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Abstract. This paper generalizes the Maurer—Pontil framework of finite-dimensional lossy coding schemes to
the setting where a high-dimensional random vector is mapped to an element of a compact set of
latent representations in a lower-dimensional Euclidean space, and the reconstruction map belongs to
a given class of nonlinear maps. Under this setup, which encompasses a broad class of unsupervised
representation learning problems, we establish a connection to approximate generative modeling
under structural constraints using the tools from the theory of optimal transportation. Next, we
consider the problem of learning a coding scheme on the basis of a finite collection of training samples
and present generalization bounds that hold with high probability. We then illustrate the general
theory in the setting where the reconstruction maps are implemented by deep neural nets.
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1. Introduction. The problem of lossy compression is about constructing succinct repre-
sentations of high-dimensional random vectors that retain the features of the data that are
relevant for some subsequent task, such as reconstruction subject to a fidelity criterion or
statistical inference. When the compressed representation is digital, with constraints imposed
by the limitations on the speed of digital transmission or on the available storage space, the
corresponding problem of lossy compression falls within the purview of rate-distortion theory
[8] and the theory of vector quantization [19]. On the other hand, given recent advances in
machine learning using deep neural nets [21], it is of interest to consider “analog” schemes for
lossy compression that map the original high-dimensional data to a continuous latent repre-
sentation of lower dimensionality [7], and where the reconstruction operations that send the
latent representation back to the original high-dimensional space are implemented by nonlin-
ear maps with a given structure. Moreover, even if one can show the existence of an optimal
coding scheme matched to a given data-generating distribution, this distribution is often un-
known, and one has to resort to empirical design (or learning) of coding schemes on the basis
of training samples. This approach encompasses both classical problems like clustering and
vector quantization [19, 30] or principal component analysis [24], and modern unsupervised
representation learning techniques, such as autoencoders [36]. In all of these scenarios, it is
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of interest to obtain theoretical bounds on the optimality gap (or generalization error) of the
learned coding scheme.

Recently, Maurer and Pontil [32] studied the problem of learning finite-dimensional coding
schemes with compact low-dimensional representation spaces and linear reconstruction maps
and used empirical process techniques to derive the bounds on the generalization error. Follow-
up work by Vainsencher, Mannor, and Bruckstein [42] extended the results of [32] to the setting
of dictionary learning. In this paper, we consider the problem of learning finite-dimensional
coding schemes with low-dimensional compact representation spaces and nonlinear reconstruc-
tion maps, such as deep neural nets. Moreover, the utility of finite-dimensional coding schemes
is not limited to compression—one can also view them as approximate generative models for
a given signal class subject to suitable structural constraints. For example, it was shown by
Pollard [37] that an optimal k-point vector quantizer for a d-dimensional random vector Z
can be turned into a generative model that best approximates the probability law of Z by a
discrete probability measure supported by k points in R? (if ¢ is the map that implements
the quantizer, then the probability law of ¢(Z) gives the best approximation of the law of Z
in the Euclidean 2-Wasserstein metric; see subsection 2.2.1 for a detailed discussion). One of
the contributions of this paper is to show that this generative viewpoint is valid for a much
wider class of lossy compression schemes with nonlinear reconstruction maps, e.g., deep neural
networks.

The remainder of the paper is organized as follows. In section 2, we present a comprehen-
sive theoretical framework of finite-dimensional coding schemes and discuss its close relation
to unsupervised learning of latent representations. We also discuss its connection to opti-
mal transport theory [45] and rate-distortion theory [8]. In particular, the optimal transport
viewpoint, detailed in subsection 2.2.1, provides the foundation for viewing finite-dimensional
coding schemes as approximate generative models for high-dimensional data subject to struc-
tural constraints. In section 3, we formulate the problem of empirical design or learning of a
coding scheme and provide two bounds on the generalization error, one based on the theory
of optimal transport and another based on exploiting the geometric complexity of the class
of reconstruction maps. In section 4, we exemplify the use of the latter generalization bound
in the context of finite-dimensional coding schemes with reconstruction maps implemented by
deep neural nets composed of fully connected layers or convolutional layers. All proofs are
relegated to Appendix A.

