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Abstract

This paper introduces a novel measure-theoretic theory for machine learning that does not
require statistical assumptions. Based on this theory, a new regularization method in deep
learning is derived and shown to outperform previous methods in CIFAR-10, CIFAR-100,
and SVHN. Moreover, the proposed theory provides a theoretical basis for a family of prac-
tically successful regularization methods in deep learning. We discuss several consequences
of our results on one-shot learning, representation learning, deep learning, and curriculum
learning. Unlike statistical learning theory, the proposed learning theory analyzes each
problem instance individually via measure theory, rather than a set of problem instances
via statistics. As a result, it provides different types of results and insights when compared
to statistical learning theory.
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1. Introduction

Statistical learning theory provides tight and illuminating results under its assumptions
and for its objectives (e.g., Vapnik 1998; Mukherjee et al. 2006; Mohri et al. 2012). As the
training datasets are considered as random variables, statistical learning theory was initially
more concerned with the study of data-independent bounds based on the capacity of the hy-
pothesis space (Vapnik, 1998), or the classical stability of learning algorithm (Bousquet and
Elisseeff, 2002). Given the observations that these data-independent bounds could be overly
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pessimistic for a “good” training dataset, data-dependent bounds have also been developed
in statistical learning theory, such as the luckiness framework (Shawe-Taylor et al., 1998;
Herbrich and Williamson, 2002), empirical Rademacher complexity of a hypothesis space
(Koltchinskii and Panchenko, 2000; Bartlett et al., 2002), and the robustness of learning
algorithm (Xu and Mannor, 2012).

Along this line of reasoning, we notice that the previous bounds, including data depen-
dent ones, can be pessimistic for a “good” problem instance, which is defined by a tuple
of a true (unknown) measure, a training dataset and a learned model (see Section 3 for
further details). Accordingly, this paper proposes a learning theory designed to be strongly
dependent on each individual problem instance. To achieve this goal, we directly analyse
the generalization gap (difference between expected error and training error) and datasets
as non-statistical objects via measure theory. This is in contrast to the setting of statistical
learning theory wherein these objects are treated as random variables.

The non-statistical nature of our proposed theory can be of practical interest on its
own merits. For example, the non-statistical nature captures well a situation wherein a
training dataset is specified and fixed first (e.g., a UCL dataset, ImageNet, a medical image
dataset, etc.), rather than remaining random with a certain distribution. Once a dataset
is actually specified, there is no randomness remaining over the dataset (although one
can artificially create randomness via an empirical distribution). For example, Zhang et al.
(2017) empirically observed that given a fized (deterministic) dataset (i.e., each of CIFAR10,
ImageNet, and MNIST), test errors can be small despite the large capacity of the hypothesis
space and possible instability of the learning algorithm. Understanding and explaining this
empirical observation has become an active research area (Arpit et al., 2017; Krueger et al.,
2017; Hoffer et al., 2017; Wu et al., 2017; Dziugaite and Roy, 2017; Dinh et al., 2017; Bartlett
et al., 2017; Brutzkus et al., 2017).

For convenience within this paper, the proposed theory is called analytical learning
theory, due to its non-statistical and analytical nature. While the scope of statistical learning
theory covers both prior and posterior guarantees, analytical learning theory focuses on
providing prior insights via posterior guarantees; i.e., the mathematical bounds are available
before the learning is done, which provides insights a priori to understand the phenomenon
and to design algorithms, but the numerical value of the bounds depend on the posterior
quantities. A firm understanding of analytical learning theory requires a different style of
thinking and a shift of technical basis from statistics (e.g., concentration inequalities) to
measure theory. We present the foundation of analytical learning theory in Section 3 and
several applications in Sections 4-5.

2. Preliminaries

In machine learning, a typical goal is to return a model §4(s,,) via a learning algorithm
A given a dataset S,, = {s,...,s(™} such that the expected error Eu[Ljas,)] =
E.[LJas,,)(2)] with respect to a true (unknown) normalized measure j is minimized.
Here, Ly is a function that combines a loss function ¢ and a model §; e.g., in super-
vised learning, Ly(z) = ¢(y(x),y), where z = (z,y) is a pair of an input = and a target
y. Because the expected error E,[Lj A(Sm)] is often not computable, we usually approx-

imate the expected error by an empirical error Ezm, [Lijacs,)) = %Zﬁl LQA(SM)(z(i))
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with a dataset Z,, = {z(l),...,z(m/)}. Accordingly, we define the generalization gap =
Eu[Lgas,] — Es, [Li A(Sm)]- One of the goals of learning theory is to explain and validate
when and how minimizing Eg, [Li A(S)] 18 a sensible approach to minimizing E,[Lg(s,,)]
by analyzing the generalization gap, and to provide bounds on the performance of 4(s,,)
on new data.

2.1 Discrepancy and variation

In the following, we define a quality of a dataset, called discrepancy, and a quality of a
function, called wvariation in the sense of Hardy and Krause. These definitions have been
used in harmonic analysis, number theory, and numerical analysis (Krause, 1903; Hardy,
1906; Hlawka, 1961; Niederreiter, 1978; Aistleitner et al., 2017). This study adopts these
definitions in the context of machine learning. Intuitively, the star-discrepancy D*[T),, V]
evaluates how well a dataset T),, = {t(),... t(™} captures a normalized measure v, and
the wvariation V[f] in the sense of Hardy and Krause computes how a function f varies in
total w.r.t. each small perturbation of every cross combination of its variables.

2.1.1 DISCREPANCY OF DATASET WITH RESPECT TO A MEASURE

For any t = (t1,...,tq) € [0,1]%, let By £ [0,t1]x---x[0, 4] be a closed axis-parallel box with
one vertex at the origin. The local discrepancy D|By; Tp,, v] of a dataset T),, = {t(M), ... t(™)}
with respect to a normalized Borel measure v on a set By is defined as

D[By; Ty, ] 2 (%fﬁmt(t%) ~u(By)

where 1p, is the indicator function of a set B;. Figure 1 in Appendix A.1 shows an il-
lustration of the local discrepancy D[By; Ty, v] and related notation. The star-discrepancy
D*[Ty,, V] of a dataset Ty, = {tV),...,t(™} with respect to a normalized Borel measure v
is defined as
D*[Tmay] £ sup ‘D[BtSTmﬂ/H'
tefo,1]¢

2.1.2 VARIATIONS OF A FUNCTION

Let 0; be the partial derivative operator; that is, 9;g(t1,...,tx) is the partial derivative of a
function g with respect to the [-th coordinate at a point (¢1,...,tx). Let Bf i £01,...,0,

P

A partition P of [0,1]¥ with size m{", ... ,mkP is a set of finite sequences tl(o),tl(l) . ,tl(ml )
P

(I =1,...,k) such that 0 = tl(o) < tl(l) < <L tl(m’) =1forl =1,...,k. We define a

difference operator AIP with respect to a partition P as: given a function g and a point
(t1,.. .tl,l,tl(l),tlﬂ, ..., tg) in the partition P (for i =0, ... ,mf - 1),

, . ,
APgty, .ttt k) = gttt b)) — gt b, 8 b ),

where (t1,.. .tl_l,tl(i+1),tl+1, ..., t) is the subsequent point in the partition P along the
coordinate [. Let Afm’k £ Af .. A,I:. Given a function f of d variables, let f;,  ; be the
function restricted on k < d variables such that f;, _j, (tj,,...,t5) = f(t1,...,tq), where
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tr =1 for all I ¢ {j1,j2,...jk}. That is, fj . is a function of (¢;,,...,t; ) with other
original variables being fixed to be one.
The wvariation of fj,..j, on [0, l]k in the sense of Vitali is defined as

mk—l
B f5,. 5] 2 Z 5 ‘ A R
Pk =1 ip=1

where Py, is the set of all partitions of [0,1]%. The variation of f on [0,1]% in the sense of
Hardy and Krause is defined as

d
Vif=> > VOIS

k=1 1<ji<--<jp<d

For example, if f is linear on its domain, V[f] = Zl<]1<d VO [f;,] because VR [f; 5] =
0 for all £ > 1. The following proposition might be helpful in intuitively understanding the
concept of the variation as well as in computing it when applicable. All the proofs in this
paper are presented in Appendix B.

