consequently
we cannot use Hoeffding’s inequality to control the probabilistic difference between E(m(X)|X € t) and
its sample counterpart. Since the total probability of all these small cells is less than ¢,2*, when ¢, and
k < clogyn are sufficiently small, we use Conditions 3 and 4 to establish upper bounds for the mean
differences on all these small cells. This is one of the reasons why we need the brute-force analysis method;
for details, see Lemma 1 in Section 4. We note that this is also one of the reasons why we limit the tree
height parameter ¢ < 1/4. In addition, another reason for the third term in the rates is due to the use
of our high-dimensional estimation framework. Details on this can be found in Lemma 2 in Section 5.
Whether it is possible and how to eliminate this term by a finer analysis is an interesting future research
topic.

3.3. Sharper convergence rates with binary features

In this section, we demonstrate that our bias-variance decomposition analysis technique can yield a
sharper upper bound under some simplified model setting. We confine ourselves to Example 5 below, and
assume the absence of row subsampling in this section for simplicity.

Ezample 5. Assume that X,---, X, are independent and P(X; = 1) = P(X; = 0) = 1 for all j, and
that m(X) = Zj;l B1lx,;=1 for some [3] >0 and s* < p.

Let us gain some intuitions about how binary features can greatly simplify the problem. Consider
any end cell ¢, and the branch (¢g...,%;) connecting it to the root cell ty. Along this branch, once a

coordinate j gets a split with ¢ € (0, 1], any further split on this coordinate results in zero decrease in
population impurity. In addition, since each sample CART split is on some data point, the split can only
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be either (j,1) or (,0) for some j, with the latter (j,0) resulting in an empty daughter cell and zero
population impurity decrease; thus, split (j,0) can be safely removed from the consideration. In summary,
the CART essentially tries to minimize (6) only with regard to j € {1,--- ,p} for finding a split of the
form (j,1). For these reasons, the problem is much simplified.

Nevertheless, by definition, the sample CART could still lead to a split of form (j,0) when the event
#{i : x;;5 = 1} = 0 occurs for some j, making the analysis tedious. To avoid this, the CART in this
section is redefined as follows: for a cell ¢t and feature restriction ©, the split is (3, 1) such that

Diep, Yi ? Yicpy Vi 2

-~ . i€ Py, 1€ PR

j = argmin (l - yi) + ( - yz>

jEeo L;PL #IL iEZPR #Pr 7

where P, = {i: x;, € t, z;; <1}, Pr={i: =; € t, x;; > 1}. CART stops splitting when all available
coordinates have been split. To have equal height for each tree branch, we may consider trivial splits that
give empty daughter cells; see the proof of Proposition 1 for details.

Proposition 1. Consider Example 5 and i.i.d. observations from (1) with |e1| < M, for some M; > 0
and E(e1) = 0. Let 0 <79 <1, 0<n <1, and € > 0 be given, and suppose (log, p)>T¢ = o(n'="). Then,
1) m(X) € SID(s*), and 2) for all large n and every 0 < k < nlog,(n),

E(m(X) - E(ﬁ%f(@mXﬂn) ‘ X’X”))z

22’“(loge(max{mp}))2+E +o(n) (21)

< 2(1 = 40(s*) ") Var(m(X)) + 2(3Mo + 2M.)

Squared bias

Estimation variance

where Mo = supcjo,1» |m(c)|, and mr(O1.0, X, X,,) is defined to be n~t 3" yi. Particularly, if vo = 1,
then (21) holds with the squared bias bound replaced with max {(s* — k)ﬂ—;,O}.

Let us compare Proposition 1 with Theorem 1 (the continuous feature assumption in Theorem 1 can
be easily relaxed to accommodate binary features). The upper bound here is free of uninteresting errors,
and the estimation variance here depends on tree level £ more explicitly, thanks to the simpler model
setting with binary features. The squared bias term on the RHS of (21) explicitly depends on the column
subsampling parameter ~g, tree level k, and sparsity parameter s* (note that oy = s* here). It is worth
mentioning that the squared bias here does not depend on the sample size n and a9, because under this
simplified model setting we can show that sample CART approximates theoretical CART perfectly on a
high probability event. Our upper-bound in Proposition 1 shows the explicit bias-variance trade-off with
respect to tree level k, which is not present in Theorem 1. The trade-off with respect to 7y, however, is
still not reflected in the over all upper bound because our estimation variance bound is universal for all
0 < v < 1; such caveat is caused by different technical approaches used in our bias and variance analyses,
where we globally control bias via SID but bound forests estimation variance via bounding individual
tree estimation variance. See more detailed discussion at the end of the proof of Proposition 1.

The special upper-bound when vy = 1 corresponds to the regression tree model; in such case the
optimal convergence rate (according to our Proposition 1) is achieved when k = s* (i.e., squared bias

= 0) and is of order %(loge (max{n, p}))>*¢. This optimal rate is faster than the best rate obtained by
minimizing the RHS of (21) with respect to k. This is because (21) is proved by applying our general
bias analysis technique developed for proving Theorem 1 and hence makes no use of the specific model
structure in Example 5. Our optimal rate when 9 = 1 is consistent with those in Theorems 3.3 and 4.4
of [35], up to a logarithmic factor. Their main results concern a more general model than the linear model
in Example 5, but rely on the same binary features assumption and are confined to the case of vy = 1.

3.4. Role of relevant features

In this section, we formally study the role of relevant features for SID. We show that if the regularity
conditions and SID are assumed, then for some cells, only the splits along the relevant feature directions
can reduce a sufficient amount of bias. To be precise, we introduce a variant of SID with some Sy C
{1,---,p} below.

Condition. There exists some o > 1 such that for each cell t =t x --- x t,,

Var(m(X) | X €t) <oy sup (1) 4(,0)-
jESo,cEt;
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For simplicity, we refer to the above condition as SID2. The difference from SID is that the supremum
in SID2 is taken only over the features in Sy. In what follows, we will see that when the regularity
conditions on the underlying regression function and SID are assumed, SID2 holds only if Sy includes all
relevant features. We begin with a formal definition of relevant features.

Definition 1. A feature j is said to be relevant for regression function m(X) if and only if there exists
some constant ¢ > 0 such that

E(Var(m(X) | Xs,s € {1,--- ,p}\{J})) > ¢.

In Theorem 2 below, we characterize the magnitude of the L.? loss when a relevant feature is left out
during the model training.

Theorem 2. Assume that Conditions 3—4 hold and some relevant feature j is not involved in the random
forests model training procedure. Then we have

]E(m(X) - % ;\E@Tma(@l,--. L0, X, X)) ’ X,Xn))2 > ..
.

By Theorem 1, the regularity conditions and SID2 are sufficient for high-dimensional random forests
consistency using only features in set Sy. Furthermore, if SID2 holds with some Sy, it holds with each S;
such that Sy C S7. Thus, the result in Theorem 2 suggests that with the regularity conditions and SID
assumed, for SID2 to hold with some Sp, all relevant features must be included in Sy. Otherwise, let us
assume that j* ¢ Sy is the index of some relevant feature. From previous discussions, we see that SID
holds and that SID2 holds with S; = {1,---,p}\{j*}, which imply random forests consistency with or
without the relevant feature j* and then lead to a contradiction to Theorem 2.

The non-inclusion assumption of a relevant feature in Theorem 2 is a convenient way of assuming that
a relevant feature never gets split in random forests training (which is a random event depending on the
training data complicatedly), and thus may be unnecessarily strong for our purpose. Nevertheless, our
goal is to delieve the key message that random forests needs to split on every relevant feature direction
to control the bias.

Remark 6. Definition 1 provides a natural measurement of feature importance. Alternative definitions
have been considered in the literature. For example, for nonparametric feature screening, [13] assumed
that E(m(X)) = 0 and for some constant ¢ > 0, it holds that for each relevant feature j,

Var(m(X)) — E(Var(m(X) | Xj)) >0 (22)

The difference is that Definition 1 measures the conditional importance of each feature given all other
features, while (22) measures the marginal importance of features.

3.5. Related works

We outline the difference between our random forests estimate and standard random forests software
packages, and provide a detailed comparison of our consistency results with the existing results from the
recent literature. Our setting differs from standard random forests software packages in the number of
trees grown and the height of trees. In practice, random forests packages first randomly draw a set of
subsamples a with #a = [bn] (two subsampling modes are available; see [25] for details) and available
columus for splitting. Then these packages follow (6) to split cells and they stop splitting a cell if and
only if the cell contains one observation. By default, these packages grow 500 such independent trees. As
for our work, for each I € {1,---, B} with an arbitrary integer B > 0, a; contains [bn] distinct indices
in {1,---,n}; these indices can be chosen in any way independent of the training sample. Then we grow
a forest with all possible trees defined in Section 2.1 for each a;. Besides, we consider trees of height at
most clogy n for some possibly small ¢ > 0 and our sample trees defined in Section 2.2 continue to grow
cells for a cell with one observation.

Next, we compare our consistency results in Section 3.2 to the existing ones from the recent literature.
For easier comparison, let us focus on the case of k& = clog,n and drop the uninteresting error (i.e.,
the third term of ([bn])7°%¢) from the upper bounds in Theorem 1. With such convention, noting
that (1 — yo(arag)~1)cl82n ~ p=er(@102)™ oy rate of convergence becomes n~aaz + n~". Table 2
summarizes our rate of convergence and the ones for two modified versions of the random forests algorithm,
the centered random forests [24] and Mondrian random forests [29], where s represents the number of
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informative features and 8 > 0 denotes the exponent for the Holder continuity condition. As mentioned
in the Introduction, these modified versions of the random forests algorithm use splitting methods that
are independent of the response in the training sample, which is a departure from the original version of
the random forests algorithm proposed in [9].

We see that both Theorem 1 and [24] have taken into account the sparsity parameter in a similar
fashion, whereas [29] did not consider the sparsity. The result in [29] achieved the minimax rate under a
class of Holder continuous functions with parameter 3; their rate depends on dimensionality p nontrivially
and becomes uninformative for a large p. Our consistency result is the only result that allows for the
original random forests algorithm, growing sparsity parameter, and growing ambient dimensionality so far.
Furthermore, our rates consider explicitly the effect of column subsampling for random forests and hence
Yo appears in the rates. Such differences make our consistency result unique and useful for understanding
the original random forests algorithm. However, we do acknowledge that the rate of convergence given in
Theorem 1 is not optimal due to the technical difficulties discussed in Section 3.2.