Notation. For a vector, || - || denotes the 2 norm unless specified otherwise. For a matrix
A, ||A|| denotes the spectral norm: || Al := sup{||Au| : [|u|]| = 1}. For p > 1, the norm
| - |l for matrices denotes the entrywise ¢, norm; i.e., for an m x n matrix A, [|A], =
(Z?:l S laijP) YP  For a set U of vectors, ||U||s denotes the maximum f2 norm of the

clements in U, i.e., sup,cy |lull. We will use the standard O(-) notation, and will use O(-) to
hide logarithmic factors. All logarithms are taken to base e.

2. The framework of k-dimensional coding schemes. We consider a class of coding
schemes for a random vector Z taking values in a subset Z of R%. A k-dimensional coding
scheme (with k < d) consists of a compact set H C R¥ (which will be referred to interchange-
ably as the codebook, the latent space, or the representation space) and a measurable map
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f: H — R? (the reconstruction map) which is an element of a given class F of admissible
reconstruction maps. The reconstruction error of h € H for Z is defined as

(2.1) er(Z,h) = Z — f(h)|?,
and we consider the minimal reconstruction error

(2:2) ef(Z) = mines(Z, h) = min||Z — f(h)||*.

We assume enough regularity for the elements of F to guarantee the existence of the minimum
in (2.2)—since H is compact, it suffices to ensure that all functionals of the form h — e (2, h)
(z € Z, f € F) are lower semicontinuous. Let P denote the probability law of Z. Then the
expected reconstruction error of f € F is given by

(2.3) R(P, f) = Eplef(Z)] = Ep |min || Z — FmI?|-

Given the class F, an optimal coding scheme for P is any element f € F that attains the min-
imum reconstruction error R(P,F) := infcg R(P, f). In this sense, learning coding schemes
can be understood as an unsupervised statistical learning problem with induced hypothesis
space consisting of the minimal error functions ey for all f € J.

2.1. Relationship to representation learning frameworks. This framework is closely re-
lated to the notion of k-dimensional coding schemes introduced by Maurer and Pontil [32]. In
that work, Z is a random element of the unit ball of a (possibly infinite-dimensional) Hilbert
space H, the codebook I is a compact subset of R¥, and F is taken to consist of linear
operators f : R¥ — H obeying the constraint

sup sup || f(h)||m < 0.
feT heH
Here, we restrict H to be finite-dimensional, but allow nonlinear reconstruction maps.

This extension enables us to treat modern variants of unsupervised representation learn-
ing, such as autoencoders [36], under the same framework as vector quantization or k-means
clustering, principal component analysis, nonnegative matrix factorization, and sparse coding,
by carefully selecting the latent space H and the class of reconstruction maps F. We present
three simple illustrative examples below:

Vector quantization. A k-point vector quantizer on R? is specified by a codebook € =

{us,...,ur} C R? and the (nearest-neighbor) encoding map
(2.4) Z s argmin || Z — u;?,
1<j<k

with a fixed but arbitrary tie-breaking rule. The reconstruction error is given by ee(z) =
min; << ||z —u;|[%. As shown by Maurer and Pontil [32], vector quantization is an instance of
a linear k-dimensional coding scheme with H = {eq,...,er} (the canonical orthonormal basis
of R¥) and the linear reconstruction map f : R¥ — R? defined by f(e;) := u; (1 < j < k) and
extended to all of R* by linearity. Indeed, by the construction of f,

(25)  es(z) = min == f)I* = min, 2= fe))|* = min [}z = uj]> = cel).
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Principal component analysis. In principal component analysis (PCA), one aims to con-
struct a projection operator which maps vectors in the observation space R? to a k-dimensional
linear subspace K. The objective is to find a projection operator IT : R* — R? with k-
dimensional range to maximize the energy of the projected vector E||TLZ||%. From the defini-
tion of projection and the fact that any projection can be decomposed as Il = TT™* for some
linear isometry 7' : R* — R* and its adjoint 7% : R¥ — R?, we have

mz|* = 2| - |1z - 1z|] = | Z|? = min || Z — 2'||* = || Z||* = min |Z — Th]|]>.
ZeX heRF

Suppose that Z is the unit ball of R%. Then we can restrict the minimization above to
H = {h € RF : ||h|| < 1}. Thus, as already observed by Maurer and Pontil [32] PCA is
equivalent to the task

min E min 7 — f(W)II?
f€Fis0 P heRk:HhHSIH f( )” )

where Fis, denotes the family of linear isometries R¥ — R%.