Proposition 1. Suppose that f;, . j, is a function for which 3If’...’kfj1...jk exists on [0,1]*.
Then,
V(k) [fj1~--jk] < sup |af...,kfjl-~»jk (tjl’ s 7tjk)| .
(8515 t5,, ) €[0,1]%

If 8{“ wfii.g, 18 also continuous on [0, 1] ,

V(k) [fj1~~~jk] - /[O 1]k ’af,...,kfjln'jk (tjl’ ""tjk)‘ dtj1 T dtjk'

3. A basis of analytical learning theory

This study considers the problem of analyzing the generalization gap E,[L§4(s,.)] — Esm
[LiA(s,,)] between the expected error E,[L74(s,,)] and the training error Es. [Li A(Sm) ]
For the purpose of general applicability, our base theory analyzes a more general quantity,
which is the generalization gap E,[Lg4(s,,)] — EZm, [Lga(s,,)] between the expected error
E.[LJAs,,)] and any empirical error Ezm, (LY As,,)] with any dataset Z,, (of size m’) in-
cluding the training dataset with Z,,, = S,,,. Whenever we write Z,,,, it is always including
the case of Z,,; = S; i.e., the case where the model is evaluated on the training set.

With our notation, one can observe that the generalization gap is fully and determinis-
tically specified by a problem instance (pt, Sm, Zm', Lja(s,,)), Where we identify an omitted
measure space (2,3, 1) by the measure u for brevity. Indeed, the expected error is defined
by the Lebesgue integral of a function Lg4(s,,) on a (unknown) normalized measure space
(2,2, 1) as By[Lias, ] = [z Liacs,,)du, which is a deterministic mathematical object.
Accordingly, we introduce the following notion of strong instance-dependence: a mathemat-
ical object ¢ is said to be strongly instance-dependent in the theory of the generalization
gap of the tuple (i, S, Zym/, L A(s,,)) if the object ¢ is invariant under any change of any
mathematical object that contains or depends on any i # w, any § # §.4(s,,), Or any Sp,
such that S,, # S, and S, # Z,s. Analytical learning theory is designed to provide
mathematical bounds and equations that are strongly instance-dependent.
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3.1 Analytical decomposition of expected error

Let (Z,%, 1) be any (unknown) normalized measure space that defines the expected error,
E,[Lg] = [ = Ly dp. Here, the measure space may correspond to an input-target pair as
Z = X x ) for supervised learning, the generative hidden space Z of X x ) for unsupervised
/ generative models, or anything else of interest (e.g., Z = X). Let Z,u be the pushforward
measure of y under a map 7. Let T(Z,) = {T(zM),...,T(2(™))} be the image of the
dataset Z,, under 7. Let |v|(E) be the total variation of a measure v on E. For vectors
a,b € [0,1]¢, let [a,b] = {t € [0,1]% : @ < t < b}, where < denotes the product order; that
is, a < t if and only if a; <t; for j = 1,...,d. This paper adopts the convention that the
infimum of the empty set is positive infinity.

Theorem 1 is introduced below to exploit the various structures in machine learning
through the decomposition Lg4(s,,)(2) = (f o 7)(2) where 7 (z) is the output of a rep-
resentation function and f outputs the associated loss. Here, 7(z) can be any inter-
mediate representation on the path from the raw data (when 7(z) = z) to the output
(when 7(z) = Lg(z)). The proposed theory holds true even if the representation 7 (z) is
learned. The empirical error IEZm, [Ly A( Sm)] can be the training error with 7, = S, or the
test/validation error with Z,,, # Sy,.

Theorem 1. For any Ly, let F[Ly] be a set of all pairs (T, f) such that T : (Z,%) —
([0,1]%, B([0,1]%)) is a measurable function, f : ([0,1]¢,B(]0,1]4)) — (R, B(R)) is of bounded
variation as V[f] < oo, and

Ly(z)=(foT)(z) forallze Z,

where B(A) indicates the Borel o-algebra on A. Then, for any dataset pair (Sp, Zm)
(including Zy,y = Sm) and any Ljas,,);

(i) EulLiacs,] < Bz, [Lias,] + inf VIf] D* [T, T(Zw)),
(T,f)eF

where F = FILYa(s,)], and

(ii) for any (T, f) € FILyA(s,.)| such that f is right-continuous component-wise,

((Tu —721015] )de()

where z; € Zyy, and vy is a signed measure corresponding to f as f(t) = v([t,1]) +

F(1) and |vy|([0,1]%) = V[f].

The statements in Theorem 1 hold for each individual instance (44, Sy, Zm/, L A(s,,)), for
example, without taking a supremum over a set of other instances. In contrast, typically in
previous bounds, when asserting that an upper bound holds on E,[Lg] —I@Sm [Ly] for any § €
H (with high probability), what it means is that the upper bound holds on sup ;¢4 (E,.[Lj] —

Eu[Lijas,) =Bz, [Liaes.] + /
[0,1]4

Es,,[Lg]) (with high probability). Thus, in classical bounds including data-dependent ones,
as H gets larger and more complex, the bounds tend to become more pessimistic for the

actual instance §4(s,,) (learned with the actual instance Sy, ), which is avoided in Theorem
1.
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Remark 1. The bound and the equation in Theorem 1 are strongly instance-dependent,
and in particular, invariant to hypothesis space H and the properties of learning algorithm
A over datasets different from a given training dataset Sy, (and Z,,).

Remark 2. Theorem 1 together with Remark 1 has an immediate practical consequence.
For example, even if the true model is contained in some “small” hypothesis space Hi, we
might want to use a much more complex “larger” hypothesis space Hs in practice such that
the optimization becomes easier and the training trajectory reaches a better model y4(s,,)
at the end of the learning process (e.g., over-parameterization in deep learning potentially
makes the non-convex optimization easier; see Dauphin et al. 2014; Choromanska et al.
2015; Soudry and Hoffer 2017). This is consistent with both Theorem 1 and practical
observations in deep learning, although it can be puzzling from the viewpoint of previous
results that explicitly or implicitly penalize the use of more complex “larger” hypothesis
spaces (e.g., see Zhang et al. 2017).

Remark 3. Theorem 1 does not require statistical assumptions. Thus, it is applicable even
when statistical assumptions required by statistical learning theory are violated in practice.

Theorem 1 produces bounds that can be zero even with m = 1 (and m’ = 1) (as an
examples are provided throughout the paper), supporting the concept of one-shot learning.
This is true, even if the dataset is not drawn according to the measure p. This is because
although such a dataset may incur a lager value of D* (than a usual i.i.d. drawn dataset),
it can decrease V[f] in the generalization bounds of V[f]|D*[Z.u, 7T (Sy,)]. Furthermore, by
being strongly instance-dependent on the learned model g 4(s,,), Theorem 1 supports the
concept of curriculum learning (Bengio et al., 2009a). This is because curriculum learning
directly guides the learning to obtain a good model §4(s,,), which minimizes V[f] by its
definition.

3.2 Additionally using statistical assumption and general bounds on D*

By additionally using the standard i.i.d. assumption, Proposition 2 provides a general
bound on the star-discrepancy D*[7.u, 7 (Z,, )] that appears in Theorem 1. It is a direct
consequence of (Heinrich et al., 2001, Theorem 2).

Proposition 2. Let T(Z,) = {T(zV),..., Tz} = {tO_ ... (")} be a set of i.i.d. ran-
dom wvariables with values on |0, 1]d and distribution Typ. Then, there exists a positive
constant c¢1 such that for all m' € N* and all ca > c1, with probability at least 1 — 6,

% d
D[ Top, T(Zy)] < 21/ -

— _1 2,-2c3\d ,.; 2,—2c3
where § = 02_\/3(61626 2)® with cjc5e*2 < 1.