TABLE 2
Comparison of consistency rates

Rate of convergence Growing sparsity pa- | Explicit dependence on dimen-
g rameter sionality p
Our Theorem 1 n*% Lpna g Yes No
~~~
Squared bias Variance
Centered RF [24} (n(\/@)s_l)*m NO NO
Mondrian RF [29] I No Yes

4. Approximation theory

In this section, we aim to build the approximation theory of random forests in two steps. We first
derive in Theorem 3 the decreasing rates of approximation error resulting from approximating m(X).
We approximate m(X) by a class of theoretical forests estimates, each of which is associated with a tree
growing rule from a class of tree growing rules denoted by T (see below for its definition). Each growing
rule in 7 is then associated with a deterministic splitting criterion comparable to the theoretical CART-
split criterion in terms of impurity decrease. Then we verify in Theorem 4 that on a high probability
event, a version of the sample tree growing rule conditional on the observed sample is an instance of 7. In
other words, we will show that the sample CART-splits are comparable to the theoretical CART-splits in
terms of impurity decrease. We start with presenting in Lemma 1 below the bound on the approximation
error of (11), which plays a key role in establishing the consistency rate in Theorem 1.

Lemma 1. Assume that Conditions 1-4 hold and let 0 < v <1, a5 >1,0<n < %, 6 with 2n < 6 < i,
and ¢ > 0 be given. Then, for all large n and each 1 < k < clogyn,

2
E (m(X) —mz(O1., X)) < 8MZn702% 4 20na9m ™ 4+ 2M2(1 — yo(aran) ™ 1)* + 2071

Roughly speaking, the main idea for proving the desired upper bound in Lemma 1 is to find a class of
deterministic tree growing rules 7 such that given an event U, of asymptotic probability one, a slightly
modified version of the sample rule 7" is an instance of 7. Hence, we can obtain that

E[(m(X) — m5(O1k, X))?1y, |X,] S sup E[(m(X) — mj (O, X))*1u, |X]
TeT (23)
< ;lél;E(m(X) —mi(O1.4, X))?,

where the expectation is with respect to ®1.; and X, and we use the notation < in the first step above
to emphasize that a slightly modified version of T is involved in the rigorous derivation. The last step
holds because 7T consists of growing rules associated with deterministic splitting criteria. With the above
inequalities, it remains to bound the very last term in (23). Then, since P(UY) is sufficiently small for all
large n, we obtain the desired result in Lemma 1. We will provide the definition of 7" in Section 4.1 and
discuss the slightly modified version of 7' and how to bound the RHS of (23) in Section 4.2.
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4.1. Main results

Given parameters €, as, and k, all tree growing rules satisfying Condition 5 below form a class of tree
growing rules (i.e., T), each of which is associated with an abstract deterministic splitting criterion.

Condition 5. For the tree growing rule T, there exist some € > 0, as > 1, and positive integer k such
that for any sets of available features ©1,--- , 0Oy, each (t1,--- ,tx) € T(O1, -+ ,0), and each 1 <[ < k,

1) lf (II>tl—1,tL S E,then Sup(jEG)hC)(II)tl—lytl—l(jyc) S (65 YN
2) if (II)y, , 1, > €, then SUP(jeo,,c) (ID)e, 1 Gre) S 2T 4,

where we do not specify to which ©;,1,--- ,0; gi-1 in ©; feature j belongs in the supremum for simplicity.

When as = 1 and € = 0, for each integer k£ > 0, there is only one tree growing rule satisfying
Condition 5, that is, the one associated with the theoretical CART-split criterion. The parameters ag > 1
and € > 0 are introduced to account for the statistical estimation error when using the sample CART-
splits to estimate the theoretical CART-splits. We will show in Theorem 4 in Section 4.2 that with high
probability, a slightly modified version of the sample tree growing rule satisfies Condition 5.

Theorem 3. Assume that Condition 1 holds with oy > 1, Var(m(X)) < oo, and the tree growing rule T
satisfies Condition 5 with some integer k >0, € > 0, and as > 1. Then for each 0 < 9 < 1, we have

2 k
E(m(X) —mi (O, - ,Gk,X)> < ajaze + (1 —yo(anaz)™t)" Var(m(X)).

Remark 7. If we set ag = 1 and € = 0, we see that Theorem 3 applies only to the growing rule associated
with the theoretical CART-split criterion. In this sense, Condition 5 can be understood as a way for
extending the applicability of Theorem 3 to a wider class of tree growing rules in 7. Indeed, we set ¢ as
n~", which accounts for the estimation error due to sample CART-splits, when proving Theorem 1 by
exploiting Theorem 3.

Condition 5 enables us to apply Theorem 3 to an abstract tree growing rule obtained by slightly
modifying the tree growing rule associated with the sample CART splitting criterion. In Section 4.2, we
will discuss this abstract tree growing rule in detail. The exponential upper bound (1 — 'yo(alag)_l)k in
Theorem 3 is obtained by a recursive analysis. To appreciate the recursive analysis, let us consider the
special case of ¢ = 0. Then we can show that

Bn(X) ~ m (14, X))* < (1= 2 ) B (n(X) - i (O1501, X)) (24)

In (24), we clearly see the recursive structure for controlling the approximation error. See Section A.5 of
Supplementary Material for more details of the recursive inequality.

Theorem 3 is the key result that makes our approximation error analysis unique and practical. It differs
sharply from the existing literature in the sense that our technical analysis is more specific to random
forests and does not rely on general methods of data-independent partition such as Stone’s theorem [34]
or data-dependent partition such as [30]. This is in contrast to most existing works [33, 37, 6, 7].

4.2. Sample tree growing rule

In Theorem 4, we will analyze a version of the sample tree growing rule defined below and show that
conditional on the observed sample, on a high probability X,,-measurable event, this rule satisfies Con-
dition 5 with € = ¢,, decreasing to zero. Let sets of available features ©1.; be given for some positive
integer k. Consider the following procedure of modifying a subtree with some ¢ > 0. For each (¢1,--- , )
€ T(Oy.),) with P(X € t5_1) < C, let us fix lo == min{l —1:P(X € t;_1) < (,1 <1< k}. Then we trim
the descendant cells of ¢;, off from f(@l: x) and grow new descendant cells back in such a way that each
new descendant cell ¢ and its parent cell ¢ satisfy sup(jeo,c) (1)t t(j.c) = (I1) 4, Where sets of available
features are those in ©1.; and we do not specify them in the supremum. That is, each new descendant
cell of ¢, is grown according to the theoretical CART-split criterion; a graphical illustration is given in
Figure 2. N

We next define the modified version of the sample tree as follows. For each cell path in T(01.), there
is at most one cell ¢;, as defined previously. We collect these cells in a subset, perform the previously
described procedure accordingly, and obtain the modified sample tree. We denote such a new tree as
T¢(©1.1) and refer to it as the semi-sample tree growing rule.
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<N\ T = T

-7 RN B C
~ >
’ ~ ’ ~
’ ~ ’, ~
. . . . /\ /\
4 ~ 4 ~
(a) Trim the subtree after the specified cell. (b) Split the cells A, B, and C by the theoret-

ical CART-split criterion with the correspond-
ing sets of available features.

Fig 2: Trim a subtree and grow it back.

Theorem 4. Assume that Conditions 2—4 hold and let ag > 1,0 < n < %, c>0, and § with 2n < 6 < i
be given. Then there exists an X,,-measurable event U,, with P(US) = o(n™') such that conditional on
Xy, on event U, and for all large n, T with ¢ = n=9 satisfies Condition 5 with k = |clogyn|, e =n™",
and os.

Remark 8. Since Theorem 4 above is a result for the semi-sample tree growing rule instead of the sample
tree growing rule, the tree height parameter ¢ > 0 is an arbitrary constant in Theorem 4. To use the
result of Theorem 4 for Lemma 1, we need to control the L? difference between the population version
random forests estimates using these two rules, which is the reason for the first term in Lemma 1. Such
term is bounded by O(n~°%¢) and as a result, the value of ¢ is required to be limited when applying
Lemma 1 to obtain Theorem 1. There is a similar remark for Lemma 3 in Section 5.

Remark 9. Thanks to Theorem 4, we can apply Theorem 3 to T, ¢ with ¢ = n~?% and obtain the following
inequality

E [(m(X) — m*ﬂ (('-)1;;<;,X))2 ‘ Xn} 1y, < ajaan™ + (1 — yo(arag) 1) Var(m(X)),

where the estimate m*f is defined similarly as m*f. For more details, see the proof of Lemma 1 in

Section B.4 in Supplemcentary Material. As a result, we do not need Condition 5 in Lemma 1 since it
is a consequence of Theorem 4 that the sample tree growing rule is an instance of Condition 5 in a
probabilistic sense. This is one of our main contributions to proving such a result in Theorem 4 instead
of assuming that the sample tree growing rule satisfies Condition 5.

5. Upper bounds for statistical estimation error

In this section, we aim to develop a general high-dimensional estimation foundation for analyzing random
forests consistency and use it to derive the convergence rate for the estimation variance (i.e., the second
term in (11)) in the lemma below.

Lemma 2. Assume that Conditions 2—/ hold and let 0 < n < 1/4, 0 < ¢ < 1/4, and v > 0 be given.
Then there exists some constant C' > 0 such that for all large n and each 1 < k < clogyn,

2
E (m;’;(@h 7®]€7X) _T/ﬁ"f(@h 7®k7X7Xn)> S n~ " +C2k'fl_%+y. (25)

Let us gain some insights into the challenge associated with (25). To analyze the estimation variance,
essentially we have to control the probabilistic difference between every conditional mean and average on
each cell grown by the sample tree growing rule. This is a challenging task because these cells have random
boundaries. A naive consideration of all possible cells in [0, 1]P takes every cell into account but results
in an uncountably infinite set, which precludes the application of standard concentration inequalities
such as Hoeffding’s inequality. In what follows, we describe in detail our approach to overcoming such a
challenge.

Instead of considering estimation of conditional means on all possible cells with random boundaries
in [0,1]P directly, we estimate only conditional means on each of a set of deterministic cells from a
predetermined grid, which we will formally define next. The grid contains many cells such that for an
arbitrary cell ¢, there is a cell t# on the grid being so close to t that the values of their theoretical
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r==[==9

Fig 3: From the left panel to the right, we move the original boundaries to the nearest grid lines.

conditional means, E(m(X)|X € t) and E(m(X)|X € t#), are very close, and the values of their

empirical conditional means, % and %7 are also close. Since the number of cells on the
grid is not too large, we can show that the theoretical conditional mean E(m(X)|X € t#) and its

empirical counterpart % are uniformly close using Hoeffding’s inequality. Combining all these

results can yield Lemma 2.

The grid mentioned before is defined as follows. Let p; be a given positive constant and consider
a sequence of b; = W with 0 < i < [n!'tP1]. We construct hyperplanes such that along each
jth coordinate, each point b; is crossed by one and only one of the hyperplanes and this hyperplane is
perpendicular to the jth axis. The result is exactly ([n'Tr1]+1)? distinct hyperplanes and each boundary
of the root cell [0, 1] is also one of these hyperplanes. Naturally these hyperplanes form a grid on [0, 1]?
and we refer to each of these hyperplanes as a grid hyperplane or a grid line. For a cell ¢, we define the
cell t# by moving all boundaries of  to the corresponding nearest grid lines; see Figure 3 for a graphical
illustration. For a tree growing rule T, we define T# such that for each Oy, (¢, ,tk#) € T#(O1.1)
if (t1,--- ,tx) € T(O1.1). Let us observe two important properties of the sharp notation. First, for each
cell ¢, if t and ¢t are its daughter cells, then (t/)# and (t”)# are daughter cells of t#. Second, for each
integer k > 0, the collection of end cells tk# at level k is a partition of [0,1]P. As a result, T# can be
understood as a tree growing rule (induced by T'). The same definition of the sharp notation goes for the
sample tree growing rule.

We now demonstrate how to use the grid for obtaining the result in Lemma 2. To control the L2 loss
between mz and ma4 as in (25), we decompose the squared loss into three terms as

2 * * 2 * ~
L7 loss between mz and mz, <—— L loss between mz, and mz,
Controlled by (28) Controlled by Theorem 5

26
+— L? loss between Mz, and iz, (26)

Controlled by (29)

and establish bounds for each of them in Theorem 5, (28), and (29) below, respectively, using the grid.
In particular, in Theorem 5 we will see that the grid helps us bound the LHS of (27) below uniformly
over all possible tree growing rules T’s. This approach provides a solution to a fundamental estimation
problem in proving random forests consistency that involves infinitely many possible T’s. By (2) and
(10), for any T and ©.;, we can deduce that on N¥_,{®; = 6,},

2
E [(m}# (61:7@7 X) - th# (®1:k7 X7 Xn)) ‘ ®1:k = elzky Xn:|

2 27
Zie{i:mietk} yl) 27)

_ 3 P(X € t;) (E(m(X) | X et~ o et

(t1, btk ) ET#(O1.1)

From the expression on the RHS of (27) above, we see that with the grid, we only need to deal with
estimation of conditional means on each cell in the set

{t# : t € {All the end cells grown by all possible growing rules given O, --- ,0,}}.

Such a set contains only finitely many distinct cells given k, n, and p. This set can be further enlarged
to consider all possible growing rules and sets of available features (i.e., the collection of end cells grown
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by all possible T#(01.;)’s). According to (A.8) in Supplementary Material, the number of distinct cells
of the enlarged set is bounded by 2* (p([n!*r1] + 1))k.

Theorem 5. Assume that Conditions 3—4 hold and let 0 < n < i and 0 < ¢ < i be given. Then for all
large n and each 1 < k < clogyn, we have

2
E {SupE |:<m;’# (el:kv X) - mT# (el:kv Xv Xn)) ‘ Gl:ka Xn:| } S nina
T

where the supremum is over all possible tree growing rules. Note that due to the use of the grid, the
supremum can be simplified to a mazx over a finitely many tree growing rules.

Lemma 3. Assume that Conditions 2—4 hold and let 1/2 < A < 1 and ¢ > 0 be given. Then there exists
some constant C > 0 such that for all large n and each 1 < k < clogyn,

2
E (m%# (®1zk7X) - m%(GlikﬂX)) S CanA_l (28)

and

E (izy (Orp, X, Xp) — (O, X, X)) < C2FnA1 (29)

6. Discussions

In this paper, we have investigated the asymptotic properties of the widely used method of random forests
in a high-dimensional feature space. In contrast to existing theoretical results, our asymptotic analysis has
considered the original version of the random forests algorithm in a general high-dimensional nonpara-
metric regression setting in which the covariates can be dependent, and the underlying true regression
function can be discontinuous. Explicit rates of convergence have been established for the high-dimensional
consistency of random forests, justifying its theoretical advantages as a flexible nonparametric learning
tool in high dimensions. We provide a new technical analysis for polynomially growing dimensionality
through natural regularity conditions that characterize the intrinsic learning behavior of random forests
at the population level.

Our technical analysis has been based on the bias-variance decomposition of random forests prediction
loss, where we have analyzed the bias and variance separately. Despite some limitations (see Section 3.2),
the current bias-variance analysis has revealed some great details on how random forests bias depends
on the sample size, tree height, and the column subsampling parameter vo. Our current results apply
only to random forests with non-fully-grown trees. It would be interesting to extend our results to the
case of fully-grown trees. When the scale of the problem becomes very large in terms of the growth of
dimensionality (e.g., of nonpolynomial order of sample size), it would be appealing to incorporate the
ideas of two-scale learning and inference with feature screening [14, 12, 15]. In addition, it is important