Neural nets. Let o : R? — R? be a fixed nonlinearity. Let Fn, consist of all mappings
f: RF = R of the form

(2.6) F(h) =" cio(Aih + by),
=1

where m € N, ¢; are arbitrary real coefficients, A; € R¥* are arbitrary matrices of connection
weights, and b; € R? are arbitrary vectors of biases. We can take H to be, for example,
the f5 unit ball in R¥, in which case the coding problem consists in finding a vector h € R¥
with ||k| < 1, such that Z can be best approximated in L?(P) by passing h through a
nonlinear map of the form (2.6). The class Fy,, corresponds to neural nets with one hidden
layer; we will consider multilayer neural nets in what follows. This class of coding schemes is
closely related to the recent work of Bojanowski et al. [12] on generative latent optimization
(GLO), where the aim is to minimize the expected reconstruction error (2.3) over the class F
consisting of multilayer neural nets. Thus, the framework of finite-dimensional coding schemes
is sufficiently broad to cover a variety of schemes for latent generative modeling, including
generative adversarial nets (GANs) [21]. Indeed, as shown in [12], the GLO framework enables
the training of a generator without the need to train the discriminator (which is usually a
computational bottleneck), while the learned generator inherits many desirable properties of
ordinary GANSs, such as arithmetic operations on the representation space or sharpness of
generated images.

2.2. Some results on the expected reconstruction error. The expected reconstruction
error (2.3) can be connected to the theory of optimal transport [45] and to rate-distortion
theory [8]. While the primary objective of this paper is to study the learning of coding
schemes, not the (minimum) expected reconstruction error itself, we briefly discuss the ideas
and implications below.
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2.2.1. Connection to optimal transport. Using ideas from the theory of optimal trans-
port [45], we can characterize the expected reconstruction error of a given f € F as the
minimum approximation error of the data-generating distribution P by probability distribu-
tions on R? that can be realized as pushforwards of probability measures supported on the
codebook H by the reconstruction map f. Before a formal presentation of the result, we
introduce the notions from the optimal transport theory: Let P(Z) be the space of all Borel
probability measures on Z, and let P,(Z) with p € [1,00) be the space of all P € P(Z) with
finite pth moment, i.e., [, ||z||PP(dz) < +0o. Then we can define the p-Wasserstein distance
on Pp(Z) as

1
WyP.Q) = inf  (BullZ - Z|)F
M(Zx)=Q
where the infimum is taken over all couplings of P and @), i.e., probability measures on the
product space Z x Z with the given marginals P and ). The name “optimal transport” comes
from the fact that W} (P, Q) can be interpreted as the minimum cost of transporting a unit
amount of some material initially distributed as P to a final distribution @), when the unit
cost of transporting the material from location z to another location 2’ is ||z — 2/||P.

Now consider the following recipe for generating a random element of R%: Fix a probability
distribution 7 on the codebook H and select a measurable map f : H — R%. Then draw a
random element H ~ 7 and pass it through f. The probability law of f(H) is called the
pushforward of = by f and denoted by fym: for any Borel set A C R,

fym(A) = m(fH[A)),

where f~![A] is the preimage of A under f. Then we have the following result.
Proposition 2.1. Suppose that Z is a compact subset of R4, Then, for any Borel decoder
f:H—=Z,

R(P,f) = _inf WZ(P, fym).

i
TeP(H)
Consequently, for any admissible class F of reconstruction maps,

R(P,F)= inf WZP
(P, 9) QE;?T(%) 5 (P,Q),

where Ty P(H) is the set of all Borel probability measures QQ on R? that can be implemented as
a pushforward fym of some m € P(H) by some f € F.