Remark 4. Proposition 2 is not probabilistically vacuous in the sense that we can increase
co to obtain 1 — 4§ > 0, at the cost of increasing the constant co in the bound. Forcing
1—6 > 0 still keeps ¢ constant without dependence on relevant variables such as d and m/.
This is because 1 —§ > 0 if ¢ is large enough such that ¢;c3 < 6205, which depends only on
the constants.
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Using Proposition 2, one can immediately provide a statistical bound via Theorem
1 over random Z,,. To see how such a result differs from that of statistical learning
theory, consider the case of Z,,, = S,,,. That is, we are looking at classic training error.
Whereas statistical learning theory applies a statistical assumption to the whole object
Eu[Lgacs,] — Es, [Lj A(Sm))> analytical learning theory first decomposes E,[L4s,.)] —
Eg, [Lj A(Sm)) i0to V[f]D*[T.u, T (Sm)] and then applies the statistical assumption only
to D*[Top, T (Sp)]. This makes V[f] strongly instance-dependent even with the statistical
assumption. For example, with f(z) = Lgj4(s,,)(2) and 7 (z) = z, if the training dataset
S satisfies the standard i.i.d. assumption, we have that with high probability,

N ~ . . d
EulLyasm)] = Esu[Liasm] < e2VILasy/ (1)

where the term V[Lg 4(s,,)] is strongly instance-dependent.

In Equation (1), it is unnecessary for m to approach infinity in order for the generaliza-
tion gap to go to zero. As an extreme example, if the variation of §4g,,) aligns with that of
the true y (i.e., Lij4(s,,) is constant), we have that V[L{4s,,)] = 0 and the generalization
gap becomes zero even with m = 1. This example illustrates the fact that Theorem 1
supports the concept of one-shot learning via the transfer of knowledge into the resulting
model §4(s,,)-

For the purpose of the non-statistical decomposition of E,[L7(s,,)] — Es, [Lj A(Sm)]s
instead of Theorem 1, we might be tempted to conduct a simpler decomposition with the
Hoélder inequality or its variants. However, such a simpler decomposition is dominated by
a difference between the true measure and the empirical measure on an arbitrary set in
high-dimensional space, which suffers from the curse of dimensionality. Indeed, the proof
of Theorem 1 is devoted to reformulating E,[L7(s,,)] — Es [Lj A(Sm)) Via the equivalence
in the measure and the variation before taking any inequality, so that we can avoid such
an issue. That is, the star-discrepancy evaluates the difference in the measures on high-
dimensional boxes with one vertex at the origin, instead of on an arbitrary set.

The following proposition proves the existence of a dataset Z,,, with a convergence rate
of D*[T, 11, T (Sy,)] that is asymptotically faster than O(y/1/m) in terms of the dataset size
m’. This is a direct consequence of (Aistleitner and Dick, 2014, Theorem 2).

Proposition 3. Assume that T is a surjection. Let T,y be any (non-negative) normalized
Borel measure on [0, l]d. Then, for any m' € NT, there ewists a dataset Z,,, such that

911 1\ (3d+1)/2
DT, T(Zyy)) < 63/a 2T 10821) |

m/

This can be of interest when we can choose 7 to make d small without increasing V|[f]
too much; i.e., it then provides a faster convergence rate than usual statistical guarantees. If
Z C R% (which is true in many practical cases), we can have d = 1 by setting 7 : Z — [0, 1],
because there exists a bijection between Z and (0,1). Then, although the variation of 7 is
unbounded in general, V[f] can be still small. For example, it is still zero if the variation
of (s, aligns with that of the true y in this space of [0, 1].
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3.3 General examples

The following example provides insights on the quality of learned representations:

Example 1. Let 7(z) = (¢(x),v) where ¢ is a map of any learned representation and
v is a variable such that there exists a function f satisfying Lg4(gs,,)(2) = f(¢(x),v) (for
supervised learning, setting v := y always satisfies this condition regardless of the infor-
mation contained in ¢(z)). For example, ¢(r) may represent the output of any interme-
diate hidden layer in deep learning (possibly the last hidden layer), and v may encode
the noise left in the label y. Let f be a map such that Ljus,,) = f(7(2)). Then, if
V[f] < oo, Theorem 1 implies that for any dataset pair (Smy Zyy) (including Z,,y = Sp,),
EulLias,)] < Bz, [Liais,) + VD Tt T(Zo).

Example 1 partially supports the concept of the disentanglement in deep learning (Ben-
gio et al., 2009b) and proposes a new concrete method to measure the degree of disentan-
glement as follows. In the definition of V[f] = Zzzl doi<ji<ci<d V& [f;,. ], each term

) [fi,.j.] can be viewed as measuring how entangled the ji,...,jj-th variables are in
a space of a learned (hidden) representation. We can observe this from the definition of

wfivege Gy ostyy)| dty, -~ dt
where 8F i, (L, - -, t5,) is the k-th order cross partlal derivatives across the Jls-eoy Jkm
th variables. If all the variables in a space of a learned (hidden) representation are com-
pletely disentangled in this sense, V®)[f;, ;] = 0 for all k > 2 and V[f] is minimized to
VIf] = 231 1V [ fi]. Additionally, Appendices A.5 and A.6 provide discussion of the

effect of flatness in measures and higher-order derivatives.

(®)[f;,.. 5] or from Proposition 1 as: V[, ] = Jior

Jk?

.....

One of the reasons why analytical learning theory is complementary to statistical learn-
ing theory is the fact that we can naturally combine the both. For example, in Example
1, we cannot directly adopt the probabilistic bound on D*[7, 1, 7 (Sy,)] from Section 3.2, if
7T (Sp,) does not satisfy the i.i.d. assumption because 7 depends on the whole dataset .S,,.
In this case, to analyze D*[T.p,7 (Sp)], we can use the approaches in statistical learning
theory, such as Rademacher complexity or covering number. To see this, consider a set ®
such that 7 € ® and @ is independent of S,,. Then, by applying Proposition 2 with a
union bound over a cover of ®, we can obtain probabilistic bounds on D* with the log of
the covering number of ® for all representations 7’ € ®. As in data-dependent approaches
(e.g., Bartlett et al. 2017, Lemma A.9), one can also consider a sequence of sets {®;};
such that 7 € U;®;, and one can obtain a data-dependent bound on D*[ZT,p, T (Sp,)] via a
complexity of ®;.

The following example establishes the tightness of Theorem 1 (i) with the 0-1 loss in
general, where ¢ : {0,1} — [0, 1] is an inclusion map:

Example 2. Theorem 1 (i) is tight in multi-class classification with 0-1 loss as follows.
Let 7 = 1o Ljus,). Let f be an identity map. Then, V[f] = 1 and Lijyg,,(2) =
(foT)(z) for all z € Z. Then, the pair of 7 and f satisfies the condition in Theo-
rem 1 as Lj4(s,,) and ¢ are measurable functions. Thus, from Theorem 1, E,[L§4(s,,)] —
Bz L) < VIID [T, T(Zi)] = (Tep)({1}) — Ez,, [L a(s,,)]]) (see Appendix B.5
for this derivation), which establishes a tightness of Theorem 1 (i) with the 0-1 loss as follows:
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for any dataset pair (Sm,Zn) (including Z,y = Sp), |Eu[Lias,y] —Ez  [Lias,l| =
V1D [Tap, T (Znw)]-

The following example applies Theorem 1 to a raw representation space 7 (z) = z and
a loss space T (z) = (v 0 Ly (s,.))(2):

Example 3. Consider a normalized domain Z = [0,1]% and a Borel measure y on Z.
For example, Z can be an unknown hidden generative space or an input-output space
(Z = XxY). Let us apply Theorem 1 to this measure space with 7 (z) = z and f = Lij(s,,)-
Then, if V[Lg(s,,)] < 00, Theorem 1 implies that for any dataset pair (Sy,, Z/) (including

Zyr = Sp) and any Ljacs,.)s BulLias,.)) < Bz, [Liacs,)) + VLG s, D* 1 Zu]-

Example 3 indicates that we can regularize V[Lg 4s,,)] in some space Z to control the
generalization gap. For example, letting the model §4(g,,) be invariant to a subspace that
is not essential for prediction decreases the bound on V[Ly A( Sm)]- As an extreme example,
if z = g(y,£) with some generative function g and noise £ (i.e., a setting considered in an
information theoretic approach), §4(s,,) being invariant to { results in a smaller bound on
V[LjA(s,.)]- This is qualitatively related to an information theoretic observation such as in
(Achille and Soatto, 2017).