to provide the asymptotic distributions for different tasks of statistical inference with random forests.
These problems are beyond the scope of the current paper and are interesting topics for future research.
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Supplement to “Asymptotic Properties of High-Dimensional Random
Forests”

Chien-Ming Chi, Patrick Vossler, Yingying Fan and Jinchi Lv

This Supplementary Material contains the proofs of all main results and technical lemmas, and some
additional technical details. All the notation is the same as defined in the main body of the paper. We
use C' to denote a generic positive constant whose value may change from line to line.

Appendix A: Proofs of main results
A.1. Technical preparation

We now describe further details of the grid introduced in Section 5 for the analysis purpose. For any
s€{l,---,p} and integer 0 < q < [n'*tr1], define”

t(s,q) = [0,1]°* 71 x [bg, bgy1) x [0, 1]P7,

where we recall that b; = ﬁ’s are the grid points defined in Section 5; the parameter p; is defined

in the same section. Let us assume that Condition 2 is satisfied with f(-) denoting the density function
of the distribution of X . Then it holds that for each n > 1,

SupP(X € t(s.q)) < [n“_‘:f] (A1)

Thus, for each n > 1, positive integer k, and each cell ¢ with at most k& boundaries not on the grid
hyperplanes (e.g., for the left plot in Figure 3, the blue cell has 4 boundaries not on the grid hyperplanes,
whereas the red one has only 2), we have

# sup f
Sl;p P(X € tAt7) < k x FTor] (A.2)
where the supremum is over all possible such ¢t and AAB := (AN B¢) U (A°N B) for any two sets A and
B. Observe that (A.2) applies to all cells constructed by at most k cuts.

Let p-dimensional random vectors x;,i = 1,--- ,n, be independent and identically distributed (i.i.d.)
with the same distribution as X. Let p2 > 0 be given. We next show that if Condition 2 holds, it follows
from (A.1) that for each p > 1 and all large n,

sup ) 5"
PGy {00501 € tls.0)) 2 Togn) 1) < puee] (221 I
n
where the union is over all possible s € {1,--- ,p} and 0 < ¢ < [n'TP1]. To develop some intuition for

(A.3), note that if P(z; € t(s,q)) = cn~! for some constant ¢ > 0, then #{i : =; € t(s,q)} has an
asymptotic Poisson distribution with mean ¢. Moreover, the probability upper bound in (A.1) is in fact
much smaller than n~! asymptotically. To establish (A.3), a direct calculation shows that

P(Usq {#{i @i € tls, )} = [(logn) 1}
< ot supP (s € s.0)) > [(ogn) ) "

n—l1

= p[n'*t7] x sup i (7) (P(ml € t(s,q)))l (1 — P(x; € t(s, q))) ,

s¢ \ ;50

“We can let the interval [b(nwpq,l, bmuplﬂ have a closed right end. Since we assume that the density of the distri-
bution of X exists, it does not affect our technical analysis.
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where [y = [(logn)!*#2]. Since the cumulative probability inside the parentheses on the RHS of (A.4) is
an increasing function of P(x; € t(s, q)), it follows from (A.1) and Condition 2 that for all large n,

v 20001 (£) (524 - )

1>l

< p[n'*] ((100_1 gl: <szl;>1f>l (A.5)
(

lo —1
sup f sup f _
<pfatto] (222)7 (1 221) g
lo
sup f
gpl‘nl+P1‘| ( o > ,

where ! := 1 x - - x [. This completes the proof of (A.3).
We denote the event on the LHS of (A.3) by A with p1, p2 > 0 as follows.

A= (USG{L'%P}yOSQ<|—n1+P1-| {#{i cx; € (s, q)} > [(logn)”pﬂ})

(A.6)
= Ot ), 0zg o ton {# 5 @i € 8(5,0)} < (logm) 72 }.
On event A, it holds that for each cell ¢ constructed using at most &k cuts,
H{i:x; € tAt?} < k(logn)' P2, (A7)

We next provide an upper bound on the number of conditional means required to be estimated. Define
G, 1 as the set containing all cells constructed by at most & cuts with cuts all on the grid hyperplanes.
We can see that there are at most (p([n'**1] 4 1))* distinct choices of k cuts on the grid hyperplanes.
Furthermore, each of these k cuts results in at most 2* cells, which are all possible cells grown by the
given k cuts. Thus, we can obtain that

#Gr < 28 (p([n 0] +1))". (A.8)

A.2. Additional examples for SID

We provide three additional examples for showing the flexibility of SID. In particular, Example 6 below
is an example of Example 3, and Example 7 considers regression function m(X) that is not monotonic.
Example 8 is a non-additive model with a linear combination of intercepts. The proofs for these examples
are respectively in Sections C.8-C.10.

Ezample 6. Assume that X is uniformly distributed in [0, 1]7, and let S* be some subset of {1,--- ,p}.

1) Let m(X) = PO e ﬂij),) be given with |3;| # 0. Then,

T+exp(> e g+ Bi X5
|BJ ) xexp( Z 1851 ))

JES*

m(X) € SID (4 (#S axjes-

minjeg- |B;

2) Let m(X) = 2:1:1 Brrlljer, X;jk+zjes* B3 X be given with r;’s being positive integers, UZI:1T1€ -
S*, and all positive (or all negative) Sii’s and 5;’s. Then

() & SID (a2 (kT DEn ol mases 1)y

minje g« |3;]

Ezxample 7. Assume that X is uniformly dlstrlbuted in [0, 1] with p > s* for some positive integer s*.

The regression function is defined as m(X) = Z _1m;(X;), where for each j < s* and z € [0,1],

N

-1

m](x) = hj,K( ) [bj, k—1,b5, K] + Z h’ 7k—1’bj,k)

=1
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with some integer K > 0, linear functions hj1,--- ,h; x such that m;(z) is continuous and that r <
|dhﬂéi’;($)| < R for all j,k with some R > r > 0, and constants b, ;’s such that 0 =b;¢ < --- <b; x = 1.
Then, m(X) € SID (s* (%1?2)431?:) ), where b* == minj<g 1<k<i (bjx — bjr—1).

Ezample 8. Assume that X is uniformly distributed in [0, 1]? with p > s* for some positive integer s*.

Let positive integer k; be given and 0 = céj) < < c,(cjj) = 1 be real numbers for each j =1--- s*. Let
Bi1, -+ ,isr) with1 <4; < kjand 1 < j < s* be real coefficients such that for some ¢ > 0, it holds that for
each j, either 1) for every (i1, -+ ,is+) withi; > 2, AB == B(i1, -+ , 45, ,dg)—B(i1, -+ ,ij—1, -+ ige) >
t, or 2) for every (i1,--- ,%s+) with 4; > 2, AB < —¢. The regression function is defined to be

oo
>~ Blir, -+ Vs iy o) o)
1 - J

i

ki
m(X) = Z ..
i1=1

In addition, assume that sup.cjoqj» [m(c)| < Mo. Then, m(X) € SID(#:CT) (%)2)7 where ¢l =

L

min{%, minj <y 1 <izp, {ef) — i) )

A.3. Proof of Theorem 1

We begin with considering the case when a contains the full sample. We will apply standard inequalities
to separate the L2 loss into two terms that can be dealt with by Lemmas 1 and 2, respectively, to obtain
the conclusion in (17). Observe that the results in these lemmas are applicable to the case of any a with
#a = [bn] and without replacement. The other case with sample subsampling can be dealt with similarly
by an application of Jensen’s inequality.

Let us first examine the case without sample subsampling. By Jensen’s inequality and the triangle
inequality, we can deduce that

2
E (m(X) - E (mp(O1, 04, X, %) | X, 2,))
<E (m(X) — ma(O1,- - ,®k,X,Xn))2

= m(X)_m*f(®177®k7X)

R 5 (A.9)
+m*f(@13 7®kaX) 7771?(@1, a@kaXaXn))
2
< 2(1E m(X) —ma(O, - ,@k,X))
R 2
“FE(m;’—?(@la aekaX) _mf(@h 7®k7X7Xn)) )
This result is also shown in (11).
By Lemma 1, it holds that for all large n and each 1 < k < clogn,
. 2

E (m(X) — MO, ,Bk,X)> a0

< 8MEn 7028 4+ 201 a9n ™ 4+ 2ME(1 — yo(aran) ™ H)F 42071

Let v > 0 be sufficiently small. Then by Lemma 2, there exists some constant C' > 0 such that for all
large n and each 1 < k < clogy n,

2 1
E(m*f(e)h 7®k7X) _mf(®17 >®k7X,Xn)) S n_"7 +C2kn_5+”. (All)

In view of (A.9)—(A.11), we can conclude that there exists some constant C' > 0 such that for all large n
and each 1 < k < clogy n,

E(m(X) B (f7(®1, 0, X, &) | X,Xn>>2 < O(araen™ + (1 = ro(asag) )* +n0).

The above result uses the fact that n=2 "¢ = o(n=¢) due to a small v. Thus, replacing n with [bn]
leads to (17).
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To show the second assertion, we use Jensen’s inequality to obtain that

E( -t Z (mT a ®17' a®k7XaXn) ’ Xan>)2
acA
:E[Bil Z (m(X) _E<m’fma(®17“' 7®kaX7Xn) ’ XaXn))]z
acA
<B'YE ( (mT (O, O, X, X,) ’ X,Xn))Q.
a€A

Combining this result and the first assertion completes the proof of Theorem 1.

A.4. Proof of Theorem 2

T

Recall that X, = {®x;,y;}]~, arei.i.d. training data, and X is the independent copy of €1 = (z11,- - ,Z1p) .

When the jth feature is not involved in the random forests model training procedure, the random forests
estimate (8) is trained on {(yi, Ti1, -+ Tij—1) Tij+1)» "+ » Tip) b1 We first show that such a random

forests estimate is (X _;, &}, )-measurable, where X _; = (X1, -+ , X1, Xjq1,- - 7Xp)T. Then by the in-
dependence between X and X,, we can resort to the projection theorem to obtain the desired conclusion.
Let us begin the formal proof.

We denote such a random forest estimate by
1 .
= ZE(mTa’a(®1,~~ O, X, ) ‘ X,Xn). (A.12)
a€A

In order that the conditional expectation in (A.12) is well defined, we use Conditions 3-4 to ensure the
existence of the first moment of the integrand in (A.12). Specifically, by Conditions 3—4, it holds that for
each a € A,

E (|7, (@1, Ok X, X)

)<oo,

and hence (A.12) is well defined.

By assumption, during the training phase, the jth feature is not involved, which entails that ’ﬁ’L,fa (O,

mT a(@l7 <, Ok, €9, Xy) for each ¢; == (¢;1,- - ,cip)T €10,1)P,i = 1,2, with ¢y; = ¢g; for I # j. Then it
follows that

1 ~
E ZE(mfwa(@l:k’X’Xn) ‘ G')lzlme)(n)
acA

1 I
= E Z E(mfa’a(gl:kaXaXn) ‘ @1:k7X—_77X )
acA

In view of this result, we can see that

1 _ .
= ZE(mﬁya(@h O, XL X ‘ X,Xn) is (X_;, X, )-measurable. (A.13)
a€A

Since X, is independent of X, we have
Var(m(X) | X_j,X,L) - Var(m(X) | X_j>. (A.14)
By the definition of relevant features, we can deduce that

E(m(X) - % gE(mﬁ’a(@l,--- 01X, X,) | X,Xn))2
;

:E{E[(m(x) —% E(mfa,a(@h.-- L0k, X, X,) ’ X,Xn))2 ’ X_;, X, }}
acA

2E<Var(m(X) | X,j,xn))

= E(Var(m(X) | X,5 € {1+, p\{7}))

> 1.

7®kvclaXn) =
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Here, in the first inequality, we apply (A.13) and the projection theorem. For the second equality, we
resort to (A.14). This concludes the proof of Theorem 2.

A.5. Proof of Theorem 3

Let 0 < 79 < 1 be given. We deal with the case where there are no random splits first (see the end of this
proof for details). Let us begin with a closed-form expression for the L2 approximation error in (A.15)
below obtained using (12). We argue that in the expression

E(m(X) —myp (elzkaX)>2

=Y P(Orx = Or4) > P(X € tg)Var(m(X) | X € ty),
O1: (t1,0 ,tk)ET(O1:5)

(A.15)

the (average) conditional variance on the end cells at the last level can be bounded by the (average)
conditional variance at the one to the last level multiplied by a factor (1 —yo(aaz)~?t), and hence we
have the recursive argument as in (24). However, according to Condition 5, for the cell with too small
probabilities, we need to use a different approach to deal with the case, which results in an additional
term eap o in Theorem 3.

In what follows, T'(©1.) is categorized into two groups, where upper bounds are constructed accord-
ingly. Let € > 0 be given. Then we introduce a set of tuples denoted as T.. For each Oq,--- , O, define
a set of k-dimensional tuples T.(01, - - ,0) such that if the following two properties hold:

1) (tlv' o atk) S T(@la e 7®k)a
2) There exists some positive integer [ < k such that sup; .(I1)s,_, t,_,(j,c) < 2€ With the supremum
over all possible (7, ¢)’s,

then (t1,--- ,tx) € T.(O1, -+ ,0k). In view of the definition of T, we can deduce that

RHS of (A.15)

=Y P(Or) = O14) > P(X € t)Var(m(X) | X € t;,)
O1. (1, ,tr)ET-(O1:1) (A.lﬁ)
+ > P(X € tp)Var(m(X) | X € )],

(t1, )€ (T(O1.0) \ T (01.1))

where the summation is over all possible Oy.j.

For simplicity, define T7(01.;) :== T(01.5)\T-(O1:x) and V(t) :== Var(m(X)|X € t). We can observe
two properties of TT. First, if (t1,---,t;) € TT(01.), then we have (ti,---,¢) € TT(0y,) for each
1 <1 <k, but not the other way around. Second, if (¢, -- ,t;) € TT(©1.%) and t;c is the other daughter
cell of t;—1 in T(©1.1), then it holds that (¢, - ,tx_1, t;C) € T1(01.1); that is, daughter cells are included
in TT(O1.1) as a pair. It is worth emphasizing that T7(01.) and T:(©1.;) are two sets of tuples such that
{tg : (t1, - ,t) € TH(O1)} and {ty : (t1, - ,tx) € T-(O1.1)} are mutually exclusive, and collectively
they are a partition of feature space.

With these notations, let us deal with the second term on the RHS of (A.16) first. Simple calculations
show that

The second term on the RHS of (A.16)
=S POk =01x) > P(X €ti1)P(X € ti|X € ti1)V(ts)

O1.k (t1:x)ETT(O1:1)
I
O1: (t1,tK) €T (O1:1)
(I)tk—lwtk
= Z P(®1.x—1 = O1:5-1) ZP(@k = Oy) Z P(X ¢ tkfl)f:
O1k—1 O (t1,,t1)€TT(O1.1)

where the second equality is due to the definition of (I)¢, , ¢, in (13) and the second property of T'f, and
the third equality is due to the independence of random parameters.
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(
Fig 4: The thick blue tree branch is the first tree branch of T(©1.x).

To deal with the RHS of (A.17), we consider tree branches of the tree T(01.;) (not TT(©1.)) as
follows. There are 2% distinct tree branches t;.;, in T(01.1), and we call the first two of these tree branches
“the first tree branch of T'(01.;),” whose corresponding last column set restriction is Oy 1 (recall that
Or = {Ok,1, -+ , Ok 26-1}). See Figure 4 for a graphical illustration. Note that there are two daughter
cells of the first tree branch. In addition, note that it is possible that some tree branches of T(0;.;) are
not included in T7(01.;); in such cases, the corresponding summations (e.g., see (A.18) below) ignore
these tree branches since we have defined that summations over empty sets are zeros.

Now, with the definition of tree branches, we write the inner term on the RHS of (A.17) as follows.

(Dty_s .t
> POy = 6y) > P(X € )5
Ok (t1, t,)ETT(O1.)
= P(Or1=0k1, Oy 001 = Oy 1)

Ok

x K 3 P(X € tk,l)(l)t’“%) (A.18)

(B, £, )ETT(O1:4) where
(t1,-,tg—1) is the first tree branch in T(01.)

n ( 3 P(X € tk_l)i(l)t’;l’t’“ )}

(t1,- t5)ETT(©1.5) where
(t1,-,tx—1) is not the first tree branch in T(07.)

and then, since the first tree branch is related to only the feature restriction @ ; and the other tree
branches are only subject to @y 2, , @ or-1, and that @y ;’s are independent,

RHS of (A.18)
= P(Ok1 =64)

Ok,1
(Dti_y .t
X ( z P(X € tk—1)%
t1, t5)ETT(O1.5) wh
(t1,- 1tk—(1§ is thi first irclc Ii))rancir?n T(O1.x) (Alg)
+ > P(Ok2=Ok2, -, Opor1 =6 5k 1)
Ok,2, 0y ok-1

X ( Z ]P’(Xetk,l)(l)tk%)

(t1,+ k) ETT(O1.4) where
(t1,-+- ,t}_1) is not the first tree branch in T(©7.;)

With (A.19), we can focus on the summation with the first tree branch in the following; without loss
of generality, we suppose the first tree branch of T(0;.;) is also included in TT(©;.;) (otherwise, we
can consider some other tree branch). Observe that there exists at least one optimal feature j* such that
sup.(11)g,_, t11(j*c) = SUP; (L)t _, 1 (j,c), Where the the supremum on the RHS is the unconstrained
supremum. It is not difficult to see that the probability that ®j ; includes one of these optimal features
is at least 7p; that is,

P(®y, 1 includes one of the optimal features) > vy (the good state),

A.20
P({®}1 includes one of the optimal features}¢) <1 —-o (the bad state). ( )
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It follows from the definition of Tt that sup; (1) ¢, t_1(j,e) > 26. Then if ©y 1 is in the good state,
by the first item of Condition 5 it holds that (1), , ¢, > €. By this, the second item of Condition 5,
and the fact that ©;; is in the good state, we have

(Dt = Var(m(X | X € tp—1) — (ID)t,_, 4,

- A21
< Var(m(X) ‘ X e tk—l) — Qy ! Sup(II)tk—lvtkfl(jvc)' ( )
e
Moreover, it follows from Condition 1 that
RHS of (A.21) < Var(m(X)|X € tx_1)(1 — (a1a2)™ ).
On the other hand, if ©;; is in the bad state, it holds that
(I>tk—1;tk < Var<m(X)|X € tkfl)'
By the above observation, for the first tree branch,
Z P(®k,1 = Ok,1)
Ok 1
I
X ( Z P(X € tk—l)()tk%>
(t1,+tp)eTT(©1.) where
(t1,++ ,tg_1) is the first tree branch in T(©q.;)
< Z P(Ok,1 = Ok,1)
good Oy 1
V(te—1)(1 — -1 A.22
«( > PX € by VO () ) 2
(t1,--tR)ETT(O1.)) where
(t1,+- ,tg_1) is the first tree branch in T(©1.;)
+ Z P(Ok,1 = Op,1)
bad © 1
V(ti—
X( Z P(X € tr-1) (; 1)>
(t1,,tk)ETT(©1.1) where
(t1,++ ,tx_1) is the first tree branch in T(©q.;)
If (¢1, - ,tg—1) is the first tree branch in T(01.;), due to the facts that there are two daughter cells