Remark 2.2. The assumption that H is compact is introduced mainly for the sake of
simplicity, and the result may be easily extended to arbitrary Borel sets H under appropriate
moment conditions on fymr.

Remark 2.3. While Proposition 2.1 provides a connection between the coding perspective
and approximate generative modeling, it should be contrasted with the widely used framework,
where one fixes a prior 7 on H and optimizes only over the encoders f € F [41]. The choice of
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7 is usually dictated by the considerations of computational tractability—e.g., how easy it is
to generate samples from 7. With this in mind, we can define the m-dependent 2-Wasserstein
reconstruction error

:R'ﬂ'(P7 f) = W22(P7 fﬁ’fr)

and aim to minimize it over the reconstruction maps in F:

R (P, F) = }g W3 (P, fyr).

By Proposition 2.1, the optimal reconstruction risk R(P, F) is a lower bound on R.(P,F) for
any m. Thus, on the one hand, optimizing the expected reconstruction error Eple;(Z)] over
f € F results in the “best” approximate generative model for P, in the sense that one obtains
both the optimal prior and the optimal reconstruction map. On the other hand, the optimal
prior is only specified implicitly through the optimal reconstruction map (see the proof of
Proposition 2.1 for details), and it will generally not be easy to sample from it.

It is useful to compare the above proposition to the following classic result of Pollard
[37]: Given a Borel probability measure P € Py(R%), let ex(P) denote the minimum expected
reconstruction error for Z ~ P over all k-point vector quantizers:

2.7 P):= inf E inl|Z —ull?|.
27 P)i= ot B iy 17 ol

Let P*) ¢ Py(R?) denote the collection of all probability measures supported by (at most) k
points in R?. Then

(2.8) ex(P) = inf WZ(P,Q).
QePk)
Recalling the example of vector quantization from section 2, take H = {ej,...,er} (the

canonical orthonormal basis in RY) and let F be the collection of all linear maps f : R¥ — R9,
Then any Q € P*) supported on the set {u1,...,ur} can evidently be realized as fym with
7({e;}) = Q({u;}) and f(ej) = u;j, 1 < j < k. Since we can now rewrite (2.8) as

_ 2 _
(2.9) r(P)=  inf  WE(P.Q) = R(P.S)

one can view Pollard’s result (2.8) as a special case of Proposition 2.1, which allows infinite
codebooks and nonlinear reconstruction maps.

This Wasserstein distance characterization of the expected reconstruction error enables an
alternative approach to studying the generalization error in learning coding schemes. In par-
ticular, we can show that the expected reconstruction error with respect to the empirical dis-
tribution P, converges to the expected reconstruction error with respect to the data-generating
distribution P using the convergence properties of the empirical measure in Wasserstein dis-
tance. The idea will be formalized in subsection 3.1.
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2.2.2. Connection to rate-distortion theory. For a codebook H with finite cardinality,
the minimum reconstruction error R(P,F) can be lower-bounded in terms of information-
theoretic quantities originating in rate-distortion theory [8]. We begin by introducing the
necessary information-theoretic notions [15]: For any two probability measures p,v on R™,
the Kullback—Leibler divergence (or relative entropy) is defined as

dup
D) = | dulog

if p is absolutely continuous with respect to u, where % is the Radon—Nikodym derivative,
and D(u|lv) = oo otherwise. The (Shannon) mutual information between two random vectors

Z1, 4y is defined as
I(Zy; Z3) := D (Pz,2,|| Pz, ® Pz,),

where Py, , Pz,, Pz, 7, denote the marginal distributions and the joint distribution of Z;, Zs,
respectively. Now, the (information) distortion-rate function [9], with respect to the squared
error, is defined as

(2.10) D(R, P) := inf  E|Z-Z|%
I(Z;2)<R

P, Z\1Z
The quantity (2.10) arises as a minimum achievable average squared error among any possible
lossy source coding schemes, i.e., compression/decompression of an analog signal distributed
as P using R nats (unit of information corresponding to the natural logarithm). We can now
bound the minimum reconstruction error by the distortion-rate function.