4. Application to linear regression

Even in the classical setting of linear regression, recent papers (Zhang et al. 2017, Section 5;
Kawaguchi et al. 2017, Section 3; Poggio et al. 2017, Section 5) suggest the need for further
theoretical studies to better understand the question of precisely what makes a learned
model generalize well, especially with an arbitrarily rich hypothesis space and algorithmic
instability. Theorem 1 studies the question abstractly for machine learning in general. As
a simple concrete example, this section considers linear regression. However, note that the
theoretical results in this section can be directly applied to deep learning as described in
Remark 7.

Let S,, = {s(i)};’il be a training dataset of the input-target pairs where s = (z(?),4()).
Let §4(s,,) = W¢() be the learned model at the end of any training process. For example,

in empirical risk minimization, the matrix W is an output of the training process, W=
argminy, IAESm[%HWMx) —yl|l3]. Here, ¢ : (X,%;) — (]0,1]%,B(]0,1]%)) is any normalized
measurable function, corresponding to fixed features. For any given variable v, let d,, be the
dimensionality of the variable v. The goal is to minimize the expected error E[3 |W(z) —

y|I3] of the learned model We(-).

4.1 Domains with linear Gaussian labels

In this subsection only, we assume that the target output y is structured such that y =
W*¢(x)+&, where € is a zero-mean random variable independent of z. Many columns of W*
can be zeros (i.e., sparse) such that W*¢(x) uses a small portion of the feature vector ¢(x).
Thus, this label assumption can be satisfied by including a sufficient number of elements
from a basis with uniform approximation power (e.g., polynomial basis, Fourier basis, a set
of step functions, etc.) to the feature vector ¢(z) up to a desired approximation error. Note
that we do not assume any knowledge of W*.
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Let p, be the (unknown) normalized measure for the input x (corresponding to the
marginal distribution of (z,%)). Let X,, = {1} and S,, = {(z®,£®)} | be the input
part and the (unknown) input-noise part of the same training dataset as S,,, respectively.
We do not assume access to S'm Let W, be the [-th column of the matrix W.

Theorem 2. Assume that the labels are structured as described above and |W —W*|| < co.
Then, Theorem 1 implies that

B |51 0() ~ o3| - B, [5170(0) ~y1B| < VIAD (oot 606 + 1 4 42, (@)

where f(t) = gl|Wt=W*t]3, Ay = Eg [€T(W —W*)g(2)], A2 = Ee[|[€]5] —Eg,, [I€]3], and

dy
VIASY IV —wi) W =wHl+ > (W= W) (W — W),
=1 1<i<l/<d

Remark 5. Theorem 2 is tight in terms of both the minimizer and its value, which is
explained below. The bound in Theorem 2 (i.e., the right-hand-side of Equation (2)) is
minimized (to be the noise term Ay only) if and only if W o= w* (see Appendix A.4
for pathological cases). Therefore, minimizing the bound in Theorem 2 is equivalent to
minimizing the expected error E,[||W¢(x) — y||2] or generalization error (see Appendix A.4
for further details). Furthermore, the bound in Theorem 2 holds with equality if W = W*.
Thus, the bound is tight in terms of the minimizer and its value.

Remark 6. For D*[¢, ., d(X,,)] and Ay, we can straightforwardly apply the probabilistic
bounds under the standard i.i.d. statistical assumption. From Proposition 2, with high
probability, D*[¢s iz, 3(Xym)] < O(y/dy/m). From Hoeffding’s inequality with M > ||¢||3,
with probability at least 1 — d, Ae < M+/In(1/6)/2m.

It is not necessary for D*[¢p.piz, d(X;m)] to approach zero to minimize the expected
error; irrespective of whether the training dataset satisfies a certain statistical assumption
to bound D*[¢y iz, (Xom)], we can minimize the expected error via making W closer to W*
as shown in Theorem 2.

4.2 Domains with unstructured/random labels

In this subsection, we discard the linear Gaussian label assumption in the previous sub-
section and consider the worst case scenario where y is a variable independent of x. This
corresponds to the random label experiment by Zhang et al. (2017), which posed another
question: how to theoretically distinguish the generalization behaviors with structured la-
bels from those with random labels. Generalization behaviors in practice are expected to
be significantly different in problems with structured labels or random labels, even when
the hypothesis space and learning algorithm remain unchanged.

As desired, Theorem 3 (unstructured labels) predicts a completely different generaliza-
tion behavior from that in Theorem 2 (structured labels), even with an identical hypothesis
space and learning algorithm. Here, we consider the normalization of y such that y € [0, 1]%.
Let ps be the (unknown) normalized measure for the pair s = (z,y).

10
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Theorem 3. Assume unstructured labels as described above. Let M = supyc[o ) [Wt—y|l0o-
Assume that |W| < oo and M < co. Then, Theorem 1 implies that

B |5 ola) — ulB] ~ B, [317o() ~vlB| < VD T TS )

where T(s) = (6(x), ), £(t,y) = $IWt - yll3, and

dy
VIFI<SM+D)) Wi+ > (W Wyl +dyM.
=1 1<I<l/<dy

Unlike in the structured case (Theorem 2), minimizing the bound on the generalization
gap in the unstructured case requires us to control the norm of W, which corresponds to
the traditional results from statistical learning theory. As in statistical learning theory, the
generalization gap in Theorem 3 (unstructured labels) goes to zero as D*[T.us, 7 (Sy)] ap-
proaches zero via certain statistical assumption: e.g., via Proposition 2, with high probabil-
ity, D*[Tupis, T (Sm)] < O(4/(dp + dy)/m). This is in contrast to Theorem 2 (the structured
case) where we require no statistical assumption for the generalization gap to approach zero
within polynomial sample complexity.

Remark 7. (Theorems 2 and 3 on representation learning) Theorems 2 and 3 hold true,
even with learned representations ¢, instead of fized features. Let ¢(z) represent the last
hidden layer in a neural network or the learned representation in representation learning
in general. Consider the squared loss (square of output minus target). Then, the identical
proofs of Theorems 2 and 3 work with the learned representation ¢.

5. From analytical learning theory to methods in deep learning

This section further demonstrates the practical relevance of analytical learning theory by
showing its application to derive empirical methods. The complete code of our method and
experiments is publicly available at https://github.com/Learning-and-Intelligent-
Systems/DualCutout.