of t;—1 and that the terms in the summations on the RHS of (A.22) does not depends on ¢, and (A.20),

RHS of (A.22)
< Z P(Ok,1 = Or,1)P(X € tr—1)V(tr—1)(1 — (alaz)_l)

good Oy

+ Z POk = O5,1)P(X € tp1)V(tr—1) (A.23)
bad Oy, 1

S sup (’YP(X S tkfl)V(tkfl)(l — (alag)_l) + (1 — ’Y)P(X S tkfl)V(tkfl))
< (1 - wo(alag)fl)P(X S tk_l)V(tk_l).
We notice that (A.23) holds if the first tree branch is not included in 7 (0;.;,) since the summation would

be zero.
We can apply the arguments for (A.18)—(A.23) to each tree branch in T(01.;) to get

RHS of (A.19) < Z (1 = ~olaras) YP(X € tp1)V(ts_1).
(t1,+ to—1)ETT(O1:6-1)
Thus,

RHS of (A.17)

<(1- 70(041042)_1) Z P(®1.k-1 = O1.5—-1) Z P(X € tp—1)V(tk—1). (A.24)
O1.-1 (t1:—1)ETT(O1:—1)
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We can repeat the calculation in (A.24) k times to conclude that
RHS of (A.24) < (1 — yo(a1az) 1) *Var(m(X)). (A.25)

Next, we bound the first term in (A.16). Let (¢1,- - ,t;) € Te(©1, - - , Or) be a given tuple. By the sec-
ond property in the definition of T, there exists a smallest integer 1 < I < k such that Supj7c(II)tl_1,tl_1(j,c) <
asze. By Condition 1, we have

Var(m(X) | X € ti—1) < agaze. (A.26)

Denote by S the set of tuples in T¢(Oq,--- ,0y) such that the first { — 1 cells are £1,--- ,¢,_;. For each
ge{l—1,---,k—1}, let S, be the set of distinct tuples in {(t1,--- ,t) : (t1,--- ,tx) € S}. Then we can
deduce that

> P(X € ty)Var(m(X) | X € ty)

(t1,,tk)€ES

= Y P(X et )P(X € t]X €tpy)Var(m(X) | X € ty)
(tl,'“ ,tk)ES

< > P(X € tp_1)Var(m(X) | X € tp_1)

(A.27)

(t1, tp—1)€Sk-1
< > P(X €t;_1)Var(m(X) | X € t;_,)
(t1, t1—1)€Si—1
=P(X €t;_1)Var(m(X) | X € t;_1)
< P(X S tl_l)alage.
Here, the first inequality in (A.27) follows from the fact that Var(m(X)|X € ty_1) > (I)¢,_,.t,- The
second inequality is obtained by repeating the same argument for the first inequality. Moreover, the
second equality is because S;_; contains exactly one tuple, while the last inequality follows from (A.26).
Given ©1,--- ,0y and ¢, it is seen that the summation summing the LHS of (A.27) over all possible

(and mutually exclusive) tuple sets S is bounded by the summation over the probabilities of exclusive
events multiplied by ajase. Thus, it holds that

> P(X € t;)Var(m(X) | X € t;,) < oqase.
(tla"‘ 1tk)eTs(®1:k)

Since summing over the probabilities of ©1.; gives one, we have

Z P(®1.x = O1.1) Z P(X € tp)Var(m(X) | X € t) < ajaze.
O1:k (t1, tr)E€ET(O1:1)

Therefore, combining this inequality, and (A.15)—(A.17), (A.24)—(A.25) yields the desired conclusion of
Theorem 3 for the case without random splits.

For the case where there are random splits, we can conditional on these random splits and apply
the previous arguments to get the same conclusion. Specifically, let “Random splits” denote the random
parameter of these random splits, we have

E(m(X) - mi (@1, X) )2
= E(E(RHS of (A.15) | Random splits))

< E(CUCVQE + (1 — '}’O(CVICVZ)_I)]c Var(m(X)))
= (1€ + (1 - '}/0(041042)71)]6 Var(m(X))v

where the inequality is due to the previous arguments. This completes the proof of Theorem 3.
Finally, we note that the previous arguments also lead to the desired bound in (24).

A.6. Proof of Theorem 4

Let us first briefly outline the proof idea for the main assertion of Theorem 4. We argue that for each
cell ¢, the (sample) CART-split criterion in (6) gives results that are very close to those of the theoretical
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CART-split introduced in Section 4.1. More precisely, let ¢ be one of the daughter cells of ¢ after the
CART-split given a set of available features ©, and we argue that the value of (I7), +7 1s very close to that
of sup,cg (I1)t,4(j,¢)- Since this argument involves quantities (I7)’s, to obtain the desired result we need
to control the differences between the theoretical and sample (condltlonal) moments. Thus, we rely on
the grid introduced in Sections 5 and A.1, where we also introduce the ideas for the grid.

The formal proof starts with constructing the &),-measurable event U,, described in Theorem 4. Define
for some A > 0,s > 0 (further requirements on A, s will be specified shortly in (A.28) below),

Un = Cn mAl(kaA) ﬂAg(l{i,A) n A3(k + 1aA) m-Av

where k = [clog (n)], C, = NI, {|e;| < n®}, the event A is defined in (A.6), and A;(k,A),i € {1,2,3}
are defined in Lemma 7 in Section C.1; note that we let k = |clog(n)| in the proof of Theorem 4 for
simplicity. Briefly, the events A;(k,A),i € {1,2,3} control the conditional moments, which include the
conditional means and probabilities, and the numbers of observations on each of the sufficiently large
cells on the grid hyperplanes. Since we have assumed Condition 2 and Condition 3 with sufficiently large
q, it follows from Lemma 7 and (A.3) that for all large n,

P(Uy) = o(n™),

which concludes the first assertion of Theorem 4 regarding the event U,,.

It remains to show the second assertion of Theorem 4. Let us introduce some needed notation and
parameter restrictions as follows. It is required that % < A <1— 2§, which is possible because § < % (6
and 7 in (A.28) below are given by Theorem 4). In addition, we let A" and (a sufficiently small) s > 0 be
such that % <A < A and

/

n < min{% — 25,0 — 2s, g} (A.28)

To better understand the technical arguments, we provide some useful intuitions first. For each cell
t = x”_,t; and a set of available features ©, let us fix a best cut (j*(t),c*(t)) = argsup;ce .(I1)t.1(j,c)
and for simplicity, we do not specify the dependence of the cut on ©. Let t* be one of the daughter cells of
t after (j*(t),c*(¢)). Our goal is to find the lower bound of (1), z —(I1)¢+- in terms of the sample size n.
The main idea of the proof is to find a semi-sample daughter cell of ¢ denoted as t' such that t' is grown
by a cut (j*(¢),c(t)) with ¢f(£) = @; j« () for some i € {1,--- ,n} and the value of ¢'(t) is very close to
c*(t) (recall that =; = (z;1,- - ,Jci,p)T’s are the observations in the sample). Intuitively, on one hand,
(D)7 (I I)¢ ¢+ should be bounded from below because ¢ maximizes the sample counterpart of (I11), ¢

and hence (I1 )t ;> (11 )t 4+ (the sample conditional bias decrease; a formal definition is in (A.31) below),
and the values of these sample counterparts are close to themselves, respectively, in a probabilistic sense.
On the other hand, the difference between cf(t) and ¢*(t) is very small and thus (1) ¢+ — (I1)g+] is
controlled. Then by the use of the semi-sample daughter cell, we can complete the technical analysis.

We now introduce some necessary notation for the remaining proof. Let us fix an interval I*(¢) such
that c¢*(t) € I*(t) C tj«(4) and

P(Xjey €I°(t) | X €t) =n"".

In view of Condition 2, such I*(t) is well defined. In addition, for the cell ¢ and ©, we fix another cut
(7*(¢),c'(t)) such that cf(¢) is an element of the set

when the set is not empty, and otherwise c'(t) is a random value in Li=(t)-

Recall that tA, tt, and t* denote, respectively, one of the daughter cells constructed by the CART-split
(6), the cut (j*(t),cf(t)), and the cut (j*(t),c*(¢)). Particularly, due to the definition of cf(¢), we have
ensured that

PX et | Xct)-P(X et* | X et)| <n°. (A.30)
Given the cell ¢ and an arbitrary partition of ¢ and ¢, we can define the sample version of (14) as
) 2

T #litzi et} Yi Yi

I] ;= —— —_— _—

(F)e.4 #{i:x; €t} Z#{i:miet} Z#{z:miet}

z;ct’ €t
(A.31)
#{Z z; €t} 3 Yi -y Yi
#{z x; €t} ) #{i:x, et'} =, #{i:x; €t}
;€ Tq
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Here, we define a summation over an empty set as zero. In particular, (II), . is zero if ¢ contains only
one observation. 7
To complete the proof for the second conclusion, we need Lemmas 5 and 6 in Sections B.7 and B.8,
respectively. Let a constant ¢; > 0 wiEh ag > 1+ ¢1 be given. It follows from Lemmas 5 and 6 and the
definition of sample tree growing rule T" that on the event U, there exists some constant C' > 0 such that
for all large n, each sequence of sets of available features ©1,--- , Oy, each (t1,--- ,t;) € T(O1, -+ ,Ok),
and each 1 <1 < k with P(X € ¢;_;) > n~°, we have

—

(II)tthtl - (II)ttht* = (II)tthtz - (II)t?&_lvt;# + (II)tf_l,th - (II)tf_l t#

(]

@ ()

+ (Ij)t# t#* T (II)tlflxtl + (II)tz—l’tZ - (II)ttht;r

=171

(444) (iv)

D~ Dy ee ¥ I anwapr = Uy ee (A32)

(v) (vi)
+ (II)(tl—l)#,(t})# - (II)tl_l,t;r + (II)tl—l,tI - (II)tl—l,tl*

(vii) (viii)

. ’
_C(n—% +7”L_AT+28 +n—5+25)

>
2 _cln_n7
where we suppress the dependence of all the daughter cells on the set of available features. In (A.32),
terms (i)—(iii) and (v)—(vii) are bounded in Lemma 6, while terms (iv) and (viii) are analyzed in Lemma
5. To apply Lemma 5, notice that ¢; in term (iv) is grown by the (sample) CART-split given ¢;_; and
the available features. The last inequality above is due to all large n and (A.28).

In view of (A.32) and the definition of T¢, on event U, it holds that for all large n, each sequence of

sets of available features O1,- -, Oy, and each (1, - &) € fg(@l, -+, 0y) with ¢ = n~?, we have for
1<I<Ek,
sup (II)tl—htl,—l(ij) < (Il)tl—htl + Cln—”? (AS?’)
J€B,c

where we do not specify to which set of available features j belongs in the supremum for simplicity as in
Condition 5. Observe that because of the construction of the semi-sample tree growing rule, we do not
require the condition of P(X € ¢;_1) > n~° in the statement of (A.33) as we do in (A.32).

Finally, by the same conditions as for (A.33) and the choices of «; and ¢;, we have that for each
1<i<k,if (II)y,_, >n~", it holds that

sup (Il)tl—htz—l(j,c) < OQ(II)tzfl,tH
JEO,c

and if (I1)¢,_, ¢ <n~", it holds that

sup (II)tthtzfl(j,C) <agn”,
Jj€BO,c

which concludes the proof of Theorem 4.

A.7. Proof of Theorem 5

To outline the proof idea, let us rewrite the expectation and obtain a closed-form expression below. From
(27), we can see that

2
]E{supE [(m:}#(@u“' , Ok, X) — Myps (O, - 7@k7X»Xn)> ‘ elckv){n}}
T

Zie{i:mietk}yi)Q]. (A.34)

:E[S‘;p 3 P(X Gtk)(E(m(X) | X ety) - i @ € b}

(t1,,tR)ETH#(O1,- ,Ok)

To have a clearer picture of how to apply Hoeffding’s inequality to our case, we utilize an even larger
upper bound to get rid of O1,--- , O (feature restrictions). Observe that the summation on the RHS of
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(A.34) is over the partition {ty : (1, ,tr) € T#(01,--- ,0x)}. Thus, the RHS of (A.34) can be further

bounded by considering the supremum of partitions over all T" and O, .- ,Og; we use T} to denote a

level k tree such that { : (1, ,tx) € T,f} is an instance of such a partition to simplify the notation.
Then it follows that

The RHS of (A.34)

2
Zie{i:mietk} yi) (A.35)

<E |sup Z P(X € t;) (]E(m(X) | X €ty) — #{i@; € ty}

#
T (g, ti)eT?

Notice that there is no © on the RHS of (A.35), and hence the outer expectation is only over the sample.
In what follows, we bound the RHS of (A.35). The argument is based on the event A; (k, A) introduced
in Lemma 7 in Section C.1, which in turn relies on Hoeffding’s inequality. On such event, for each cell £
on the grid constructed with at most k cuts and satisfying P(X € t) > n®~!, the deviation between its
sample and population conditional means can be controlled.

Let A >0, A" > 0, and sufficiently small 0 < s < i be given such that % <A <A<1and

’

77<min{1fcfA725,%}, (A.36)

where 7, ¢ are given by Theorem 5. Moreover, let § be such that § — 2s > %. Assume that the moment
condition parameter ¢ in Condition 3 is sufficiently large with ¢ > @ and define

2
T# op=ri} #{’L L X; € tk}) '

ko (by,,t) €T
Then the RHS of (A.35) can be rewritten as
E (Enplun, (ei>ney) +E (Enplon, e <ney) - (A-37)

Let us bound the first term in (A.37). By Condition 4, which requires sup.c (o 1)» [m(c)| < Mo, a simple
upper bound for &, ; is given by

En,k = sup Z IP(X € tk) (E(m(X) | X € tk) — Z Y%

n 2
En < (Mo+ Y Iuil) (A.38)
i=1
for each n > 1 and k > 1. It follows from the Cauchy—Schwarz inequality, (A.38), Minkowski’s inequality,
Conditions 3—4, and the definition of § that there exists some constant C' > 0 such that for each n > 1

and k£ > 1,
E (gnvklu?zl{leibn-“}) </ E(gr%,k)\/lp ( Uiy {leil > ”S})
E (Mo + 2": |yi|)4 ZH:P (|5i| > ns>
=1 =1

IN

n

(0 + S (Bll) )| o2 (1] > o) (A.39)
=1 i=1

IN

< (tn 0+ el )’ S (el > )

< Cn™?.
We next deal with the second term in (A.37). Let us define for each ¢,

By = Em(X) | X €)= 30 o,

x; et

2

5;:7,6 = sup Z P(X € tk)(Etk,n) .
T (t t #*
1ste)ETY,

P(X €ty)>n® "1

We can make three useful observations:
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1) Under Condition 4 and on the event NI, {|e;| < n®}, it holds that for each ¢, all large n, and each
kE>1,

2 2s
{Et,n) S 2n7°.
2) On the event A;(k, A), it holds that for all large n and each 1 < k < clogn,

A/
EJL,]C s=n 2

3) Foreachn >1and k > 1,
Enp < Sup(Een)?,

where the supremum is over all possible cells.

By observation 1) above and the definition of ngL, > we have that for all large n and each 1 < k < clog, n,
E (Enklap, fleil<nsy)

- E(Sup ( > P(X ety) (Etw)2

#
T ™ (e tr)eT#,

P(Xety,)<n®7!

2
+ Z P(X e tk)(Etk,n> >1m71{5i|<ns})

(t1, tr)ETE,
P(X €ty)>n>"1

<ot LB (8] Ton (reeney ) -

(A.40)

where the first term on the RHS of the inequality follows from the fact that the summation is over at
most 2¢1°827 cells.

From the three observations above and Lemma 7 (with x in Lemma 7 set to ¢), we can deduce that
for all large n and each 1 < k < clogn,

E (gl,klmyzl{\si|gns}>

_ f ;

—F (5"”“1“71{5"'<"S}1(A1(k,A))”) +E (5",k1ﬂ?:1{\5i\Sns}1A1(k,A))

<E (S%D(Et,n)lep1{€i|<n5}1(Al(k’A))c> +E (Sl,klAl(k,A)) (A.41)

< 2n*P ((Al(k7 A))C) +E (gl,klAﬂkA))

’
A

<3n” 7,

where for the last inequality, recall that 6 — 2s > %,.
Then in light of (A.36) and (A.40)—(A.41), it holds that for all large n and each 1 < k < clogn,
nfn

E (Enklap, fje|<n}) < - (A.42)

Therefore, combining (A.34)—(A.35), (A.37), (A.39), (A.42), and that & > n completes the proof of
Theorem 5.

Appendix B: Proofs of Corollaries 1-2, Proposition 1, and some key lemmas

B.1. Proof of Corollary 1

The arguments for showing (19) and (20) in Corollary 1 can be found in (A.10) and (A.11) in Section A.3,
respectively.
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B.2. Proof of Corollary 2

First, weset n = + —¢, 6 = 1 —¢, c = §, and k = [§logy(n)] in Theorem 1. Since e* > (1 — £)" for
0 < x < n, it holds that for all large n,

1
kv 8 loga(e)vo log,( Y0 _ loga(e) Y0 Y0
2 -8

(1- 70(041042)_1)’C <e e102 <277 erez " X eTez =p 8 atez X go19z,

By this, Theorem 1, we can show that there exist N > 0 and C' > 0 such that for any m(X) satisfies
Condition 1 with oy and all n > N,

E(m(x) - E(mf(@m,x, X,) ‘ X, Xn))2 <C (n‘iﬁ& T a332> . (A.43)

To obtain (A.43), we note that the results in Lemmas 1-3 and Theorems 4-5 can be shown to be
uniform over all m(X) satisfying the respective requirements of these results. Particularly, the result in
Theorem 3 is already for all m(X) € SID(«1). For simplicity, we omit the detailed analysis for (A.43).

By (A.43) and the definition of SID(« ), we conclude the desired result.

B.3. Proof of Proposition 1

Let us deal with the first assertion first. A direct calculation shows that for every t =1 x - - X ¢,

2 .
Supje{17_..7p}7cetj (II)t,t(j,c) = %, lf Var(m(X)\X € t) > 0,
SUDj (1, p}eet; (LD tt(j.c) = 0 if Var(m(X)|X €t) =0,

and that Var(m(X)|X €t) < s*ﬁ;, which concludes that m(X) € SID(s*).

Next, we proceed to deal with the second assertion, and we begin with the bias-variance decomposition
upper bound in (A.44) and some details for CART in (A.45) below. By Jensen’s inequality and triangular
inequality,

2
E (m(X) -E (mf(e)l,--. O, X, X) ’ X,Xn>)
< 2<E<m(X) — MO, ,@k,X))2 (A.44)
+E(m’%(@1,-~- O, X) — (O, ,@k,X,Xn))Q).

As have mentioned in the remark before Proposition 1, for each feature restriction © and cell ¢, the
sample CART split in the case with binary features is (j,1) with

j= argrjneag( (1) 451> (A.45)

where for t and its two daughter cells tq, to,

2
an,, — (Z?:l 1miet1> (21;1 Loet, (m(mi) +ei) 3l laee(m(zi) + 51-))
b E?:l 1wi €t Z?:l 1wi€t1 Z?:l 1wi€t
2
n <Z;L—1 1mi€t2) (Z?ﬂ Loty (m(mi) +e) 30 laes(m(zi) + €i)>
Z?:l 1mi€t Z?:l 1mi€t2 Z?:l 1wi€t ,

and the ties are broken randomly; the definition of splits here is the same as the one given in the remark
before Proposition 1.

Additional remarks for splitting in this case with binary features are as follows. Due to the definition