Proposition 2.4. Suppose that the codebook H has finite cardinality k. Then, for any class
of reconstruction maps F and any data-generating distribution P, we have

R(P,F) > D(log k, P).

Expressing the minimum reconstruction error in terms of the distortion-rate function has
several advantages. First, the optimization problem (2.10) specifying the lower bound is a
convex program, and thus can be efficiently approximated (see, e.g., [11]). Second, we can
estimate D(log k, P) from below using the Shannon lower bound [23] and get the lower bound
R(P,F) = O(k~?/%), while the results from high-resolution vector quantization theory [19]
provide a matching upper bound as k — oc.

Also note that Proposition 2.4 can be extended to the case of continuous codebooks via a
simple covering number argument, to provide a (possibly loose yet simple) lower bound on the
minimum reconstruction risk. For example, suppose that the decoders in F are L-Lipschitz.
Let C. be any finite e-cover of the codebook H, i.e.,

(2.11) sup min ||h —¢|| <e.
hed c€Ce
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Then, for any z € Z, h € H, ¢ € C. and any A € (0,1), we have

—_

o = F@IP < {1z = SR + = 1F(e) — FR)IP
Sl = I +

[ = >

L2 —h 2

L~ AP,

where we have used Jensen’s inequality and the Lipschitz continuity of f. Minimizing both
sides over ¢ € C; and h € H and using (2.11), we obtain

2 o
[

1 1
i - - — f(W)|? + ——L%%
gelgslllz f(e) s minflz = f(W)I"+ L%
This leads to a lower bound of A - D(log |C.|, P) — /\L2s2 on the minimum reconstruction
error, for any choice of £ > 0 and A € (0,1).

3. Learning coding schemes. We now consider the problem of unsupervised learning of
a coding scheme in the situation when the data-generating distribution P is unknown, but
we have access to training samples Z1, ..., Z, drawn independently from P. In particular, we
study the generalization error with respect to a class F of reconstruction maps:

(3.1) gen(P,J) := ?ég\fR(P, [) = R(Py, f)

—iungmmIIZ f(h HQ—*ZHHDHZ QI
€

where P, is the empirical distribution of the samples, i.e., P,(A) = 2 31" | 1{Z; € A} for any
Borel set A C R?. In other words, the generalization error measures how accurately the em-
pirical reconstruction error (i.e., the reconstruction error for the training data) approximates
the true reconstruction error for the data-generating distribution P. For simplicity, we drop
P and simply write gen(F) when the data-generating distribution is clear from the context.
We remind the reader that any upper bound on the generalization error gen(P,¥), e.g.,
one that holds in expectation or with high probability, provides a theoretical performance

guarantee for unsupervised learning using empirical risk minimization (ERM):

(3.2) fi=arg min R(P,, f) = argmanmln 1Z; — f(h)|%
feg fesx

Suppose, for simplicity, that a minimizing fexists (otherwise, we can consider e-minimizers
and then take € — 0). Likewise, assume that there exists some f* € J that achieves R(P, F).
Then, using the fact that R(P,, f) < R(P,, f*) by the construction of f, we have

R(P, [) = R(P,F) = R(P, ) = R(P, *)

= R(P, [) = R(P, ) + R(Pa, [) = R(P, ) + R(Py, [*) = R(P, [)
< 2sup [R( mf)* R(P, f)]-

feg
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In the setting when the representation space H is finite, the problem of learning a coding
scheme from data and the corresponding generalization error (3.1) have been studied exten-
sively in the literature on vector quantization and k-means clustering [37, 6, 10]. The problem
of learning a coding scheme with 3 being a compact subset of R* was addressed first by
Maurer and Pontil [32], with subsequent work of Vainsencher, Mannor, and Bruckstein [42]
on dictionary learning, where 3 was the unit sphere in R* and various sparsity constraints
were imposed on the admissible linear reconstruction maps. Related work by Mehta and Gray
[34] analyzed the generalization error in the context of predictive sparse coding. In all these
works, linearity of the reconstruction maps remained the central assumption. One notable
exception is the recent work of Mazumdar and Rawat [33], where the reconstruction maps
are taken to be single-layer neural nets with rectified linear unit (ReLU) activation functions.
In that work, however, the focus is on approximate recovery (in the Frobenius norm) of the
matrix product AH, where A is an m X k matrix of neural network weights and H is the
k X n representation matrix for the n observations Z1,..., Z,, i.e., the ith column of H is the
element of H corresponding to Z;. However, the problem formulation in [33] does not assume
a data-generating distribution P and cannot be interpreted in the form of (3.1).