5.1 Theory

We consider multi-class classification with a set Y of class labels. Then,

EulLias,)) — Eso L A(Sm)]
=Y W)y, [Lias,)) — PW)Es,, [Liacs,.)) = pW)Es, , [Lis,,)]

yey
= »y ( oty [LIA(S )] — Esm[LZ)A(sm)]) + (p(y) — p(v)) Es,, [Liacs,.)):
yey
where p(y) £ | z\y| IAEsl‘y[LyA( )| = \Sz| | ersﬂy S)(,y), and Sy, C Sy, is the set

of the training mput points x of the label y. Within the sum over y, by applying Theorem
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1 (i) to each first term and Hoeffding’s inequality to each second term, we have that with
probability at least 1 — 6/2,

EulLi as,)) — ES, [L4(5m)]

. log2/6
<> py) inf VIf ttalys Ty(Sep)] + Es., [Lics,, :
yez‘; ()(Ty’fy)efy [yl D [(Ty) s btafys Ty(Sapy)] W L9a(s)] 2150,

Assume that there exists a generative (unknown) hidden space G : (y,z) — = where
the true label of the input z = G(y, z) is y for any z in the its normalized domain. We
now set 7, : (z,y) — 2z and f, : 2 — Lijggs,,)(7,y) where z is the unknown hidden space
that does not affect the true label. This choice does not depend on the dataset although
it is unknown. Thus, by applying Proposition 2 with these (7}, f,), we have that with
probability at least 1 — d,

. A d, log2/6
EpLias,)) = Es, L)) < caply foly| o= So +Es,, [Lias,)] 21 /‘ o (4)
x|y

yey

where d, is the dimensionality of the generative hidden space of z and c2 is a constant
defined in Proposition 2.

Equation 4 tells us that if V[f,] is bounded by a constant, the generalization error goes
to zero in polynomial sample complexity even with an arbitrarily complex hypothesis space
and non-stable learning algorithm. If the loss is 0-1 loss, V'[f,] = 0 when (y, 2) — §.4(s,,)(®)
is invariant over z. In other words, to control V[f,], we want to have a model that is more
invariant over the space of z, which intuitively makes sense.

5.2 Methods

The above result provides a theoretical basis for a family of consistency-based reqularization
methods, including II-Model (Laine and Aila, 2016), virtual adversarial training (Miyato
et al., 2016) and regularization with stochastic transformations and perturbations (Sajjadi
et al., 2016). These consistency-based regularization methods have been empirically suc-
cessful heuristics. These methods are based on the intuition that perturbations of a data
point z — Z should not change the output of a model as @( ) ~ () if the true label is
invariant under the perturbation; i.e., y*(z) = y*(Z) where y* outputs a correct label. This
intuitive goal is achieved by minimizing d(y(z),(Z)) with respect to the trainable model
7, where d(, ) measures a distance between the two outputs. In Equation 4, these methods
can be viewed to control V[f,] by making the model § more invariant over the space of z.
Therefore, our theory formalizes the intuition of these regularization methods in terms of
the generalization gap.

In order to more effectively minimize the bound on the generalization gap in Equation
4, we propose a new regularization method, called dual-cutout. For each training input z,
our dual-cutout method minimizes the following regularization loss lyeq(2,6) with respect
to @ (in addition to the original classification loss):

lreg(,0) = /( h(@1,) ~ bz, O B4 e, l),
T1,T2
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where h(2’,0) is the post-softmax output of the last layer of a neural network with param-
eters f (given an input z’'), and (z1, z2) ~ P(x1, 22|z) are two randomly sampled inputs of
two random cutouts of a given natural input z. Here, we set P(x1, z2|x) = P(x1|z)P(z2|x),
and P(x1|x) = P(x2|x) is the probability distribution over random cutout input z; given a
original (non-cutout) input z; i.e., P(x1|x) = P(x2|x) represents the same random cutout
procedure as single-cutout method in the previous paper (DeVries and Taylor, 2017). As
this additional regularization loss gets smaller, the model becomes more insensitive over the
hidden space of z, implicitly minimizing V[f,] and the bound on the generalization gap in
Equation 4.

Table 1 compares the test error of dual-cutout against single-cutout and the standard
method for three benchmark datasets, namely CIFAR10, CIFAR100 and SVHN. Dual-
cutout outperforms baseline methods by a significant margin.

Table 1: Test error (%) with different regularization methods.

Method CIFAR-10  CIFAR-100 SVHN

Standard 3.79 £ 0.07 19.85 £ 0.14 2.47 £ 0.04
Single-cutout  3.19 £ 0.09 18.13 + 0.28 2.23 £+ 0.03
Dual-cutout  2.61 + 0.04 17.54 £ 0.09 2.06 £+ 0.06

We conducted all the experiments with the WideResNet28_10 (Zagoruyko and Ko-
modakis, 2016) architecture and report the test errors at the end of 300 training epochs.
We used SGD with the learning rate 0.1 and the momentum 0.9. At each step of SGD,
to minimize the regularization loss liee(2, 6) of dual-cutout, we used the sampled gradient
Vollh(x1,0) — h(x2,0)||3 where (z1,72) is sampled as (z1,72) ~ P(x1,z2]|z). The learn-
ing rate was annealed at epochs 150 and 225 by a factor of 0.1. We used standard data-
augmentation and preprocessing for all the datasets. For each dataset, we choose the cutout
size as reported in (DeVries and Taylor, 2017). We performed five trials of each experiment
and report the standard deviation and mean of test error in Table 1.

6. Discussion

Table 2 summarizes the major simplified differences between statistical learning theory
and analytical learning theory. Because of the differences in the assumptions and the objec-
tives, the proposed learning theory is not directly comparable in terms of sample complexity
against previous learning theory. Instead of focusing on comparable sample-complexity, an-

Table 2: A simplified comparison, wherein GG denotes the generalization gap

Statistical Learning Theory Analytical Learning Theory
GG is characterized by hypothesis spaces ‘H or algorithms .4 a learned model 7 4s,,)
GG is decomposed via statistics measure theory
Statistical assumption is required can be additionally used
Main focus is when a (training) dataset S,, remains random | a (training) dataset S, is given
Bounds on GG are not strongly instance-dependent strongly instance-dependent
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alytical learning theory focuses on complementing previous learning theory by providing
additional practical insights. Indeed, the real-world phenomena that are analyzed are dif-
ferent in statistical learning theory and analytical learning theory. Typically in statistical
learning theory, some upper bound holds over a fixed H or a fixed A with high probability
over different random datasets. In contrast, in analytical learning theory, some upper bound
holds individually for each problem instance.

An another difference between statistical learning theory and analytical learning theory
lies in the property of strong instance-dependence. Any generalization bound that depends
on a non-singleton hypothesis space H # {J4(s,,)}, such as ones with Rademacher com-
plexity and VC dimension, is not strongly instance-dependent because the non-singleton
hypothesis space contains § # 4(s,,), and the bound is not invariant under an arbitrary
change of H. The definition of stability itself depends on S, that is not equal to S, and Z,,/
(Bousquet and Elisseeff, 2002), making the corresponding bounds be not strongly instance-
dependent. Moreover, a generalization bound that depends on a concept of random datasets
Sy, different from S, and Z,,, (e.g., an additive term O(y/1/m) that measures a deviation
from an expectation over Sy, # Sy, Zn) is not strongly instance-dependent, because the
bound is not invariant under an arbitrary change of S,,.

Data dependence does not imply strong instance-dependence. For example, in the data-
dependent bounds of the luckiness framework (Shawe-Taylor et al., 1998; Herbrich and
Williamson, 2002), the definition of w-smallness of the luckiness function contains a non-
singleton hypothesis space H, a sequence of non-singleton hypothesis spaces (ordered in a
data-dependent way by a luckiness function), and a supremum over H with the probability
over datasets S, # Sy, (With Z,,, = S,,) (e.g., see Definition 4 in Herbrich and Williamson
2002 with contraposition). As exemplified in the luckiness framework, one can usually
turn both data-dependent and data-independent bounds into more data-dependent ones by
considering a sequence of hypothesis spaces or sets of learning algorithms. However, such
data-dependent bounds still contain the complexity of a non-singleton hypothesis space
(and dependence on the definition of the sequence). The data-dependent bounds with
empirical Rademacher complexity (Koltchinskii and Panchenko, 2000; Bartlett et al., 2002)
also depend on a non-singleton hypothesis space and its empirical Rademacher complexity.
Moreover, the definition of robustness itself depends on S,,,, which is not equal to S, or Z,,s
(Xu and Mannor, 2012). Therefore, all of these data-dependent bounds are not strongly
instance-dependent.