that % = 0, for any trivial split (j, ¢), which is a split gives a daughter cell t with P(X € t/) =0, it holds
that (II)t’t(j’c) =0 and (I1);4(j,c) = 0. If all coordinates in some © have already been split, the CART
stops splitting; to have well-defined level k trees, we allow CART to make trivial splits that give empty
sets as daughter cells, and we define daughter cells of an empty set to be two empty sets. As a result,
T(©1.x) may contain empty end cells.

To bound the two terms on the RHS of (A.44), our first step is to show that the the sample

CART split (3, 1) for each cell t is “very close to” its theoretical CART split counterpart (j*,¢*) =
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argsup;ee cet, (I1)¢,4(j,c), in the sense as in iii) of Lemma 4 below. To get Lemma 4, we need an event
U,, defined as follows.

Denote by G,, the collection of all end cells of trees of level lower than log,(n), and the cells are formed
by using the splits (1,1),---(p,1). A direct calculation shows that

[logz(n)]

#G, < Z <i> 2k <14 plos2(Mnlog,(n). (A.46)

k=0

Define events

Qi) = {[Em(X)1xer) - Zlm celm(@:) + 1)

< (log,(max{n,p})) * = \/m @},

Qult) = {[PX € ) 1Y 1 ce| < (10, (maxin ph) +*  FEEDY

n
=1
Un = (Ntea, Q1(t)) N (Neea, Q2(1)).

Note that U,, depends only on the training data &), and is independent of X, which is the independent
copy of x1. It holds that

P(US) = o(n™ 1), (A.47)

whose proof is deferred to the end of the proof of Proposition 1.
With event U,, we introduce Lemma 4 below, whose proof is also deferred to the end of the proof of
Proposition 1.

Lemma 4. i) For every t and every split (j,c), it is either (I1)g4(j,c) = ’%2 or (I1)¢4(j,c) = 0. In addition,
on Uy, for all large n, it holds that for every end cell t of trees of level k < nlog,(n) — 1,

ii) For every 1 <j <p,

Yici leiet | 77
‘(1716 (I1)y 451y — P(X € 6)(IT)g.4(5.1)

(Xet)

< 18(M. + 2Mp)? (log, (max{n, p})) > -

iii) For each feature restriction © and the sample CART split (37 1) given in (A.45),

I, ,~,,= sup ([I o)
( )t,t(j,l) je@,cetj( Jt.,t(jsc)

Now, we deal with the two terms on the RHS of (A.44), and begin with the first term. By the specific
model setting assumed here, we have

E(m(X) —mz(©y,- - 7®kvX))2
((m(X) — (O, 7@,€7x))21Un) +E((m(X) —m5(O, - 7®k,X))21U$L) (A.48)

((m(X) (O, 7ek,X))21U,,L) +AMEP(UY),

where m%.(®1,--- , 0y, X) is defined to be E(m(X)) when k& = 0, which is a trivial theoretical random
forests model.

To further deal with the first term on the RHS of (A.48), let us define T*(01.x) to be a tree of level k
grown by theoretical CART splits with sets of available features specified as in ©1.;. We want to make a
connection between T' and T* as in (A.49) below. However, because theoretical CART and sample CART
split the cells differently, it is unclear whether the equality in (A.49) holds if ties are broken randomly. To
ensure such an equality, we additionally require that for all large n and 0 < k < nlogy(n), the theoretical
CART breaks ties such that

(m(X) —m7.(©1,- -, 0, X))*1y, = (m(X) —m5(Oy,---,0, X))*1y,,

n
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which is possible because of iii) of Lemma 4. Therefore,
E((m(X) - m5(@1,+ , O, X))1p, )
= E((m(X) = m}. (©1,+++, O, X))1y, ) (A.49)
2
<E(m(X) = mp. (01, , 0y, X)) .
To deal with the first term on the RHS of (A.49), we need (A.50) below. For each k > 0,
2
]E(m(X) (O, O, X)) < (1= 70(s*) "1 Var (m(X)). (A.50)
In addition, if it is known that «y = 1, a sharp squared bias upper bound can be obtained by
2 B?
E(m(X) — M (O1,- -, O, X)) < max {(s* - k)4,0} (A.51)

for each k > 0. On the other hand, the second term on the RHS of (A.44) is bounded by (A.52) below.
For each 0 < k < nlog,(n),

2
E(m (O, X) = (O, X, X))

9 ok ( log, (max{n, p})) e

(A.52)

< (3Mo + 2M) + (2My + M.)*P(UY).

The proofs of (A.50)—(A.52) are deferred to the end of the proof of Proposition 1. We also give some
intuition in Remark 10 in the proof of (A.52) for improving the estimation upper bound. The results of
(A.44) and (A.47)-(A.52) lead to the desired result, and hence we have finished the proof.

Let us give a closing remark. It is seen that both estimation variance and squared bias analyses rely
on the event U,,. A general version of such an event is used for random forests analysis for general cases,
and the technique is called “the grid.” A brief introduction of the grid for general cases, which is far
more complicated than the simple case here, can be found in Section 5. In addition, the bias analysis
(A.48)—(A.50) is a simple version of the one in Section 4. As remarked after Proposition 1, the general bias
analysis depends on the sample size since the optimal split on each coordinate is unknown and features
are dependent.

Proof of (A.47). To bound the probabilities of the complements of the events Q1(t), Q2(t), U,, with con-
centration inequalities, we need the variance upper and lower bounds and (A.54) below. For each cell
t

)

Var(1lz,et) =P(X € t)(1 —P(X € t)),

Var(e1)P(X € t) < Var(lg, ce(m(z1) +¢1)) (A.53)
= Var(lg,em(z1)) + Var(e))P(X € ¢)
< (2ME + MAHP(X € t).

Since ¢ is constructed by at most k < nlogy(n) cuts,
P(X et)>n"". (A.54)

By Bernstein’s inequality [3, 4], (A.53), the assumptions of i.i.d. observations and bounded regression
function and model errors, (A.54) and that (log, p)2*¢ = o(n'~"), it holds that for all large n and every

t,
B(Qu)) < 2ep ( —8mxtn Pl (A.55)

and if P(X € t) < 1, for all large n,

P((Q2(2))) < 2exp ((loge(maz{mp}))”ﬁ ) ’ (A.56)
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and if P(X €t) =1, foralln > 1,
P((Q2())%) =0, (A.57)
since P(X €t) =n"tY " 1g,e0=1.
By (A.46) and (A.55)—(A.57) and the assumptions of i.i.d. observations, a bounded regression function,
and bounded model errors, it holds that

1

P(US) <2 x (1 +plog2(")nlog2(n)) X 2exp ( 3(]oge(max{n,p}))2+e)

(A.58)

=o(n™"),

which finishes the proof.
]

Proof of Lemma 4. The first assertion can be shown by a direct calculation and hence we omit the detail.
Let a feature restriction © be given. The third assertion is a result of the first two assertions and that

P(X et)>n"", (A.59)

which is due to that t is constructed by k < nlogy(n) — 1 cuts. Specifically, suppose the first two
assertions hold and let (j*,c¢*) = arg SUPjce,cet, (I1)¢,4(j,c) and 41 such that (I1)¢4(jt,1) = 0 be given. If
SuPjeo cet, (11)tt(j,c) = 0, the desired result is obviously true. Suppose otherwise sup;ce cet, (11)t.t(j,c) =

%2 (by the first assertion). By the fact that features are binary,
(IDex 1) = T (),

which in combination with sup;ce cei, (11)tt(j,c) = %2 and the second assertion leads to

Zﬂz lmq‘Et T
(2171 (L1)g 45+ 1)

> %P(X € t) — 18(M: + 2My)? (log, (max{n, p})) * @'

Meanwhile, by (I1);4(;t,1) = 0 and the second assertion,

2 [P(X €8) > (Z:‘l—l lmiet> TR

18(M. + 2My)?(log, (max{n, p})) ? ~ - (L4 451 1)

Combining these and (A.59), (log, p)**¢ = o(n'~"), it holds that for all large n,
Z;L: lpct\ 75 Z:L: lect\ 75
<1n (D) 45 1) > IT (I 45t 1)

which in combination with the fact that

Z?: lmiet T Z?: 1mi€t T
( L) (I 4, > L2 ) (TD), a0

— —

which is due to j* € ©, implies that (I1), ;) > (I1) 4;+ 1) for every such (57,1). Therefore, we have
(II)t,tG,l)

In the following, we prove the second assertion. Let us consider a cell £ and a split (j,1). If the jth
coordinate has already been split, the desired result is obviously true. Therefore, we suppose the jth
coordinate of ¢ has not been split on. Let ¢; and t2 denote the two daughter cells, respectively. Our goal
is to deal with the difference

> 0 in this scenario. This together with the first assertion concludes the third assertion.

21;1 lpet\ 5
\ SELZE ) (1), ) — BOX € DD e - (A.60)
where
Z?: 1zi€t T
(==t ) W
_ (Z?:l l:z:ietl ) ( ?:1 lmieh (m(wz) + Ei) _ Z?:l lmiet(m(wi) + Ei))z (A 61)
n Z:l:l 1mi€t1 Z?:l 1mi€t ’

n <E?:1 1‘z’iet2> ( i1 Laiet, (m(mi) ) 300, Layce(m(z:) + 51’))2
n Z?:l 11:1 €ty Z:L:l 1Ei€t '
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and
P(X € t)(I)14(1) = P(X € t)(E(m(X)|X € t1) — E(m(X)|X €t))?

FP(X € o) (E(m(X)|X € ts) — E(m(X)|X €)% (4.62)

We begin with the difference between the respective first terms of the RHS of (A.61)—(A.62) as follows.
n n n 2
‘ (Zi_1 1act, > (Zi_l Loct, (m(xi) +i)  2in Lasee(m(e) + Ei))
n Z?:l 1m7‘,€t1 Z?:l lmiet
~B(X € 8)(E(m(X)|X € t2) ~ B(m(X)|X € t))?

n n n 2
< ‘ (Zi—1 1p.et, ) (Zi—l 1y, (m(:cl) + 5i) . Zi:1 1€Eiet(m(m’i) + 51‘))
B n Z?:l 1mi€t1 Z?:l 1Ei€t

(A.63)
A
- (Z—lna> (E(m(X)|X € t;) —E(m(X)|X €t))?
Z?:l laict, 2
== ) B(X)IX € ty) — E(m(X)|X € t))
—P(X €t1)(E(m(X)|X € 1) — E(m(X)|X €t)?],
and that the difference between the first two terms on the RHS of (A.63) is bounded by
’ <Z?—1 1wiet1> (Z?—l Loet, (m(@) +e) 37 Layee(m(z:) + 5i)>2
n Z?:l 1z,et, Z?:1 1g,ct
o 1get,
- (ZEmE ) B (01X € 1) - Em(X)IX € 1)
(A.64)

A o1y, i i
< (Zl_l Zeu) (’lel Znetl (m(x;) + ;) —E(m(X)|X € tl)‘
n Yie1 laiets

Yoy Laet(m(@m:) + &)
E?:l 1€Bi€t

where we use the identity a? — b? = (a — b)(a + b) and the assumptions of a bounded regression function
and model errors.
Two terms of differences on the RHS of (A.64) can be further bounded respectively as follows.

+ )E(m(xnx et) -

)(2M€ +4My),

2?21 1wi€t1 (m<wz) + Ei)
- ~E(m(X)|X € t)|

i=1 ]'qu‘Etl
[P S L i) ) Em(X)1xen)
n-t 21;1 1wi€t1 n=t ZZL:l 1wi€t1
E(m(X)lxer)  E(m(X)1xcn) )
NI 1giet, P(X €ty) :
"1, -t "1, ; ;
S (Zz—l X, €t > (’ lel x; €ty (m(mz) + 51) . E(m(X)]-Xetl)
n n
E(m(X)]'XEtl) ZT‘L—1 1oty
— L VP X ety) - == "
P(X S tl) ( < 1) n )7
and similarly,
"1 ; ;
i et @I E) ) x 1)
Dic1 Laet
n —1 n
< (Zi_lnlmiet> ( 2ic1 1miet£m(wz) ) (X 1xer) (A.66)

4 BOOLxen) | o ¢ gy Tt Lo )

P(X e€t) n
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On the other hand, by the assumption of a bounded m(-), the last two terms on the RHS of (A.63) is
bounded by

) (Z?_lsmetl) (E(m(X)|X € t;) — E(m(X)|X €t))?

—P(X ct))(Em(X)|X € t)) —E(m(X)|X €t)? (A.67)

A
< 4M02‘M —P(X € t1)‘~
n

By (A.61)—(A.67), it holds that for all large n and every end cell ¢ of trees of level k& < nlog,(n) — 1,
on U,,

Z:L: 1371, t T
mjax’ ( L2 ) (T, )~ PX € t)(u)m(j,l)‘
5 5 9 2 [P(X €t)
< 2((2ME + 4Mp) x 2(y/2M2 + M2 + M) + 4M0) (log, (max{n, p})) ===

24 P(X €t
< 18(M. + 2M0)2(loge(max{n,p})) 2 %
This and the argument before (A.60) conclude the second assertion, and hence we have finished the
proof.
[ ]

Proof of (A.50). The proof idea follows that for proof of Theorem 3, but is much simplified as the
theoretical tree growing rule T™ is considered here. In what follows, we deal with the case where there
are no random splits first (see the end of this proof for details). Let us start with an expression for the
LHS of (A.50) in (A.68) below, which can be obtained by direct calculations when there are no random
splits. It holds that

2
]E(m(X) - m*T*(@Lk,X))
- Z IP>(®1:k = 61:k) Z P(X € tk)v(tk)

O1.1 (t1:1)€ET*(O1:1)
=) PO =01x) Y. P(X €t 1)P(X €t X €ty 1)V (ty)
O1.% (t1:6)ET*(O1:x)
I X
= Z P(©1.1 = O1.1) Z P(X € tkfl)()tk%
O1. (t1.6)ET*(O1.1) (A.68)
Vit,_1)— (11
= Zp(el:k = 61:k) Z P(X € tkfl) ( d 1) 2< )tk717tk
O1:k (t1:6)ET*(O1:x)
= Z P(®1.x—1 = O1:6-1)
O1:6-1

Vi(tk—1) — (I1)¢),_, 2,
2 bl

X ZP(@k = Gk) Z P(X S tk—l)
Ok

(t1.x)ET*(O1.%)

where V(t) = Var(m(X)|X € t), the third equality follows from the definition of (I)s, ,+, and the
fact that there are exactly two daughter cells after each t;_1, the fourth equality is due to the identity
Var(m(X)|X € t) = (I)ee(,e) + (I)g () for every t and j,c € t;, and the last equality is from
the independence between column sets. In addition, we let Var(m(X)|X € t) = 0, (1), = 0, and
(IT),y =0ift =t =0.

To proceed, we separately deal with tree branches in the tree T*(01.;) as follows. There are 2¥ distinct

tree branches t1.; in T7*(©1.;), and we call the first two of these tree branches “the first tree branch of
T*(©1.),” whose corresponding last column set restriction is ©y, 1 (recall that © = {Op 1, , O oe-1}).
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See Figure 4 for a graphical illustration. Since column sets are independent,
RHS of (A.68)
= Z P(®1.—1 = O1:5-1)

O1:k—1

X (ZP(@k = Oy) Z P(X € tp_1) V(te-1) _Q(Ij)tk,l,tk
O

The first tree branch of T*(01.;)

V(te—1)— (11
+Z]P)(®k = Oy) Z P(X € trp_1) (Fs-1) 2( hk*lik)
O Other tree branches of T*(01.)
= Z P(®1:x—1 = O1:6-1) (A.69)
O1.5-1
V(tk—1)— (11
X (Z P(®,1 = O,1) > P(X € t_y)L B 2( St
Ok 1 The first tree branch of T*(©1.)
+ Z P((®k,2, ;O ov—1) = (Ok2, -+ , O 26-1))
Ok,2: O Hk—1
Vite1) — (ID)e,_, .0,
><< Z P(X € tp1) (tr-1) 2( )tk 1%)).

Other tree branches of T*(©q.j)

Now, let us say a good column set restriction ® w.r.t. a cell ¢ is such that SUPjce,cet, (ID)¢ i) =
SUDje(1,... p}.cet; ({])tt(5,0)- Because m(X) € SID(s*), it holds that for a cell ¢,

V(t) — SUD o cet, (IT)g () < (1= (s*)"HV(¢), if O is good, (A.70)
V(t) — Supje@7cetj (II)t7t(j,c) S V(t), 0. W.
By (A.70), we deal with the first tree branch as follows.
V(tk—1) — (11
3" P(©r1 = O41) > PX € ty_y) L =) 2( st
O 1 The first tree branch of T*(©1,y)
1— (") " HV(ts_
Good Oy 1 The first tree branch of T*(©1.)
+ Z P(®k1 = O 1) Z ]P(X Gtk_l)m>.
’ ’ 2
Bad Oy, 1 The first tree branch of T*(01.)

Notice that the end cell ¢ is not needed on the RHS of (A.71), and that the first tree branch consists
of exactly two daughter cells. Let ¢q,--- ,tx_1 denote the first tree branch. Then,

RHS of (A.71)

_ < S (@1 = 0 )B(X € b 1)(1— (5) )V (ts)
Good Oy, ; (A.72)

+ > PO =01)P(X € tk,l)V(tk,l))

Bad © 1

Furthermore, recall that the probability of having a good column set is at least -y according to our
model assumption. Specifically, the probability of having any active j in @ is ~g; if no active feature is
left for ¢, then © is a good column set with probability one. By this and the fact that 1 — (s*)~! < 1,

RHS of (A.72)

< (70 XP(X €t1)(1—(s) ")V (te-1) + (1 = 70) x P(X € tkl)V(tk1)> (A.73)

< <(1 — () ) x P(X € tk_l)V(tk_1)>.
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Next, we apply the argument for (A.71)—(A.73) to other tree branches in (A.69) and obtain

RHS of (A. 69)
< (1 —"0(s ) Z (O®1:6-1 = O1:6-1) Z P(X € tp_1)V (tk—1). (A.74)

O1:k-1 (t1:5—1)ET*(O1:-1)
To conclude, we recursively apply these arguments to show that
RHS of (A.74) < (1 —y(s*)"H*V (to),

which leads to the desired result.
Lastly, to consider random splits, we let “Random splits” denote the random parameter of these
random splits, and hence

E(m(X) — mi- (@14, X) )2

E(]E(( (X) —mh (@14, X ))2\ Random splits))
<E((1—70(s)"H)*V (%))
= (1= 0(s") """V (o),

where the inequality is due to the previous arguments. This concludes the proof.
|

Proof of (A.51). Recall that 7y = 1 means that the all column sets contain all features, and that the
forest model is essentially a decision tree model. In addition, recall that the total variance is
52
Var(m(X)) = S*I. (A.75)

Since the tree model is grown by using theoretical CART, by i) of Lemma 4, the first split is on one
of the first s* coordinates; the total bias decrease for the first split is %2.

Next, we split the resulting two daughter cells by using theoretical CART. Each split results in condi-
tional bias decrease of an amount of i , and that each daughter cell ¢ is such that P(X € t) = % Hence,
the total bias decrease for the second spht is %% + 3 1 '8 ’ %2.

These steps repeat until there are no active features to be split; we see that at each level k < s*, the

total bias decrease is %2. By (A.75) and this argument, we conclude the proof. |

Proof of (A.52). By (2), (10), and the assumptions of a bounded regression function and model errors,
. 2
E(m (©1, X) fmf(@lzk,x,xn))

7
< IE(]_U71 Z letkE(m(X)|X € tk)
(t1:6)E€T(O1:1)

_ Z Ixee, Yoy Laset, (m(x:) + Ei))2 +(2Mo + M5)2]P’(U£) (A.76)

n
T 1
(t1.6)ET(O1.1) Lo Loen,

2imy Lt (M) + Ei))2>

n
Zi:l 1g,cty

= IE(]_U71 Z 1X€tk (E(m(X)|X S tk) —
(t1.)ET(O1.1)
+ (2Mo + M.)’P(US),

where the second equality is due to the fact that 1xc¢ X 1y =0if £N t =0
The RHS of (A.76) can be further dealt with as follows. By the model assumptions, for every end cell

t of trees of level k,
P(X ct)>27" (A.77)

For every end cell ¢; in (A.76) with 0 < k < nlogy(n), it holds that either ¢, € G,, or t; is an empty
set. If ;. is an empty set, by the definition that % =0,

Yici Loien (m(x:) +e1) _ (A.78)

E(m(X)|X € ty) - =S
i=1 T Tl