3.1. A generalization bound in terms of Wasserstein convergence. In this section, we
show that, as the number of samples n increases, the generalization error gen(P, F) converges to
zero with high probability for any class F of admissible reconstruction maps. More specifically,
we have the following result.

Theorem 3.1. Let P be a probability measure supported on a bounded set Z C R ford > 3.
Then for any q > 2 there exists a constant Cyq, such that, for any class F of admissible
reconstruction maps f : H — Z and any § € (0,1),

21og(1/90)

n

gen(P,J) < Cy 4 - diam(2) </Z Hz||qP(dz)> ! noa diam?(2)

with probability at least 1 — 6.

Remark 3.2. The constant Cy 4 is related to the so-called Pierce constant [16] that appears
in the context of high-resolution vector quantization and is given explicitly in the proof.

The generalization bound of Theorem 3.1 demonstrates the tension between the richness
of the class of decoders F and the sample complexity of learning the best reconstruction map.
A similar phenomenon has been pointed out before in the context of generative adversarial
nets [2]. In that context, the problem of interest is to minimize the 1-Wasserstein distance
Wi(P, fym) over a class of “generators” f : H — Z, where the prior 7 € P(H) is fixed. The
key issue is that, for any f, the empirical counterpart Wi (P,, fym) converges to Wi (P, fy)
at the slow rate of n=/4; in fact, Wi (P, P) cannot converge to zero at a rate faster than
n~1/4 [18]. In this instance, we can pinpoint the source of the difficulty to the well-known
Kantorovich dual representation [45]

(3.3) WA(P,Q) = sup ’/gdP—/ng,

g:Z—R
1-Lipschitz
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where the supremum is over all 1-Lipschitz functions ¢ : Z — R, i.e., [g(z) — g(z")] < ||z = 2/|.
This function class is too massive for the n~/2 rate of convergence to take place. Based on
this observation, Arora et al. [2] proposed replacing W7 with what they termed the neural
net distance Wg(P,Q) = supyeg| [, gdP — [, gdQ|, where the class of “discriminators” G
consists of multilayer neural nets with a fixed architecture with appropriately constrained
weights. The advantage of this relaxation is that, in many instances, one can show that
Wg(P,, P) converges to zero at the dimension-free rate of n~1/2. The problem of choosing
G to “match” F, so that Wy (P, fyw) can be bounded from above and from below in terms
of Wi(P, fymr) for any f € JF, was recently considered by Bai, Ma, and Risteski [3]. This is
possible, however, only if one restricts the complexity of F in some way.

Theorem 3.1 has already been partially foreshadowed by the characterization of the recon-
struction error in terms of the Wasserstein distance (Proposition 2.1). Indeed, for any Borel
reconstruction map f : H — Z, we have the following estimate:

sup |[WE(P, fym) — W(Py, fym)| < 2diam(2) - sup |Wa(P, fyr) — Wa(Py, fym)|
< 2diam(2) - Wa(P, P,),

where the first inequality uses the identity a? —b? = (a — b)(a+b), while the second inequality
is by the triangle inequality. Thus, the generalization error can be controlled by the 2-
Wasserstein distance between the empirical distribution P, and the true distribution P; the
actual proof, however, goes through the 1-Wasserstein distance for a more refined bound.

As Theorem 3.1 relies on the W; convergence of P, to P, the rate of n~1/4 can be improved
if we impose additional restrictions on the data-generating distribution P. For example, if
the upper Wasserstein dimension dj(P) [47] is smaller than d (e.g., if P is supported on a
lower-dimensional submanifold of R?), then the asymptotic dependency of the bound can
be improved to n~Y/9(P) Also note that the convergence in Wasserstein distance (and the
generalization bound) can also take place when Z is a subset of an infinite-dimensional Hilbert
space under suitable assumptions on the moments of P; see, e.g., [39, 28].