The fact that Theorem 1 is invariant to the complexity of hypothesis space H and certain
details of a learning algorithm A can be both advantageous and disadvantageous, depending
on the objective of the analysis. As we move towards the goal of artificial intelligence, H
and A would become extremely complex, which can pose a challenge in theory. From this
viewpoint, analytical learning theory can also be considered as a methodology to avoid such
a challenge, producing theoretical insights for intelligent systems with arbitrarily complex
‘H and A, so long as other conditions are imposed on the actual functions being computed
by them.
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Appendix

Appendix A contains additional discussions to facilitate understanding this paper. Ap-
pendix B includes all the proofs of the theoretical results.

Appendix A. Additional discussions

A.1 An illustration of discrepancy

Figure 1 shows an illustration of the local discrepancy D[By; T, v] and related notation in
two dimensional space.

Figure 1: The local discrepancy D[By; T),, v] evaluates the difference between the empirical
measure of the box B; (the normalized number of data points in the box By, which is 4/10)
and the measure v of the box B; (the measure of the blue region)

A.2 An illustration of a difference in the scopes of statistical and analytical
learning theories

Figure 2 shows a graphical illustration of a difference in the scopes of statistical learning
theory and analytical learning theory. Here, p™ is the product measure.

In the setting of statistical learning theory (Figure 2 (a)), our typical goal is to analyze
the random expected error E,,[Lg 4g,,)] over the random datasets Sy, by fixing a hypothesis
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space and/or learning algorithm over random datasets. Due to the randomness over S,
we do not know where ¢ exactly lands in ). The lower bound and necessary condition in
the setting of statistical learning theory is typically obtained via a worst-case instance ¢’ in
Q. For example, classical no free lunch theorems and lower bounds on the generalization
gap via VC dimension (e.g., Mohri et al. 2012, Section 3.4) have been derived with the
worst-case distribution characterizing ¢’ in Q). Such a necessary condition is only proven to
be necessary for the worst-case ¢’ € ), but is not proven to be necessary for other “good”
cases ¢ # ¢'. Intuitively, we are typically analyzing the quality of the set @, instead of each
individual q € Q.

In this view, it becomes clear what is going on in some empirical observations such
as in (Zhang et al., 2017). Intuitively, whereas statistical learning theory focuses more on
analyzing the set @, each element such as ¢ (e.g., a “good” case or structured label case)
and ¢’ (e.g., the worst-case or random label case) can significantly differ from each other.
Data-dependent analyses in statistical learning theory can be viewed as the ways to decrease
the size of () around each gq.

In contrast, analytical learning theory (Figure 2 (b)) focuses on each ¢ only, allowing
tighter results for each “good” ¢ € @ beyond the possibly “bad” quality of the set Q overall.

It is important to note that analyzing the set @ is of great interest on its own merits, and
statistical learning theory has advantages over our proposed learning theory in this sense.
Indeed, analyzing a set @ is a natural task along the way of thinking in theoretical computer
science (e.g., categorizing a set @ of problem instances into polynomial solvable set or not).
This situation where theory focuses more on () and practical studies care about each ¢ € Q)
is prevalent in computer science even outside the learning theory. For example, the size
of @ analyzed in theory for optimal exploration in Markov decision processes (MDPs) has
been shown to be often too loose for each practical problem instance ¢ € @, and a way
to partially mitigate this issue was recently proposed (Kawaguchi, 2016). Similarly, global
optimization methods including Bayesian optimization approaches may suffer from a large

K, Sm A DS

g

(a) Statistical learning theory (b) Analytical learning theory

Figure 2: An illustration of a difference in the scopes with Z,,, = S,,: ¢ represents a query
about the generalization gap of a learned model y 4(s,,), which is a deterministic quantity
of the tuple (u, Sm, Ly A(Sm))~ Intuitively, whereas analytical learning theory analyzes ¢
directly, statistical learning theory focuses more on analyzing the set () that contains gq.
The set @ is defined by the sets of possible measures p and randomly-drawn different
datasets S;, and the hypothesis space H or learning algorithm .A.
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complex @ for each practical problem instance ¢ € @, which was partially mitigated in
recent studies (Kawaguchi et al., 2015, 2016).

Furthermore, the issues of characterizing a set @ only via a worst-case instance ¢’ (i.e.,
worst-case analysis) are well-recognized in theoretical computer science, and so-called beyond
worst-case analysis (e.g., smoothed analysis) is an active research area to mitigate the
issues. Moreover, a certain qualitative property of the set ) might tightly capture that of
each instance ¢ € ). However, to prove such an assertion, proving that a upper bound on
Vq € Q matches a lower bound on J¢’ € @ is insufficient.

A.3 On usage of statistical assumption with 7, = S,

Using a statistical assumption on a dataset Z,,,, with Z,,» # S, is consistent with a practical
situation where a dataset Sy, is given first instead of remaining random. For Z,,, = .S,,, we
can view this formulation as a mathematical modeling of the following situation. Consider
S, as a random variable when collecting a dataset 5,,, and then condition on the event
of getting the collected dataset S, once S, is specified, focusing on minimization of the
(future) expected error E,[Lg 4(s,,)] of the model § 4, learned with this particular specified
dataset Sp,.

In this view, we can observe that if we draw an i.i.d. dataset S,,, a dataset S, is
guaranteed to be statistically “good” with high probability in terms of D*[Z.u, 7 (Sy,)]

(e.g., D*[Top, T (Sp)] < 02\/% via Proposition 2). Thus, collecting a training dataset in a
manner that satisfies the i.i.d. condition is an effective method. However, once a dataset
Sm is actually specified, there is no longer randomness over .S,,, and the specified dataset
S is “good” (high probability event) or “bad” (low probability event). We get a “good”
dataset with high probability, and we obtain probabilistic guarantees such as Equation (1).

In many practical studies, a dataset to learn a model is specified first as, for example,
in studies with CIFAR-10, ImageNet, or UCI datasets. Thus, we might have a statisti-
cally “bad” dataset S,, with no randomness over S,, when these practical studies begin.
Even then, we can minimize the expected error in Theorem 1 by minimizing V[f] (and/or
D*[T.pu, T (Sp,)] as deterministic quantity) such that V[f]D*[Z.u, T (S),)] becomes marginal
without the randomness over .5,,.

A.4 Supplementary explanation in Remark 5

The bound is always minimized if W = W*, but it is not a necessary condition in a
pathological case where the star-discrepancy D* is zero and A; can be zero with W =+ W,

In Section 4.1, the optimal solution to minimize the expected error Es[%HWd)(x) —yll3]
is attained at W = W*. To see this, we can expand the expected error as

B, [316(e) - ul3]
— . |5W0(e) WO + Bae |51l + €7 (Wote) - (o)

~ . [Jo(e) - o] + Ee [31elg].

20



ANALYTICAL LEARNING THEORY

where the last line follows that £ is a zero-mean random variable independent of x. From the
last line of the above equation, we can conclude the above statement about the minimizer.

A.5 Flatness in measures

It has been empirically observed that deep networks (particularly in the unsupervised set-
ting) tend to transform the data distribution into a flatter one closer to a uniform distri-
bution in a space of a learned representation (e.g., see Bengio et al. 2013). If the distribu-
tion 7,p with the learned representation 7 is uniform, then there exist better bounds on
D*[Topu, T (Zyy)] such as D*[Top, T (Zyyr)] < 104/d/m/ (Aistleitner, 2011). Intuitively, if the
measure T} i is non-flat and concentrated near a highly curved manifold, then there are more
opportunities for a greater mismatch between 7Z,u and T'(Z,,) to increase D*[Top, T (Zy)]
(see below for pathological cases). This intuitively suggests the benefit of the flattening
property that is sometimes observed with deep representation learning: it is often illus-
trated with generative models or auto-encoders by showing how interpolating between the
representations of two images (in representation space) corresponds (when projected in im-
age space) to other images that are plausible (are on or near the manifold of natural images),
rather than to the simple addition of two natural images (Bengio et al., 2009b).