/High-Dimensional Random Forests 21

On the other hand, on U,, for each cell t; € G,

Z;L:l 1Ei€t1c (m(wl) + Ei)
Z:I:I lwietk

‘E(m(X)lxetk) =t Laen, (m(i) + i)

’E(m(X)X €ty) —

P(X € ;) P(X €ty)
n ’nfl Yt Loser, (m(@s) + &) 0L, lasen (m(xi) + 1)
P(X c tk-) E?:l 1031‘6%
1 Z’L 1p.ct, (m(x;) +€5)
< —————|E(m(X)1 — L
T P(X e tk)‘ (m(X)1xer) n (8.79)

N i1 Laer (m(:) + €i)) ’ Z;L:zjwfetk _P(X e tk)’

IP(X € ty) ( Z?:l 1g,et,

1 2te [P(X € ty)
< 2 2 2
< 7P(X = (\/2M§5 + M2 + My + ME)(loge(max{n,p})) —

2+e

2

log, (max{n, p}))
vn ’
where the third inequality is due to event U,, and the assumption that t; € G,,, and the last equality is

due to (A.77) and the subadditivity inequality.
By (A.76), (A.78)—(A.79),

< 253 + 201 ¢

2
E<m (Gl:ka X) - mf(gl:ka Xa Xn))

2+e€
2" (log, (max{n, p})***
n

*
T

< (3Mp + 2M.) (2Mo + M.)*P(UY),

which concludes the desired result.

Remark 10. Let us give some intuition for how to establish a sharper estimation upper bound that
depends on vg. The way we deal with the estimation variance here is to bound the squared differences in
(A.76) directly; essentially, we establish the estimation variance upper bound for each tree. Notice that
the end cells for each tree f(@l;k) are exclusive, but end cells of distinct trees are not exclusive. Our
intuition is that it may be possible to aggregate distinct trees and sharpen the estimation upper bound.
The new upper bound should depend on 7y since column aggregation (i.e., the expectation over @1.x)
depends on 7y. An example of utilising column aggregation for analysis can be seen in our bias analysis
in (A.50) and Section 4. There, we argue that the overall squared bias of a forest is controlled instead of
arguing that each tree’s bias is controlled, which is not right since there are always trees with high bias
and trees with low bias in a forest with 7y < 1 and all possible trees.

B.4. Proof of Lemma 1

Recall that &), denotes the n i.i.d. observations and X is the independent copy of @;. Let ¢ = n~? and
T¢ and U, be as defined in Theorem 4. See Sections 4.2 and A.6 for the definitions of T¢ and event Uy,
respectively. The main idea of the proof is the same as that described in (23), but in the formal proof, it

is fc instead of 7' that satisfies Condition 5. For details, see Theorem 4 and Remark 9. An application of
the triangle inequality leads to

E (m(X) ~ m3 (@14 X))
= E ((m(X) = m (@14, X)) — (mx(®r4, X) - m}c(®1:k7x)))2 (A.80)

<2 (E (m(X) —m (O, X))2 +E (m;(®1;k7X) - m;’zc(@l:k»X))2) :

From Theorem 4, we see that for all large n, on event U,, TC with ¢ = n~? satisfies Condition 5
with k = |[clogyn], e =n~", and ay. Observe that if a tree growing rule satisfies Condition 5 with k, it
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satisfies Condition 5 with each positive integer no larger than k. By that X, is independent of X and O,
that U, is A,-measurable, Condition 4 (which states that sup.¢jo 170 [m(c)| < Mo), and Theorem 3 with
e =n~", it holds that for each 1 < k < clogn,

2
E [(m(X) — m;:c (@1;k,X)) ‘ Xn] 1y, < ajaen™ "+ (1 —yolaran) )P M. (A.81)
Then by (A.81) and Condition 4, it holds that for all large n and each integer 1 < k < clogn,

E (m(X) -~ m} (014, X)) =B {(m(X) 3 (014, X)) 1Un}

e Rm(X) - mi (O1:, X))2 1U5] (A.82)

< aroon™" 4 (1 —yo(aran) HEME +n~t
Here, to bound the second term on the RHS of the equality above, we utilize Condition 4, standard

inequalities, and that P(US) = o(n™1).
On the other hand, by Condition 4 we have sup.c( 1j» [m%(c) —mZ (¢)| < 2Mjy. By this and the fact
' ¢

that there are at most 2 cells at level k, it holds for each O, --- ,©; that on ﬁle{Gl =0},
* * 2 k 2
E [(mf(el,... Ok, X) —m (O, 7®k,X)) ‘ e, ,@k,xn] < 2% (2My)>. (A.83)
Hence, we can conclude that for each 1 < k < clogn,
2
E (m*f((al;m X) - m*ﬁ(@l:k,X)) < 2M2gg. (A.84)

Therefore, in view of (A.80), (A.82), and (A.84), it holds that for all large n and each integer 1 < k <
clogn,

2
E (m(X) — m&(O1:k, X))
<2 (4M02n_52k +araan™ 4+ Mg (1 —yo(araz) 1)) +2n71,

(A.85)

which concludes the proof of Lemma 1.

B.5. Proof of Lemma 2

The main idea of the proof for this lemma is based on the grid and has been discussed in Section 5. Let
the grid be defined with positive parameters p; and ps; see Section A.1 for details of these parameters.
With the grid and by some simple calculations, we can write

2
E (m5(©1, X) = ip(@r4, X, X))
= E(m%(glzka X) - m*f# (®1zka X) + m*f# (®1zka X) - fﬁf# (61:k‘7 X, Xn)
2
+ iy (O, X, Xy) — s (O, X, Xn))

) (A.86)

< 3(E(mH(@14, X) — mi, (O, X) )
2
+E(m, (O, X) = gy (O, X, X))

2

Py (O, X, X,) —mf@m,X,Xn)) )

Let us choose min{l,v + 1/2} > A > 1/2. Then it follows from Lemma 3 that there exists some
constant C' > 0 such that

2 2
]E(m}(@l;k, X) — miy (O, X)) + E(mf# (@14, X) — (O, X, Xn)) A7)

< C2FnEtY,
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Recall that conditional on &, T is essentially associated with a deterministic splitting criterion. By this
fact and Theorem 5, we can deduce that

—E [JE ((m*f#(@lzk,X) — Mgy (O, X, X"))z ‘ O, Xﬂ (A.88)

2
<E supJE[(m;#@l:k,X)—mT#@l:k,X,Xn)) \@1;k7xn]}

where the supremum is over all possible tree growing rules. Therefore, combining (A.86)—(A.88) completes
the proof of Lemma 2.

B.6. Proof of Lemma 3

Recall that X,, denotes the n i.i.d. observations and X is the independent copy of ;. The parameters
A ¢, C are given by Lemma B.6. Essentially Lemma 3 shows that the population means conditional on
an arbitrary cell ¢ is very close to those conditional on cell t# in terms of the .2 distance. In addition
to the population means, Lemma 3 also considers the deviations of the sample means. To control those
deviations, we exploit the results in (A.2) and (A.7), the moment bounds of the model errors, and
Condition 4 (which states that supecp,1)» [m(c)| < Mo). In what follows, we first establish the bound in

(28). By Condition 4, we have that for each n > 1 and k > 1,
91:197 Xn)]

o Xﬂ) (A.89)

E (mis (O14, X) — ma (O, X))*

2
=E [IE ( Z (m*f#(@lcmX) - m%(@hk,X)) 1xce,
(t

1otk ET(O1,)

2
< E[E( Z (m%# (O1:1, X) — m*f(Ql:k,X)) Ixet,
(t1, 1) ET(O1,1)
P(XEty)>n7!

+ 2k(nA1)(2M0)2}

It follows from Condition 4 and the definitions of the sharp notation and the population tree model
that for each n > 1 and k£ > 1,

RHS of (A.89)

# 2
<E|E 3 (E(m(X) | X € ty) —E(m(X) | X € tf )) Lco et
(t1,,tp)ET(O1,1)
P(X ety)>n>1
2 k A—1 2
+ (QMO) 1X6tkAtz# 91:k7 Xn) +2 (n )(2M0) (AQO)
2
<E E( 3 (E(m(X) | X €te) —E(m(X) | X € tk#)) Ixet,
(t1, 1) ET(O1,1)

P(Xecty)>n>"1

+ (2M0)21X€tkmﬁ + 2871 (2Mp)2.

el:k7 Xn)

To deal with the RHS of (A.90), we need to establish an upper bound for E(m(X) | X € t;) —
Em(X) | X € tk#) In light of Condition 2 (f(-) is the density of the distribution of X), (A.2), and
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Condition 4, it holds that for ¢; in (A.90) with P(X € t;) > n®~! and 1 < k < clogn,

‘E(m(X) | X €ty) —E(m(X) | X ¢ t;f)]
Em(X)1xes) E(X) o) EmX)le s)  Em(X)lg )

P(X € ty) P(X € tg) P(X € ti) P(X e tf)
E(m(X)1xet, ae#) E(lm(X )leetf) ’ _P(X € t7)
= P(X et P(X ctf P(X et
( k) (X € tf) ( k) (A.01)
MoP(X € tp At?) | BX € t7)
= P(X €ty) 0 P(X € ty)
MoP(X € tyAtl)
= P(X € t;)
pl-A
< 2My(sup f)(clogn) ——— ST
where the third inequality follows from |P(A) — P(B)| < P(AAB) for two events A, B.
Then by (A.90)-(A.91), we have that for all large n and each 1 < k < clogn,
pl-a
RHS of (A.90) <E|E Z <2M0(sup f)(clogn)—— s ) Ixet,
(t1, tx)ET(O1.1)
2 k(A 2
+(2Mo) ey nep | Oriks Xn) +28(n® 1) (2Mo) (A.92)

1-A
<2 <(2Mo(supf)(010gn) ) (@) (sup ) (elog m) 11,31))
+ 25 (1) (2Mp)?,

which leads to (28).

We next proceed to show the bound in (29). Let A with 1/2 < A < A and sufficiently small s > 0
be given such that A = A — 2s. Let us define C,, := N™_,{|e;| < n*}. Observe that for each n > 1,
conditional on X, we have

1) For each ©y,---,0y and tree growing rule, sup,co 11» [N (O1:k; €, Xn)| < 304 [uil;
2) For each ©4,---,0; and tree growing rule, SUPcco,1)p |7 (©1.%, ¢, X)) |1e, < Mg+ n®.

We further define an X,,-measurable event
E, =C,NA;s(|clogn|,A)N A,

where the event A3(|clogn], A) is given in Lemma 7 in Section C.1 and A is defined in (A.6). In particular,
event As(|clogn|, A) says that the number of observations on each cell ¢ on the grid constructed by at
most |clogn| cuts and with P(X € t) > n®~! is no less than n'/2.

Then by property 1) above, the Cauchy—Schwarz inequality, and Minkowski’s inequality, it holds that
foreachn > 1 and k > 1,

2
(@14, X, X,) — (@1, X, X))

My
N =N 2
S E ‘yl ]-E,?L + (mff# (91:1@7 X7 Xn) - mf(el:ka X, Xn)) ]-E,,L
(A.93)

§4Z

=1

2
+E ((mf#(el:k7X7 Xn) - ﬁf(®1:k7X7 Xn)) 1En> .

~~
=
&
e
—
—
~
N
N——
o
~/~
~
—~
3
~
—
|

To bound the second term above, from the aforementioned property 2) and some basic calculations, we
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can obtain that for each n and 1 < k < clogn,

2
E ((ﬁlf# (®1zk7 X7 Xn) - ﬁl’f’(Ql:k’ X’ Xn)) 1E”) (A 94)

Xna 91:k>‘|

and the second term on the right-hand side of (A.94) is the upper bound for a term similar to @ but
summing over {t; : t1.; € f(@mc)} with P(X € t;) < 2n27L.

To further deal with @1, we need the following results (A.95)—(A.96). Due to Condition 2, (A.2), and
the fact that k < clog,(n), for all large n, it holds that if P(X € t,) > 2n®~', then

< Q1+ 28202 Y (2(Mo + n*))?,

where

Q1 =E

m n 2
E( Z (M7 (O, X, Xp) — Mz(Or, X, X)) 1xet, 1E,
(t1:1)€T(O1.1)
P(X €ty)>2n"""

P(X € tf) >n®1. (A.95)
In addition, it follows from the definition of sharp notation and property 2) above that for each (¢1,- - ,tx) €
T(®1:k)7
. ~ 2
(mf# (61 kX, Xn) - mf(@hlw X, Xn)) ]'Xetk 1En
2
i H _ s\\2
< ((y(tk ) - y(tk)) 1Xetkﬁtk# + (2(My +n )) 1X6tk\tf> 1g, (A.96)
2
< ((068) = 5(0) Loxen, + (000 4 1) P g ) 15
where for each cell ¢,
) = et
’ #{Z X € t}’

and y(t) is defined as zero if the denominator is zero.
By (A.95)—(A.96), for all large n and 1 < k < clogn,

RHS of (A.94) < Qa + 28(2n®~1)(2(Mp + n*))? (A.97)

Xm@1:k>]-

E[IE( > ((y(tf) - g(tk))2 Ixet, + (2(Mo +”5))21x6mtf) 15,

(t1:)€T(O1.)
P(Xety)>2mn>""
P(Xxet¥)>ns1
In what follows, we deal with g(tk#) — g(tx). By simple calculations, for every ¢y,
() — utr)
Zmietk# yi Yt Yi
#li-metly #lirm et}
i € ) (Sacrp ) — Bl m € ) (Srer, )
#{i: @ € t]}) x (#{i: xi € ;)
#li: @ et]}
n #{Z L X; € tk} — #{Z 1 X; € tzé} Emietk Yi
#li @ ct]} #{i:x; € ty}

- Ywerraclm@) +leil)  wfi: @ € AL} g cq, (Im(@)] + [e])
- #li @ ct]} #li:x ct]} #{i:xi €t}
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By the definition of A3(k,A) (in Lemma 7; recall that A > %), for each t; satisfying the conditions
specified in Q, .
#i:x; € tk#} >n2.

By this, (A.7), Condition 4, and the fact that k& < clogn, it holds that on E,,, for each t; satisfying
the conditions specified in )9,

2(My + n*)c(logn)?+rz

n

RHS of (A.98) < (A.99)

)

D=

where we recall that ps > 0 is defined in (A.6).
By (A.98)-(A.99), (A.2), and A = A + 2s, there exists some constant C' > 0 such that for all large n
and 1 < k < clogn,

RHS of (A.97)

<o ((2(1\40 + n*)c(log n)“""’)2 L 200 + ns))2> + 2820271 (2(Mo + n*))?

[N

n " (A.100)

2 442py _
< 2% x (2(Mo + n%))? x (% + QnAfl)

< C,2knA—17

which gives the bound for the second term on the RHS of (A.93). For the first term on the RHS of (A.93),
in view of Conditions 34, we have

(Z?:I(Elyi|4)l/4>2 _ 0(1)

n2
and by Lemma 7, (A.3), and Condition 3 with sufficiently large g, it holds that
P(ES) = o(n~°).

Therefore, combining these results, (A.93), and (A.100) yields (29), which concludes the proof of Lemma
3.

B.7. Lemma 5 and its proof

All the assumptions and notation in Lemma 5 below follow those in the proof of Theorem 4. In particular,
we set k = |clog (n)].

Lemma 5. There exists some constant C' > 0 such that on event Az(k + 1,A) N A, it holds that for all
large n and each set of available features, each t constructed by less than k cuts with P(X €t)>n?°
and its daughter cells t, t', and t* satisfy the following properties:

1) cf(t) is not random (i.e., cT(t) is an element in (A.29)).
2) [(I1)g 41 — (I)ge| < Cn=3.

3) (II)t,?Z (—U)t,ﬁ'
Proof. Let us assume that property 1) holds for the moment. Then by the definition of (I/I\) and the
definitions of ¢ and t' (they are both daughter cells of ¢t and the corresponding cuts are along directions
subject to the same set of available features), we have that if c¢f(¢) is not random, then it holds that

—

(II), ;> (II), 4+, which establishes property 3). From (A.30), the assumptions of Theorem 4, and some
simple calculations, we can see that there exists some constant C' > 0 such that for all large n and each
set of available features,

(1) g4t — (I )g4+| < Cn%,

which proves property 2). Note that (A.30) holds for each feature restriction O.
Now it remains to establish property 1), which means we have to show that the set (A.29) is not empty.

For each cell t = X?zltj, define a cell

I(t,h,[) ::t1><"'><th_1><l><th+1><~.-><tp
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for h € {1,---,p} and an interval I C [0, 1]. Denote by R(t, h,d) a set containing all the intervals J
such that J C t, and P(Xj € J|X € t) = n~%. Observe that if cell ¢ is constructed by less than k cuts,
then I(t,h,I) with I € R(¢,h,d) is constructed by at most k + 1 cuts. For each integer k, define Hj, as
the set containing all cells constructed by at most k arbitrary cuts (these cuts are not necessarily on the
gridlines). Let us define an event

B(k): ]P’(Xet)ngl‘; _— ; loerenn <1,
he{l,---,p}, I€ER(t,h,0)
where the infimum is over all ¢, h, and I such that the conditions hold. Then we can see that on event
(B(k))¢, property 1) holds, where the superscript ¢ denotes the set complement.
Next, recall some notation related to the grid defined in Sections 5 and A.1, including ¢, the event
A, and parameters p; > 0, p2 > 0. By A < 1—2§ (see (A.28) for the definitions of 4, A) and Condition 2,
for all large n we have

B(k) C inf Z lmieI(t,h,I) <1 ) (Al()l)
POXED)> (n® 4 (b)) 2L )n?, 1o

tEH,_1, he{l,,p}, IER(t,h,5)

where we use n~% > (nA_l + (k+1)upt )n‘s for all large n because of A < 1—2¢ and k = |clogn|

[nitei]
(recall that k is defined to be |clogn] in this proof). Notice that the infimum on the RHS of (A.101) is
over the cells in

W= {I(t,h,]) P(X €t) > (nA_l T (k+1) [Z‘EL)MJ € Ho1,he{l, - phlec R(t,h,a)}.

Next, it follows from the definitions of R(t,h,d) and Hj, that for every n > 1,

- sup f
W c {t:terH,]P’(Xet)>nA 1+(k+1)[n1+p1]},

and hence for each n > 1,

RHS of (A4.101)

n A.102
c inf Y lge<l ( )
t: t€H 1, P(XEt)>nA—14(k+1) MS;};,{H P
Moreover, from (A.2) we can obtain that for each n > 1,
RHS of (A.102) C inf 1o ce <1, A.103
( ) ]P’(Xet#)znA’liZ; mict ( )
teHy 1 -
and by simple calculations,
RHS Of (A103) — P(Xetl#n)fznAfl ; (1:cri€t# + 1$i€t\t# - 1m¢€t#\t) < 1

teHy =

S (A.104)

n n

C lnf 1 LCt# T 1 CCtH AL < 1

P(Xet#)>nA—1 (1—21 x; l_zl x;
tEH 11 N -

Then by (A.7), which says 7| 1, cs#ae < (k+ 1)(logn)'**2 on A, it holds that for each n > 1,
RHS of (A.103)

n A.105

C inf D laerr <1+ (k+1)(logn) ™2 b nA[UA° ( )
P(Xet#)>n "t

tEH 41 -
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By k = [clog (n)], for all large n,

RHS of (A.105) C f 1., <n? U A°, A.106
of ( ) Xetl#n)>nA IZ s ( )
teEHy 11

where we also remove the intersection of the event A. By the definitions of G, x+1(A) and As(k + 1, A)
in Lemma 7 of Section C.1,

n n
1 1
inf E 1wn€t# <nz = 1nf E 1:73'€t <nz
P(Xet#)>n>~1 =1 ’ teGhn kt1(A) i1 ’

teEH 1 - -

= UteGr () {#{i 1 @i € 8} <n7}
= (As(k + 1,A))°.
By this,
RHS of (A.106) C (As(k+1,A))°U A (A.107)

Therefore, in view of (A.101)—(A.107), we can conclude that Az(k+1,A)NA C (B(k))¢, which leads to
property 1). This completes the proof of Lemma 5.

B.8. Lemma 6 and its proof

All the assumptions and notation in Lemma 6 below follow those in the proof of Theorem 4. In particular,
we set k = |clog (n)].

Lemma 6. There exists some constant C > 0 such that on event U, it holds that for all large n, each
cell t constructed by less than k cuts with P(X € t) > n™° and each daughter cell t of t satisfy the
following properties:

1) |(II)t,t’ - (If)t##(t/)#‘ < Cn_‘s.
2) (D) vy — (1) ()2 < C(n=0+2 4 =5 +2),
3) |G\I)t#7(t’)# - G\Dt,t" < C(n—5+2s + n_%+25).

Proof. We prove property 2) and the other two properties can be shown using similar arguments. Let t’
be the other daughter cell of ¢. From the definition, we can deduce that