If 7,.p is concentrated in a single point, then D*[T,u, 7 (Z,,)] = 0, but it implies that
there is only a single value of Lg4(s,,)(2) = f(¢(x),v) because (¢(z),v) takes only one
value. Hence, this is tight and consistent. On the other hand, to minimize the empirical
€error Ezm/ [Lgas,,)] with diverse label values, Tip should not concentrate on the small
number of finite points.

If D*[Top, T (Zyy)] is small, it means that the learned representation is effective at
minimizing the generalization gap. This insight can be practically exploited by aiming to
make 7, flatter and spread out the data points 7 (Z,,/) in a limited volume. It would also
be beneficial to directly regularize an approximated D*[7.u,7 (Z,)] with the unknown
u replaced by some known measures (e.g., a finite-support measure corresponding to a
validation dataset).

A.6 Effect of higher-order derivatives

Example 1 suggests a method of regularization or model selection to control higher-order
derivatives of a learned model w.r.t. a learned representation. Let f(t) = ¢(Y(¢),Y (t));
here, Y and Y represent the learned model §4(g,,) and the target output y as a function

of t = T (z), respectively. Then, for example, if £ is the square loss, and if Y and Y are
smooth functions, V[f] goes to zero as VFY —V*Y — 0 for k = 1,2, ..., which can be upper
bounded by [|[V*Y|| + || VY.

Appendix B. Proofs

We use the following fact in our proof.

Lemma 1. (theorem 3.1 in Aistleitner et al. 2017) Every real-valued function f on [0,1]¢
such that V[f] < oo is Borel measurable.
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B.1 Proof of Proposition 1
Proof. By the definition, we have that

AL e By = AL (Aﬂfﬁ...jk(tﬁ?),---,tﬁjj)))

By the mean value theorem on the single variable ¢;, ,

AL 85 ) = (B4 50, 09 ) 00

where ¢\ ¢ (t(-ikﬂ) £ix)

) i st ). Thus, by repeatedly applying the mean value theorem,

k
% 7 7 ; ip+1 )
AL Firean W) = (OF (e e ) TTCEHY =150,

where ¢/ € (8 i) for all 1 € {1,...,k}. Thus,

i
: ) 4G
k) +1
174 [f_]l ch = sup Z Z ‘817 ,kf]l ]k Z1 - ‘H lk tlk ).
PEPL ;= ip=1 =1

By taking supremum for )af,,,,kfjl...jk (cﬁl), e cg-i’“)) and taking it out from the sum, we ob-
tain the first statement. The second statement follows the fact that if 8’“ IR E.le), Cee
t%’“)) is continuous, then [0F , fi,. . (tﬁl), . ,t§k ))| is continuous and Riemann integrable.
Thus, the right hand side on the above equation coincides with the definition of the Riemann
integral of [0, f5,.; (7, .., t%)] over [0, 1]F, 0

B.2 Proof of Theorem 1

The proof of Theorem 1 relies on several existing proofs from different fields. Accordingly,
along the proof, we also track the extra dependencies and structures that appear only
in machine learning, to confirm the applicability of the previous proofs in the problem
of machine learning. Let 14 be an indicator function of a set A. Let Q = [0,1]%. Let
1=(1,1,...,1) € Qand 0 = (0,0,...,0) € Q as in a standard convention. The following
lemma follows theorem 1.6.12 in (Ash and Doleans-Dade, 2000).

Lemma 2. For any (7, f) € F[Lja(s,.)l;

/fﬁ@ﬂwdz/waﬂMW)
Z Q

Proof of Lemma 2. By Lemma 1, f is a Borel measurable function. The rest of the
proof of this lemma directly follows the proof of theorem 1.6.12 in (Ash and Doleans-Dade,
2000); we proceed from simpler cases to more general cases as follows. In the case of f
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being an indicator function of some set A as f = 14, we have that

/Z HT()du(z) = p(ZN T A)
(Top) (2N A)

/f (@)

In the case of f being a non-negative simple function as f = > """ ; a;14,,

/Z ATENE) =3 /Z 11, (T(2))dp(z)

=3 /Q 14, (@) d(Topt) ()

— / F(@)d(Tops) (),
Q

where the second line follows what we have proved for the case of f being an indicator
function.

In the case of f being a non-negative Borel measurable function, let (fx)ren be an in-
creasing sequence of simple functions such that f(w) = limg_~ fr(w), w € Q. Then, by what
we have proved for simple functions, we have [ fi(7(2))du(z) = [ fr(w)d(Zop)(w). Then,
by the monotone convergence theorem, we have [ f(7 (2))du(z) = [ f(w)d(Top)(w).

In the case of f = fT — f~ being an arbitrary Borel measurable function, we have
already proved the desired statement for each f* and f~, and by the definition of Lebesgue
integration, the statement for f holds.

O

Proof of Theorem 1. With Lemmas 1 and 2, the proof follows that of theorem 1 in
(Aistleitner and Dick, 2015). For any (7, f) € F[LJA(s,.)];

[ Bk (@) = 3" Lias,y () = [ STEnG) - -5 1T ()
Z i=1 Z i=1
— [ f@AT ) - > T )
Q i

where the second line follows the condition of 7 and f and the third line follows Lemma 2.
In the following, we first consider the case where f is left-continuous, and then discard the
left-continuity condition later.

Consider the case where f is left-continuous (for the second statement): Suppose that
f is left-continuous coordinate-wise at every point in the domain. Given a pair of vectors
(a,b), we write a < b if the relation holds for every coordinate. Let f(w) = f(1 —w) — f(1)
for all w € Q. Then, by theorem 3 and equation (20) in (Aistleitner and Dick, 2015),
there exists signed Borel measure 47 on € such that flw) = ([0, w]) for all w € € and

il () = VIf]+ |7(0)] = V[f]. Let vs be the reflected measure of pfasvp(A) = pp(l—A)
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for any Borel set A C © where 1 — A ={1—1t:t € A}. It follows that vy is a signed Borel
measure and

vl () = lufl(Q) = VIf].

By using these, we can rewrite f as

fw) = F(1) + F(1 - w)
= £+ [ Loa-a (g
= £+ [ B Odoy )
=5+ [ Tog()dus(0),
where the second line follows from {1 — ¢ : ¢ € [w,1]} = [0,1 — w]. Then, by linearity,
LS fr e - 71) - |+ 3™ L TGy 0,
Z =

and by the Fubini—Tonelli theorem and linearity,
/Qf(w)d(T*M)(w) - f1) = /Q/Q Lo, (w)d(Tups) (w)du (t)
= [ @0ty 0.

Therefore,
1 & 1 &
| r@iTa)w) - 53 #T ) = | ((Zu)([o,t]) ~ =3 oy <T<zi>>> vy (1)
Q i=1 Q i=1

which proves the second statement of this theorem by noticing that f(t) = v¢([t,1])+ f(1).
Moreover, this implies that

m/

| | 1T @) = =23 (T ()

i=1

< |dvs (O Q) D™ [Teps, T (Zi)]

= VIAID [ Tep, T (Z)]-

Discard the left-continuity condition of f (for the first statement): Let f be given and
fixed without left-continuity condition. For each fixed f, by the law of large numbers
(strong law of large numbers and the multidimensional Glivenko—Cantelli theorem), for any
€ > 0, there exists a number n and a set A,, = {@;}"; such that both of the following two
inequalities hold:

<e

)

| Fd@ e -+ 3 @)
=1
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and
D* [T, An] <e