|([I)t#,(t’)# - (II)t#,(t’)#|

#{i:x €
<‘ i wlet#} ( Y. FimedF - X I :czet#})

e )# z; ct#

SP(X e ()| Xe t#)(]E(m(X) | X e ) —Em(X)| X e t#))z‘

(A.108)
2
L|#tiwic ( , )
. > > 7
#{Z m’LEt } -LE(t”)# #{Z m'L ( } :Z:Et# #{7’ wlet }
" " 2
—P(X et )| Xe t#)(E(m(X) | X e@)*)—Em(X)| X e t#)) ‘
Without loss of generality, we need only to deal with the first term on the RHS of (A.108).
By Condition 4, we have that for each n > 1,
E et Yi
— =P 1y, < M, s, A.109
e (4.109)

Let us make use of three useful claims below, where we omit the presumption that ¢ is constructed by
less than k cuts, and that ¢ is the daughter cell of ¢. By (A.2), Condition 2 (f(-) is the density of the
distribution of X, which is the independent copy of 1), and the choices of A and § (A, d are defined in
Theorem 4), it holds that
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a) For all large n and each ¢ with P(X € ¢) > n~°

)

P(X e t?)>n~"1

)

b) For all large n and each t and t with P(X € t | X ct)>n%and P(X €t) >n~?
P(X € (t)#) >n?"1.

To show this result, note that by (A.2), that k = |clogn|, and the assumption that ¢ is constructed
by less than k cuts,

IP(X €t)—P(X € (t)#) < LclognJ[:pr{]v

and hence by the assumptions and that A — 1 < —24, it holds that for all large n,

P(X € (t)#) > P(X et) — |clogn| (:11‘1311 > =2 _ |clogn) [lelﬁiq S AT

Recall that p; > 0 is defined for the gird in Section 5.
c) For all large n and each t and t with P(X €t | X €t) <n % and P(X €t) >n~°

P(X € (t)* | X et¥) <2n?

To show this result, notice that

IP(X € t#) IP’(X €t)
‘ _P(X € (#)%) n P(X € (t)*) P(Xe(t))
P( X € t# P(X e€t) ]P>(X €t) P(X e€t)
- ‘(IP’(X €t)—P(X € t?))P(X € (
- P(X € t#)P(X €t)
< 2m°P(X € (t)#At)

= O(nié)a

P(X € (t)#) P(Xe (t'))‘

‘ +lP(X e (£)*AL)

where the inequalities uses the assumption P(X € t) > n~?% and the last equality follows from
(A.2). The desired result follows from this and the assumption P(X €t | X €¢) <n~?

We first consider the case of t and ¢ with P(X € t | X € t) > n~0. In light of (A.109) and
the above claims a) and b), there exists some constant C' > 0 such that on event U, (specifically, on
Ai(|clog (n)],A) N Ax(|clog (n)],A)), for all large n and each such ¢ and ¢ we have

2

#{Z Lq ( #} Yi
#{i: x; € t#} mz #{i:x, € (t) Z#{z mlet#}

iEt#

, , ) (A.110)
“P(Xe)*|Xe t#)(E(m(X) | X € (t)#) -~ E(m(X) | X € t#)) ’

’
7A N
<COn & 5,

where A’ is defined in Theorem 4.

For the other case of t and t with P(X €t | X € t) < n~?, it follows from (A.109) and the above
claim c) that there exists some constant C' > 0 such that on event U, for all large n and each such ¢
and t we have

LHS of (A.110) < C(n =2 4 =5 +2s), (A.111)

Therefore, combining (A.108) and (A.110)—(A.111), we can establish property 2), which concludes the
proof of Lemma 6.
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Appendix C: Additional lemmas and technical details
C.1. Lemma 7 and its proof

Let the sample size n and tree level k be given. Let G, ;. be as defined in Section A.1; for the reader’s
convenience, Gy, i, is the set containing all cells on the grid constructed by at most k cuts with cuts all on
the grid hyperplanes defined in Section 5. For A > 0, we also define G, ;(A) as the subset of G, i such
that if t € G, and P(X € t) > n®~! then t € G, x(A). To simplify the notation, the complement of
an event that depends on some parameters such as A(-) is denoted as A°(-).

Lemma 7. Let % <A<1,¢>0,k>0, and 0 <A < A be given and assume Condition 3 with

q> 42‘}” and Condition 4. We define

met¥  ponx) | X et)‘ >n" }

Af(k,A) = Usea,, .(a) {’#{Z@:met} -

. #{i:zi et , A
tlEGn,k T
t'ct

Ag(k,A) = UteGn,k(A){#{i Lx; € t} < n%}

Then, it holds that for all large n and 0 < k < clog (n)
n
nr (A.112)
n

Proof. The arguments for the three inequalities in (A.112) are similar, and we begin with showing the
first one. The main idea of the proof is based on Hoeffding’s inequality. Since Hoeffding’s inequality is for
bounded random variables, we will consider the truncated model errors in order to apply this inequality.
For each n > 1 and k > 0, we can deduce that

P(AS (k, A))
=P (A;(k,A) n (ﬂ?zl {les] < ”AT,}»

P (A5 A) 1 (U (il > 0¥ )

_p ((Utecnyk(A)E(t)) N (ﬂ?:1 {leil < ni}>>

£ (A5 (k) 0 (UL > %)) (A113)
< Y P(E(t))+Z]P(|ai| >nAT/)

teC (D) i—1
- ¥ ZP({i:aziet}:B)P(E(t)’{i:xiet}:B)

teG, x(A) B

n K
+ > Plleg| >n71),
DB (> n)
where ), represents the summation over all possible subsets of {1,---,n} and

i) Dwict (m(mi) + sillﬂ‘gn%’> Em(X) | X €8] 5 - ,
' #{Z L X; € t} -

Note that the summation for the first term on the RHS of (A.113) can be further decomposed into
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two terms as

teGnk(A) #B< nA

+§:]P> CE n%) (A.114)

(]

> P({ii@iety=B)P(E® ’ {i:@; €t} =B)
teGn i (A) gg>n2

n ’

n A
n a’
+ Z P(lei€t<7)+zp(\€i|>n4).
tEGn,k(A) 1=1 =1
The last inequality above is due to

3 P({i:wiet}:B>P(E(t) ‘ {i:miet}:8>

A

#B<"p
= Z P(Et)N{{i:z; €t} = B})

#B< 2

< > P{i:x; et} =B)

#B<%
n A
n
= ]P)( ii - 19:1-,€t < 7)

Then by the definition of G,, x(A), A > 1/2, and Conditions 3-4, an application of Lemma 8 in Section
C.2 shows that for all large n and each k > 0,

_ A=A B 24A
(A)

teGn i
n A,
+ ZIP (\5l| > nT).
i=1

Thus, it follows from A > A’, p = O(n*°) in Condition 3 with ¢ > 42‘,1“, and (A.8) that for all large n
and each 0 < k < clogn + 1,

(A.115)

RHS of (A.115) < n™",

which establishes the first inequality in (A.112). The other two inequalities in (A.112) can be shown in a
similar fashion, which completes the proof of Lemma 7.

C.2. Lemma 8 and its proof
Lemma 8. Assume that x;’s are independent copies of X . Then for eachn > 1, A > 0, and t such that

P(X €t) >n”"1, we have

n —(1 24+A
P (Z 1p,c0 <n® — \/ﬁ(logn)H%) < 2exp <((pg2n)) (A.116)
i=1

Assume further that supc(o 1j» m(c)| < 0o, x; and &;’s are independent, €;’s are identically distributed,

and €1 has a symmetric distribution around zero. Then for each B C {1,--- ,n}, t and t witht Ct,
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A" >0, and t > 0, it holds for all large n that

Sies (E0n(X) | X €)= (mi@) +2i1,, ,07))

Zt‘{i:wiet}:B

#B
g2
v (225),
4n2A
, (A.117)
p ieB (P(Xet |X€t)_1miet') N N—B
75 > ‘{z.wze } =
42
§2exp< t2#3>.

Proof. Observe that by Hoeffding’s inequality, we have that for each A > 0 and n > 1,

’ ( WY (e X €)= “}) e

n 2
Then by some algebraic calculations, we can establish the desired probability bound in (A.116).
On the other hand, it follows from the assumptions that for each i € B, A" > 0, and t C ty, we have

E (E(m(X) | X et)— (m(wi) + 5i1|ei\§nA”) ‘ {s:xs €t} = B)
—E (E(m(X) | X et)— (m(:ci) +€i1|si|gnA“) \ zi € t) —0,

which along with conditional Hoeffding’s inequality leads to the first probability bound in (A.117). The
second probability bound in (A.117) can also be shown using similar arguments, which concludes the
proof of Lemma 8.

C.3. Verifying Condition 1 for Example 1

For a cell t = x_t;, if b & t1, then Var(m(X)|X € t) = 0. In this case, the desired result clearly holds.
As for the other case with b € t1, a split at b on the first coordinate leads to the desired result.

C.4. Verifying Condition 1 for Example 2

In this proof, we show that for each t = ¢; x --- x t,, SUDje1,... p},cet, (If)t,t(j,c) is proportional to
Var(m(X)|X € t). A simple calculation shows that the conditional bias decrease (/1),, given a split
(4, z) with = € t; is bounded from below such that

(I, >P(X €t |X e )P(X €t |X € t)(H,(2))’, (A.118)

where
Hj(z) =E(m(X)|X €t) —E(m(X)|X €t),

and that £ =t xt; X xt,and t =ty x--xt;

For the reader’s convenience, recall that

X+ Xt, with t;» = [inf¢;,2) and t;-/ = [z,supt;]Nt;.

’ ’ 2
(1) =P(X €t |X € 8)(Em(X)|X € t) — E(m(X)|X 1))
" 1" 2
FP(X et'|X €t) (E(m(X)|X et’) —E(m(X)|X ¢ t)) :
In the following, we show that the RHS of (A.118) given the optimal split among

1 1 1 3
(j,§inftj+§suptj) and (j,zinftj—i—zsuptj) , j=1,---,8"

Mid point on the jth coordinate Third quarter of the jth coordinate
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is at least a proportion of Var(m(X )|X € t). Notice that for the sphts (j, 3inft; + fsupt;) and

H;(();(Eett)) Iégcegtt)) POXEt) PXet) _ 3 respectively for each j

(7, 41nft + 2 supt ), it holds that =z and B(Xci FXch — 16
due to the unlform distribution assumption on X. We start with the following results (A.119)—(A.121).
Recall that Y~/ . (---) = 0 since it is a summation over an empty set.

It holds that

Var(m(X)|X et)

(3 (o (B2 Y 1 ity

Mm

= 2 180 (A.119)
+ i B?J (supt; — inft;)*(supt; — inf tl)Z)
< 144 ! '
>j
If (H](mftj"'%ptj))2 < 135503 (supt; —inft;)*, then

1 3 2 B2(supt; —inft;)*
N 4 2 . > JJ . .
(5 (Finft; + Jsupt; ) = an (A.120)
For each j,
> 52 9 9 1 inft; +supt;\\2
i . —j < Z B (i Mt s} . .
g 144 —ZL(supt; —inft;)*(supt; —inf#;)* < 3 (HJ( 5 )) (A.121)

The results of (A.119)7(A.121) are proven after the proof for Example 2; the coefficient assumption of
Example 2 is used for deriving (A.121). Define

1 inft; +supt; 5]2] . 4
T] _§(H7 (f)) —l—m(supt lnft])

the first term the second term

+ Z Tad suptj —inft;)*(supt; — inf #;)?.

>3

the third term
y (A.119), we suppose without loss of generality that for some j < s*,

Var(m(X)|X €t)

S*

T; > (A.122)

By (A.121), one of the first two terms of Tj is the largest term in 7} (ties are possible). If the largest
term of T} is its first term, then by (A.122),

1 inft; +supt;\\2 _ Var(m(X)|X €t)
(H(—2 12 9) > .
s (5) = g
Therefore, by (A.118), the split (j, mftﬁ%pt]) is such that

(1D, > LYamX)X et
6t = .

(A.123)

s*

If the second term of T} is the largest term of T} and that (H. (m”ﬂ))2 > 135583, (sup t; — inf £;)*,
then by (A.122),

inf¢; +supt;\\2 _ 180  Var(m(X)|X €t)
(L TEERE Y >
(#,(5257)) = 1596 < 35+ ’

which in combination with (A.118) concludes that the split (j, M> is such that

5 Var(m(X)|X €t)

(D4 = 432 5*

(A.124)
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Otherwise, if the second term of T} is the largest term of T; and that (H (mttﬂ))2 < o956 87 (sup t;—
inf¢;)%, then by (A.120) and (A.122),
1, 3 2 180 Var(m(X)|X e€t)
(1, (gintts + Fouts)) > 5 35" ’
which in combination with (A.118) concludes that the split (j, 3 inf ¢; + 3 supt;) is such that
5 Vi X)X et
(D, , > > YamX)X et) (A.125)

¢ = 288 5

The results of (A.123)—(A.125) concludes that supjc(y ... p} cer, (11)t.4(j,¢) 18 proportional to Var(m(X)|X €
t) for each t, and that
m(X) € SID(86.4 x s¥),

which is the desired result.

Proofs of (A.119)-(A.121). We start with proving (A.121). Define

9;(X) = By X5 + B;X; + Y By XiX;
1=1
1#]
with 3;; = Bj;. Consider a cell ¢, a split (j, ), and two daughter cells t and t asin (A.118). By the
uniform distribution assumption on X,

Hj(z) = E(g;(X)|X €t") — E(g;(X)|X € ),

whose detailed derivation is omitted for simplicity. Recall that t =t x- X t;» X -+ X t, and t =
tp X - X t;-/ X -+ X t, with t; = [inf¢;,2) and t;/ = [z,supt;] Nt;.

In what follows, we derive a closed-form expression for H;(z) in (A.127) below. By the uniform distri-
bution assumption on the feature vector and the change of variables formula,

E(g;(X)|X €t)

Bij2" + Bjz + B
tI/ 7 ! Hzl;] ”2 (A.126)

1 R
g LU R SR FIOTR
J z tj

I=151#5

where f(z) = (supt;—a)(z—inft;) | x, Rj :=supt; +inft;, and r; :=supt; —inft;. Since

x—inft;

= g @ (PG (supty)Fr = ok
|t |/ (f(2)rdz = (k+1)(supt; —x) (k+1)(supt; —x) (k+1)(supt; —z)’

we have

RHS of (A.126) = *33 (supt;)? + (supty)a+a2) + [ B+ S glj% (S“pt%“c)
I=151#5

By this and similar calculations, it holds that

BiiTj S ByR\
Hy(w) = 52 (R +2) + | B+ D el bx (A.127)
I=1l#j5
Hence,
1 1 r; <\ ByR
Hj(ﬁlnftj+§suptj):§] ﬂijj +ﬁj+l;¢j]2
’ ) (A.128)
1. 3 7 — Byl
Hj(metj+4supt) 57 ﬂjj< inft; +6suptj)+ﬁj+ Z jT ;

I=1;1#j
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where the first equality concludes (A.121) given the coefficient assumption.
Next, we proceed to show (A.119). We have

s*—1 s
Var(m(X)| X € t) ZVar gi(X)X €t) = Y > BEVar(X,X;|X € t), (A.129)

J=1 1>j

where to justify the equality, we notice that when expanding Var(m(X)|X € t), all terms appearing are
i) 2E((Bi X, — E(ﬁiXi|X € t)(6;X; —E(B;X;|X €)X €t),

ii) Q]E((BUX X; —E(Bi; XiX;|X € 1) (BuXrX: — E(BuXiXi|X €t)|X €t),

111 ( ﬁ]X ]E 6JX |X S t))(ﬁlele —E(ﬂlekX”X S t))|X S t),
( Bji X ] - /6]]X2|X €t))(BeXr —E(BuXi| X €)X € t)’
) E((8;; 32— E(8;; X7 |1X € t)(BuXeX: — E(BuXeXi| X €)X €t),

vi) 2E((8;; X7 (5JJXJ2|X €t)(BurXp —E(Bu X7 X €)X €t),

Vii) Var(ﬂlelXj|X S t),

viii) Var(8;; X7|X € t),

ix) Var(3;X;| X €t),

x) 2E((8;X; — E(B;X;|X € ¢))(B; X1 X; — E(B; X1.X;| X € 1))|X € ¢),

xi) 2B((8; XiX; — E(8; X, X;|X € 1)) (8, X0 X; — E(B; Xi X;1X €)X €1),

xit) 2B ((8;; X7 — E(8;; X7 X € t))(8;X; — E(8;X;|X €t))|X €t), and

xiii) 2E((8; X7 — E(8; X7 X € #))(8,;XiX; — E(B; X1 X;|X € t))|X € t), where i,5j,k, are dis-
tinct indices. Among them, i)—vi) are zeros since features are independent, viii)—xiii) are considered in
ijl Var(g;(X)|X € t), and vii) is considered twice (for each [,7) in ijl Var(g;(X)|X € t), which
concludes (A.129). In addition, by the uniform distribution assumption on X and a direct calculation,

Var(g;(X)|X € t) = 37, Var(X}|X; € t;) + B; Var(X;|X; € t;)
+ > B Var(X, XX et
I=1;1#7

+ Y0 BB (BE(Xe X X7 X € t) — E(Xie X;|X € HE(X,X;|X €t))

k=1 1=1
k£l 1£]
ki

+28;;8; (B(X?|X; € t;) — B(X]|X; € t;)E(X;|X; € t)))

+2 Zﬁjjﬂlj (B(X3X)|X €t) — E(X]|X; € t)E(X,X;|X €t))
%

+2) 88, (B(X7X)|X € t) — E(X;|X; € t))E(X,X;|X €t))
%

= (4) +(B) + (O) + (D) + (E) + (F) + (G),

- ﬂlzj 2 2 2 g ﬂkjﬁlj 2 BJ]B] 2
(C):l=11 (BR3r7 + 3Rir? +r2r}), (D)—;; 5 R Ry, (E) = : r?R;,
1#] k#L 1#]
k#j

lséj I#j
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By this, (A.128), and a direct calculation,

2
Var(g;(X)| X €t) — % ( (1 inft; + 2Supt ))

c g (A.130)
— JJ 4 My 2
= 180 j+ Z 144 (3R; rl +7; 2r2).
Also, by the uniform distribution assumption on X, the above expression for (C), and that
s*—1 s*
S)IEED SHo!
j=1 é;é} j=1 1>j
it holds that
st s* 6[] 2 0o s*—1 s* 2V xx t s*—1 s*
2144 rirl)_zzﬂli ar(X X;|X € 221443
j=11=1 j=1 1>j j=1 I>j
l#5
which in combination with (A.129)—(A.130) leads to (A.119).
Lastly, we deal with (A.120). By (A.128),
1 3 1 77
Hj(zinftj—i—isuptj) ( inf ¢, +2supt ) = ﬂj1]2]
Therefore, if |H;(% inf¢; + 4 supt;)| < lﬁ“‘ , then
1, 3 2 1 2
H;(-inft; + —supt;) | — ( inft; + = bupt )
4 4 2
|Bjilr | Bigrs 1
= ——= | =< +2H f
1 B +2H;(= 1nt+2supt)
|Bjs|r3 [ 1Bislrs 1 T
> -2|H ft; t)| | > 2L,
=12 \ 12 (g +2S“p D) =2
This implies that if (H;(} inft; tN2 < (Zatiye = BLny gy
is implies that if (H;(3inft; + 1 supt;))? < (Z4)? = 5454, then
1 3 9 2,4
(1 (s o)
which concludes the desired result of (A.120). We have finished the proofs for (A.119)-(A.121).
]

C.5. Verifying Condition 1 for Example 3

The proof idea is straightforward: for each cell ¢ =¢; x ---t,, we establish appropriate upper and lower
bounds for Var(m(X)|X € t) and sup; .(I1)¢,4(j,c), respectively, to conclude the desired result, where we
use sup; .(11)¢4(j,c) to denote SUDj (1, p},cet; (I1)¢4(j,c) for simplicity. We begin with an upper bound
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of Var(m(X)|X € t) as follows.

- ]E((m(X) —E(m(X)|X €t)’|X € t)
(X)) (supzetmu) T infocy m<z>>>2 X t)

2

(A.131)

IN

m(X) — sztgt)m(z) — iréftm(z) + m(X)) |X et

( )
(supm(z) — () £ m(3) ~ () 1 < t)

IN
e
&=
/-~

Meanwhile, by the assumptions on agliz(jz)’s, we can show that

—inf < £ M.
Isgért)m(Z) ;gtm(Z)l_EzS:*ljl 2,
J

and we omit the details for simplicity. By this and (A.131),

P Il (A.132)

jES*

N

Var(m(X)|X € t) <

Next, we deal with the lower bound of sup; (1) ¢(;,c), which is by definition larger than (1) ¢(;+ o+,
where

*

. supt;« +inft;«
J* = argmax|t,| and ¢t = Sup ty- Ml by
jesx

2

Let t] and t5 be the corresponding daughter cells of ¢ such that the j*th coordinate of ¢7 is [inf t;, %)
Recall that

(I =B(X €17 | X € 1) (Em(X) | X € 1)) ~ Em(X) | X 1))’
FEX e 15| X e t)(E(m(X) | X €13)) - Em(X) | X 1))
To establish a lower bound of (I7T )tii" it suffices to establish a lower bound on
(E(m(X)|X € £) - E(m(X)| X € t3))*.

To this end, we first notice that by the fundamental theorem of calculus,

1 7=+l om(w)
m(z + =|t;~|ej) =m(z) + W j*
(2 4 gltrley) =m(z) + [ o
where e; is a unit vector with its jth coordinate being one and z = (21, - - - 7,zp)T. Now, suppose that the