Let A, = {@;}i=1 be such a set. For each fixed f, let f,, be a left-continuous function
such that f,(w) = f(w) for all w € A, UT(Z,y) and V[f,] < V[f]. This definition of
frn is non-vacuous and we can construct such a f,, as follows. Let G be the d-dimensional
grid generated by the set {0} U {1} U A, U7 (Z,); G is the set of all points w € Q
such that for k € {1,...,d}, the k-th coordinate value of w is the k-th coordinate value
of some element in the set {0} U {1} U A,, U7 (Z,,). We can construct a desired f, by
setting f,(w) = f(succ,(w)), where succ, (w) outputs an unique element t € G satisfying
the condition that t > w and t < ¢ for allt/ e {¢ € G : ¥/ > w}.
Then, by triangle inequality, we write

ml

1 1 &
Jreamne - 53 {ata) < J, T = S

+_anz /fn (w)

[ f(w)d(ﬂu)(w)—giz:;f(@-)

Because f,, is left-continuous, we can apply our previous result to the first and the second
terms; the first term is at most V[f,|D*[Tup, T(Zn)] < VI[fID*[Tips, T(Zy)], and the
second term is at most V[f,|D*[ZTup, An] < €V]f]. The third term is at most € by the
definition of A,. Since ¢ > 0 can be arbitrarily small, we have that for each (f,7) €
FILYA(s,)) (deterministically,)

() = 32 F(T ()| < VD Tt T(Z,).
=1

Putting together: for any (7, f) € F[Lj(s,,)];

m/

'/z Ljus,,) (z)du(z) — % > Ljas,,)(z)

i=1

S VD [T, T (Zi)]

Thus, L (s, (2)dp(z) — %Zzl LQA(SM)(zi)’ is a lower bound of a set @ = {V[f]
DT, T(Zn)] - (T, f) € FLjas,)]}- By the definition of infimum, | [ Lij4(s,.)(2)du(z)

— % Ezl Ljus,)(zi)| < inf Q, if inf @ exists. Because @ is a nonempty subset of real and
lower bounded by 0, inf ) exists. Therefore,

inf VIfID*[Tep, T (Zr)],
e ] S1D7 [T, T (Z )]

/ZL?JA(Sm)(Z)dM( -— ZLyA(Sm)(Zz)

=1

which implies the first statement of this theorem.
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B.3 Proof of Proposition 2

Proof. From theorem 2 in (Heinrich et al., 2001), there exists a positive constant ¢; such
that for all s > ¢;v/d and for all m’ € Nt

1

2\ d
P { D (Tn T(Zy)] > sl 2} < 2 (7)
S

where we used the fact that the VC dimension of the set of the axis-parallel boxes contained
in [0, 1]¢ with one vertex at the origin is d (e.g., see Dudley 1984). By setting s = caV/d for
any cg > ¢, we obtain the desired result. O

B.4 Proof of Proposition 3

Proof. From theorem 1 in (Aistleitner and Dick, 2014), for any m’ € N, there exists a set
T, of points t1,...,t,, € [0,1]? such that

241 N\ (3d+1)/2
DTy Ty] < 63V 2T Og?g) .

Because 7 is a surjection, for such a T, there exists Z,, such that 7 (Z,,/) = T, . O

B.5 Proof of the inequality in Example 2

Let pr(z ,) bea (empirical) normalized measure with the finite support on 7 (Z,,/). Then,

EulLjacs,)) — Ez,, [Lias,) < VIAD (Tup, T(Zny))
= max{|(Z.u)({0}) — pr(z,,)({0})],
[(Zep({0,1})) — piz(z,,,) ({0, 1})[}
= [T.p({0}) — pr(z,,)({0})]
=1 - Tp({1}) = 1 + pr(z,, ({1})]
= [T.p({1}) = prz, ({1}

Rewriting pr(z, ) ({1}) = Ez, ,[L.4(s,,)] yields the desired inequality in Example 2.

B.6 Proof of Theorem 2
Proof. Let Lijs,,) (%) = %HWqﬁ(a;) —W*¢(z)||3 (Z = X). Since

SIWolw) — yl3 =5 IW6(x) — o) + €18 — €7 (Wola) ~ Wo(x))

we have
1, S )
Es |5 W6() — yIB| — Bs,, |5 IW(x) — ol
=By, [Lias,)) — Ex,, [Liaes,)] + A1+ Az
S VIfID*[pupiz; 9(Xm)] + A1 + Ag,
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where the last line is obtained by applying Theorem 1 to E,, [L94(s,.)] — ) X [LYA(Sm)]
as follows. Let 7 (x) = ¢(x) and f(t) = %HWt—W*tH%, where ¢t € R%. Then, Ljas,) () =
(foT)(x), and (T, f) € F[LJA(s,,)] in Theorem 1 if V[f] < co. Therefore, by Theorem 1,
if V[f] < o0

B, [Liacs,)] — Ex, [LIas] < VD [Gpta, d(Xm)]-

To upper bound V[f] and to show V[f] < oo, We 1nv0k§ Proposition 1 as follows. We
have that g—gz = (W, — W)T(W — W*)t, and at 8t, = (W, — W;)T(Wy — W};). Because
the second derivatives are constant over ¢, the thlrd and higher derivatives are zeros. Let
t = (t1,... ,td¢)T with ¢t; = 1 for all j # [. Then, we have that

U

d
EIUEDY /[ 0= T O i
=1 0.1

<

M& I

1(W, —VVZ*)T(W—W*)|1/[01 [l oty
1 ’

o~
Il

12 = W) T (W = W),

I
M=~

o~
Il

1

and
> VPl < Yo (W= W) (Wi = W)l
1<I<l'<d 1<i<l<d
Slnce higher derivatives exist and are zeros, from Proposition 1, V®)[f;, ] = 0 for k =

.,d. By the definition of V[f], we obtain the desired bound for V[f], and we have
V[ f] < 0 if ||W — W*|| < oo (where there is no need to specify the particular matrix norm
because of the equivalence of the norm). O]

B.7 Proof of Theorem 3

Proof. Let Wy be the (I',1)-th entry of the matrix W. Let Lg(s,,)(s) = %”W(Z)(l’) — |3
(Z2=XxY). Let T(s) = (¢(x),y) and f(t,y) = 2|Wt—y]||3 . Then, £(s) = (foT)(s), and
(T, f) € FILyAs,,] in Theorem 1 if V[f] < oo. Therefore, by Theorem 1, if V[f] < oo,

B, [§1976(0) — ] ~ B, | 31000 ~ ] < VIND T, TS

To upper bound V[f] and to show V[f] < oo, we invoke Propqsition 1 as follows. For
the first derivatives, we have that 8f = I/VZT(Wt —y) and 8f = —(Wt—y);. For the second

derivatives, we have that ﬁ I/Vl Wy,

%f 1 1=V
dydyr |0 ifl#£1,
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=L = —I/i/l/l. Because the second derivatives are constant in ¢ and y, the third and
higher derivatives are zeros. Then, because |2—£| < M|W;|; and |g—£\ < M, with [ = jy,

dg

dg
S VO] < MY W,

j1=1 =1
and
d¢+dy

> VOS] < dyM.
Ji=dg+1

Furthermore, for ji,j2 € {1,...,dg}, with [ = j; and I’ = j,
VO f5] < W W
For j; € {1,...,d¢} and jo € {d¢+1,...,d¢+dy}, with [ = j; and U = Jo —d¢,
VE[fj50) < (W,
and for ji,jo € {d¢ +1,... ,d¢ + dy},

1 ifjy =72
0 otherwise.

VO[5, < {

Thus,
dg dy
Yoo VOlhpl= > IWTWl Y Y (Wil
1<j1<jo<dg+dy 1<i<l'<dy I=11=1
dg
= DWW+ Wil
1<I<l'<dy =1
Therefore,

d¢ +dy

Z Z v® [fjl---jk]

k=1 1<ji<-<jp<dg+dy
2
_ E: Ere.
- V( )[fjl...]k]
k=1 1<j1<-<jr<dgp+dy

dg
S(MADY (Wil + Y, W Wyl +d,M.
=1 1<I<l/<dg

Here, we have V[f] < oo because |W| < oo and M < oo (and the equivalence of the
norm). O
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