partial derivative along the j*th coordinate is positive in the following arguments for simplicity; that is,

8(;’:‘ )(w) > M; > 0. By these and the uniform distribution assumption on X,
N 1
E(m(X)|X €t;) = - m(z)dz
‘t2| zet;
1 Zj* +%‘tj*| a
S m(z) +/ W) | dz (A.133)

‘t1| z€L] 2% a’wj"
1

1
> m(z) + S|t |Midz.
‘t1| TEL] 2
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With (A.133),
1
E(m(X)1X € t;) —E(m(X)|X € t7) = 5t;-

which along with simple calculations shows

(Me; = 5 ((Em(X)IX € 8) ~Eom(X) X € 1))’
+ (E6n(X)|X € ) ~ E(m(X)|X € t;))z) (A.134)
> %h‘y* |2]\/f12

y (A.134), (A.132), and M < (#5%)? due to the definition of j*, it holds that

[t

(AMIM2(#S5)?) sup(I1)gp(5.e) > (AM3 M7 2(#5%)?) (IT)¢47 > Var(m(X)| X € t).

jie

This concludes the desired result for the case with a positive partial derivative. The same arguments
apply to the other case, and hence we have finished the proof of the first assertion.
As for the case with the additive model assumption, we have

Var(m(X)|X € t) = ZVar m;(X;)|X; € t;), (A.135)

where t =t X --- X t,. By the arguments similar to those in (A.131)-(A.132),

L1
Var(m(X)|X € £) < ' max_1;°M3. (A.136)

which in combination with (A.134) leads to

(AMFM;?s*) sup([[)tt(] o = (AMZM{?s*) (I)g4: > Var(m(X)|X € t).
This concludes the second assertion and finishes the proof.

C.6. Verifying Condition 1 for Example 4

By the uniform distribution assumption on X, for each cell t =¢; x --- X ¢,

*

Var(m(X)|X € t) =Y Var(my(X;)|X; € t). (A.137)
=1

With (A.137) and (15), to finish the proof of the first assertion, we show that the LHS of (15) is propor-
tional to the conditional bias decrease as follows.

A simple calculation shows that the conditional bias decrease (I1), , given a split (j,z) with x € ¢; is
bounded from below such that

(I)y >P(X €t|X € )P(X € t'|X € t)(H;(x)), (A.138)

where B /
Hy(2) = E(m(X)|X € t') — E(m(X)|X € t),

and that £ =t xt;x - xt,andt =t x - xt; x--xt, witht; = [inft;, ) and t; = [z, supt;]Nt;.
For the reader’s convenience, recall that

(IT),y =P(X € t'|X € 1) (E(m(X)|X et) —Em(X)|X e t))2

FB(X e t'[X € )(Em(X)[X e ') ~ E(m(X)|X < H).
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Recall that m(z) = >-%_, m;(z;). Then

. 1 sup t;
E(m(X)|X€t):7/ z)dz + Z (m(X7) |X€t)
supt; —x J, Wl
and
’ 1 z
EmX)Xet)= —— z)d (X)X t
XX €)= i [t ng;l (m(X)|X € 1),

Thus, by the change of variables formula,

1) =g [ mi = e [ e

supt; — z—inft; Jingy,

1 ¥ supt; —x .
= —-—— . — —_— f . J— . .
x —inft; /inftj (m] (( z —inft )(Z inft;) + x) m3(2)> dz

Suppose the split is along j := arg max;<;<s+ Var(m(X;)|X; € t;). By (A.139) and (15),

(A.139)

sup (H;(x))* > co max, Var(m;(X;)| X; € t1),

z€A(inf t;,supt;)

which in combination with (A.138),

sup (ID)¢41,e) > sup(I1)g (i) > A1 — Ao max Var(m(X;)|X; € t;).
1€{1, 8% },c€t; cEt; 1<i<s*

By this and (A.137), it holds that

S*
X)eSID( ———
m(X) € (A(l—/\)CO)’
which concludes the first assertion.

For the second assertion, we note that if m;(z) is differentiable on [0, 1], then
Var(m;(X;)|X; € t;)

= E((m;(X5) = B(my (X,)1X; € ;)| X; € 1))
<E <<mj(Xj) B <supzetj m;(z) ;—infzetj mj(z))>2 ‘Xj ) tj)

<mj(Xj) — sup m;(z) — 1nf mj(z) +m;(X; ) ’X €t

z€L; z€t;

INA
| =
&=

2
1
< —E | [ supm;(z) — m;(X;) +m;(X;) — inf m;(z) ’Xj €t
4 z€L; z€t;
= L(supm,(z) — inf m,(2))?
ACRE AT
<1 / )2
4(§up|mj(z)||tj|) :

J

where the last step is because of the mean value theorem. This and (16) lead to (15) with some ¢y > 0,
and hence we have finished the proof.

C.7. Proof for Remark 3
In this proof, we show that given the model

m(X) = X1 X5 — 0.5X; — 0.5X;5 +0.25 = (X1 — 0.5)(X5 — 0.5)
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with uniformly distributed X, there exists a cell £ = t; x --- x t,, such that a constant o; > 1 for SID
does not exist. In fact, there are infinitely many such cells in this case. Consider a cell ¢ = [0.5 — d;,0.5+

di] % [0.5 —d2,0.5 4 da] x [ag, b3] X - - - X [ap, by] for some positive d; < 0.5,ds < 0.5 and 0 < a; <b; < 1.
Let an arbitrary split be given and denote the two corresponding daughter cells by t and t”. Recall that

(I),y =P(X €t | X €t) (E(m(X) | X et))—Em(X)| X € t))>2
FBX et | X et)(Em(X) | X et')) - Em(X) | X € t)))Q.
Due to the assumption of independent features and the given regression model,
E(m(X)| X ect)=Em(X) | X ct)=Em(X)| X et )=0,

which concludes that (I1), , = 0. Since Var(m(X)|X € t) is obviously larger than zero for each cell, we
conclude the desired result.

C.8. Verifying Condition 1 for Example 6

For the first case, ag;@) = (1%555((§7j§;** 5] j; j)))2 for each j € S*, and am(¢) = 0 otherwise. It is seen that
the vector-valued function (Bgn(m) S 8m(m)) in this case is continuous in [0, 1]P, and that Bm(m) has the

same sign as that of §;. In light of |5;| # 0 and = € [0, 1]?, the parameters M, My of Example 3 are
given as follows. If exp (3¢ 5 Bj7;) > 1, then

om(x) < (minjes- |B5]) exp (3 e g B7;) > minjes- |5

&Ej - (2exp (Zjes* ﬁjxj))Q T dexp (Zjes* ﬁjD7
otherwise, since 0 < exp (3_,cg- Bjz;) < 1,
|5'm(:c)| N (minjes- [B;]) exp (3 ;es+ B;) min;es- | 5]
Oz; 2 ~dexp (Xjes- 1851)
Therefore, we conclude that M; = #% < infgepo,1pr | ay | Similarly, we have My =
1 maxjes- |B;] > SUDge(0,1]r |am( )| By the results of Example 3, we concludes the proof for the first
case.

As for the second case, the partial derivatives of a polynomial are obviously continuous. Since all coeffi-
cients have the same sign and that « € [0, 1]7, we let M7 = minjeg- |5;| and My = (max; x 7;%) 221:1 | Bk |+
max;cg+ |3;], which along with the results of Example 3 concludes the proof of the second case, and hence
the proof of Example 6.

C.9. Verifying Condition 1 for Example 7

Our goal is to show that the maximum conditional bias decrease Supje{l,-u,p},cEtj(II)t,t(j,c) is lower
bounded in terms of Var(m(X)|X € t) for every cell t = t; X - -- x t,,. Since the case for K =1 is trivial,
we consider the case with K > 1 in the following.

Let us start with an upper bound for Var(m(X)|X € t). By the assumptions of an additive model
and a uniform distribution of X, for every ¢,

L

Var(m(X)|X € t) =Y Var(my(X;)|X; € t1), (A.140)
=1

and by the definition of R, for every t =t; X --- x t, and [ < s¥,
Var(ml(Xl)|Xl et < (‘tl|R) (A.141)

Define
) '= arg max |{;
J g m gs*| ls
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hs () hi(z)

- [y [
d L] Cal

Fig 5: The part of m;(x) on t;. In this example, there are three piecewise linear functions.

and hence by (A.140)—(A.141),
Var(m(X)|X € t) < s*(|t;|R)?. (A.142)

Now, we proceed to deal with the lower bound of the conditional bias decrease. Let us introduce some
notation for referring to the linear functions and splits on t;. The rightmost linear function on t; is
denoted by hi(x), with { > 0 being the length of its domain on ¢;; and the linear functin to the left of
hi(z) is denoted by ho(x), with L > 0 being the length of its domain on ¢;. In addition, we consider four
split points A, B, C, and D, which are respectively on the middle of the domain of hy(z), the left-end of
hi(z), the middle of the domain of hs(z), and the left-end of ho(z). A graphical illustration is in Figure 5.
Moreover, we refer to the corresponding daughter cells of ¢; on the right hand side of the splits as t; A
t;-B t;-c, and t;-D, respectively. Let t/s =11 X --tj_q X t;»s X tjp1 X - Xty for s € {A, B,C,D}.

By the definition of (17 )t,t; and the assumption of a uniform distribution of X,

maX{(II)t’trA, (Il)t,t’B}

> max {%(E(mxxmxj € t)4) — E(m; (X;)|X; € ;)% )
FEm, ()13, € ) = B(my (%), € 1))}

By the model assumptions and simple calculations, it holds that |E(m;(X;)|X; € t;A)—E(mj (X)X, €

t;p)| = . By this, if [E(m;(X;)[X; € t5,) — E(m;(X;)|X; € t))] < &, then [E(m;(X;)|X; € t;5) -

E(m;(X;)|X; € t)] > 3 . the other way round is also true. Hence

RHS of (A.143) > — x ()2 = e (A.144)
20t;] © V87 128|t| '
Notice that the above arguments do not depend on the value of L.
Next, by the definition of (1T )t’t/ and the assumption of a uniform distribution of X,
max{([[)t’t/ ,(II)”/ }
1 /
> max { T |< + D(E(m; (X))|X; € te) — E(m; (X,)|X; € )))?, (A.145)
i 1+ DB ()15 € ) = B(my ()1, €1,))7}.
To lower bound the RHS of (A.145), we write
/ L, 1 L 1 /
E(m;(X;)|X; €t;p) = E(m)E(mj(Xj”Xj € [D,0) + (5 + D(7=7)Blmy(X;)1X; € tie),

L+1
which follows from the uniform distribution assumption on the feature vector. Hence
[E(m;(X;)|X; € t;p) —E(m;(X;)|X; € t0)l

i / (A.146)
= 5 () [Emi (X)X € [D.C)) — E(m; (X))1X; € tic)|.
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Since we have assumed that m;(z) is continuous with slope upper and lower bounds, if the value of [ is
sufficiently small, then |E(m;(X;)|X; € [D,C)) —E(m;(X;)|X; € t;‘c)| is sufficiently large. For example,
if IR < %, then ]E(m](XJ)|X7 (S t;‘C) < m](C) and hence E(mJ(XJ)|X7 S [D,C)) > E(mj(X7)|X] S

t;‘c) + % in Figure 5. For general cases, if [R < %, it holds that

L 1 Lr L?r
=( ) x =
2L +1

1 > = —.
RHS of (A.146) > R

By this and arguments similar to those for (A.144),

1 L L2 L3
RHS of (A.145) > — (2 " )2 r

[t;] "2 l>(16(L+1)) = 512t,| (A.147)

To have our conclusion, we need an observatlon as follows. Due to the deﬁnition of b* and K > 1,
it holds that b* < 1. Also, if ‘t j < b", then ﬁ > b*; to see this, notice that ‘t ;< b* only if ha(:) is
the leftmost linear functlon on t;, and recall that hq (- ) is the rightmost linear function on ¢;. With this
observation, we can establish the lower bound of the maximum conditional bias decrease by considering
three cases in (A.148)—(A.150) below.

If L‘ < b*, then by the observation and (A.144),

b*)3(rlt:])?
sup (g > Sl CIGD” (A.148)
j€{17"' 7p}76€tj 128
If ﬁ >b* and | > 2= then by (A.144),
(03> _ o) (|t;])?
IDgsiie) > > _ A.149
je{l,s..lff}vcetj( JetGe) = 128];] = 1024R3 (A.149)
If > b* and | < Lz then by (A.147),
b*)3(rlt:])?
sup (IDggge > Sl UIGD” (A.150)
j€{17"' 7p}706tj 512
y (A.142) and (A.148)-(A.150), we conclude that

1024R?
sup (I1)¢ 4,y = Var(m(X)|X € t),

s*(|tj|R)? X =y
(It 1R) (0% )3(1t51)% jeqr,- phocet;

which leads to the desired result.

C.10. Verifying Condition 1 for Example 8

The proof idea is to find an upper bound of Var(m(X)|X € t) and a lower bound of maximum conditional
bias decrease for each cell £ =11 X - -+ x 1) such that sup;cgy ... ;) cet, (I1)¢4(j,c) is lower bounded in terms
of Var(m(X)|X € t). We begin with noticing that if there are no jump points on ¢, then Var(m(X)|X €
t) = 0 and hence the proof is trivial. We therefore consider the case with at least one jump point on ¢.

In the following, we deal with the lower bound of the conditional bias decrease. Due to the regression
function form, we can establish a lower bound for the conditional bias decrease on a cell t given a split
at any jump point on t as follows. Let a cell £ be given with a jump point on it; let t/7t// denote two
daughter cells after the split at one of the jump points on ¢t. Then it holds that

E(m(X)|X €t) —Em(X)|X et’)] >,
which follows from the model assumptions, and that
(ID)yy = C(E(mM(X)|X € t) - E(m(X)|X €t))?
+ (1= OEMX)|X €t’) - E(m(X)|X €t))?
> inf (<<E<m<x>\x et) -z +(1-OEmX)|X et - x)z) (A.151)
>((1-OEmMX)|X €t) -Em(X)|X et))?
=¢(1-¢)?
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where ( = P(X € t'|X € t).

On the other hand, to establish the upper bound for Var(m(X)|X € t), we separate the proof into
two cases: (i) there are more than two jump points on some coordinates of ¢, and (ii) there are at most
two jump points on every coordinate of t.

We deal with the first case first. Write the regression function conditional on ¢ as ZZ‘;l Bl Xec

for some ko, where C(V), ... C0) are all the subcells on t, with their respective coefficients denoted by
M ... Bko) Due to the coefficient assumptions,
M _ mi M) «
12%)120 B in B\ < 2M,. (A.152)
Hence,

ko
Var(m(X)|X € t) =E(()_ B 1xccm — E(m(X)|X €t))*|X €t)
k=1

ko

< E((Z /B(k)]_XGC(k) - 6(1))2|X S t)
k=1
k() X kO (A.153)
=E(_BM1xcem — Y BMxcem)’|IX €t)
k=1 k=1
ko
= E((Z(ﬁ(k) —BM1xcem)’IX € t)
k=1
S (2M0)2a

where the last inequality is due to (A.152).

Suppose the jth coordinate has at least three jump points. Let us consider a split at any jump point
in between the first and the last jump points on the jth coordinate; let t and t’ denote the resulting
daughter cells. In light of the uniform distribution assumption on X,

min{P(X €t|X €t),P(X €t | X €t)} > min cz(»j) — 01@1 = c",
j<s*,1<i<k;

which along with (A.151) and (A.153) shows that

2M, )\ 2 1 2M, )\ 2 1
(22) ity o (e > (20 D
L C (1 —C ) jE{1,- ,p},c€t; L & (1 —C ) ’ (A154)

> Var(m(X)|X € t),

which concludes the proof of case (i).

Let us proceed to analyze case (ii). We again denote all the subcells and their respective coefficients
by ¢V, ... Cc*o) and gV, ...  B(ko) In addition, define pj = 0 such that

L. p; = |t;]7 max{a — inf ¢;,supt; — b} if the jth coordinate of ¢ has two jump points at a < b,

2. p; = |t;| "' min{a — inf ¢;,sup t; — a} if the jth coordinate of ¢ has only one jump point a,

3. p; = 0 if the jth coordinate has no jumps.
Next, we further separate the case (ii) into three subcases (ii.a)—(ii.c) as follows.

The case (ii.a): there are two jump points on the jth coordinate and p; > i. Then, let the split be at

(4,a) if a —inf¢; > supt; — b, and otherwise at (7,b); due to the assumption of a uniform distribution of
the feature vector,

7 1" 1
min{P(X € ¢ |X €t),P(X €t |X € )} > min{,c"} = el

where t and t~ are the corresponding daughter cells. By this result, (A.151), (A.153), and the fact that
¢(1 =) is increasing when ¢ < 3,

2My\? 1 2My\? 1
IDssiie) > D),
< L ) ct(1—cf) je{l,»s--u,zl?},cetj( et 2 < L ct(1— CT)( Jue

(A.155)
> Var(m(X)|X € t).
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The case (ii.b): there is only one jump point on the jth coordinate and p; > %. Let us split at the

only jump on the jth coordinate in this case, and denote the daughter cells of ¢t by t and t . By the

assumption p; > 1 and the assumption of a uniform distribution of X,

1
! 1" 1
min{P(X €t |X ct),P(X €t |X ct)} > 12 el
We conclude similarly to (A.155) that
2Mo\? 1
( ; > A= CT)(II)W' > Var(m(X)|X € t). (A.156)

Note that for a given t, it is possible that there are two coordinates such that case (ii.a) holds for one
coordinate and case (ii.b) hold for the other coordinate.

Lastly, the case (ii.c) considers the remaining scenario, where there are only coordinates with at most
two jump points and that max;<j<s o < i. Let j = argmax;<;<s~ p;. If there are two jump points on
the jth coordinate, we consider a split the same as in the case (ii.a); otherwise, we consider the split the
same as in the case (ii.b). Notice that maxj<;<s+ p; > 0 since we have assumed a nontrivial case where
there is at least one jump point on ¢.

Among CV, ... (ko) et us fix a subcell C**7) such that 1) if the lth coordinate of ¢ has two jump
points at 0 < a < b < 1, the Ith coordinate of C\¥") is [a,b), 2) if the Ith coordinate of ¢ has only one
jump point a, the Ith coordinate of C(*") is the longer one among [inf#;,a) and [a,supt;] Nt;, and 3) if
the Ith coordinate has no jump points, the lth coordinate of C**7) is t;. By the definition of C*") and
p;’s, it holds that

P(X ¢CH)|X et) <1—(1-2p)%.

We can use this result, (A.152), and the definition of C*"), 3(*") to refine the upper bound of Var(m(X)| X €
t) derived in (A.153) as follows.

ko
Var(m(X)|X € ) <E((3 (8% = 8% ) 1xcem)?1X )
k=1
=E( Y (8% =% lxcewm|X €t) (A.157)
k#k*

< (2My)* x (1= (1—=2p5)"),

where in the first equality, we use the fact that C*) N CW = if k # 1.
With (A.151), (A.157), the choice of our split, the definition of p;, and that p; < % in this scenario,

Var(m(X)| X € t)

IN

(1-(1-2)") (2Mo)*
iy (5) un

% (1 - (1/;2[)]«)5*) (2]?0)2 (I1), 4 -

M We need Bernoulli’s inequality: for each ¢ > 1 and
J

In the following, we simplify the term
0<x<1,
(1—2)" >1—ta.

1

By this and that 0 < p; < 3,

1—(1-2p;)% 1= (1—5"2))
Pj B Pj

= 2s™.

Combining all these, we have

2My
L

2
Var(m(X)|X €t) < gs* < ) (1) (A.158)

in this scenario.
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With (A.154)—(A.156) and (A.158) and the fact that cf(llﬁ > 18 we conclude that for every t,

s* oM\ 2
sup I1)¢ t(,c) = Var(m(X)| X € t).
i (5 ){}( Jertre) > Var(m(X)|X € )

This implies the desired result

m(X) e SID(CT(lsi 7 <2ji4°>2).
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