3.2. Generalization error for reconstruction maps with additional structure. Theo-
rem 3.1 shows that ERM is asymptotically consistent under minimal regularity assumptions
on the class of reconstruction maps F. However, the bound requires an exponential growth in
the number of training samples as the dimensionality of the data space Z grows.! On the other
hand, if the complexity of & is constrained in some way, it is possible to use the techniques
from empirical process theory to show that the generalization error converges to zero at the
rate of n~'/2 with high probability [44, 25]. Indeed, existing generalization guarantees for the
problem (3.1) are of order n~'/2. For example, Maurer and Pontil [32] show that, when F
is a family of norm-constrained linear maps and H is a unit ball in R¥, the generalization
bound of order O(k?/y/n) or O(k+/logn/n) (depending on the type of norm constraints) can
be attained. While the expressive capabilities of linear reconstruction maps are limited, the
bound is scalable, as it is completely independent of the dimensionality of the data space Z.

In light of this, we are now going to develop theoretical upper bounds on the generaliza-
tion error (with polynomial dependence on the dimensionality of Z) for a class of structured

n fact, the constant Cyq,q also grows exponentially in d.
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reconstruction maps that are richer than the class of linear decoders. More specifically, we
provide a generalization bound proportional to a suitable complezity measure of space F and
with rate n=Y/2. The complexity measure adopted in this work is related to the entropy in-
tegral [40] from the theory of empirical processes. Before presenting it, we need to introduce
some definitions first. Let A be a subset of a pseudometric space? (T, d). A finite set S C T
is an e-net of A if

supmind(s,t) < e.
tcA sE€ES

The e-covering number of A is then defined as
N(A,d,e) :=min {|S] : S is an e-net of A}.

With these definitions in place, we take our complexity measure of F to be

diam(2)
(3.4) ¢(F) := inf {aGn +/ ’ VIeg N(F, || - [|s¢, w) du},

a

where N(F, || - |5, -) is the covering number of F in the pseudometric
1f = fllsc == sup [|f(R) — f'(R)]].
hed

The entropy integral (3.4) can be linked to other complexity measures used in empirical
process theory, such as Rademacher and Gaussian complexities, via Dudley’s entropy integral
methods [17] and Sudakov minoration [26]. By using the entropy integral as a complexity
measure, we can prove the following general result, which will be applied to specific examples
of reconstruction maps in section 4.

Theorem 3.3. Let Z C R? be a bounded set. Then, for any class F of admissible recon-
struction maps and any § € (0,1),

21og(2/0)

M¢(§)+diam2(2) — > wp. 1=0
n

N

Theorem 3.3 extends and refines the bound of Vainsencher, Mannor, and Bruckstein [42,
Lemma 21] based on covering numbers. More specifically, Theorem 3.3 could be used to
provide generalization guarantees for a family of nonlinear reconstruction maps, and the proof
incorporates the chaining of successively finer covers [40] instead of a single covering step, as
n [42]. This chaining-based bound is particularly useful when one considers a more general
class of reconstruction maps than linear maps with a given upper bound on the operator norm.
For example, consider the following setup: Let F be a family of d x k matrices with entrywise
¢1 norm at most M, and let H be a unit ball in R*. Also, assume that we are using f» norms
on both the input and the output spaces. Then, using the empirical method of Maurey (see

gen(F) <

2A pseudometric on a set T is a map d : T x T — R, that satisfies the triangle inequality, d(s,t) <
d(s,t") +d(t',t) for all s,t,t' € T, but d(s,t) = 0 does not necessarily imply that s = ¢.
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[49] and references therein), one can show that the logarithm of the covering number can be
bounded as

M? 2dke?
(35) g N(T |- e 2) < log NE |- ) < | T 1o (14 25 ).

where the first inequality holds by the relationship between the fs-induced operator norm
and the entrywise 2 norm (which in this case coincides with the Frobenius norm), which we
denote by || - ||2. Combined with Theorem 3.3, this leads to a generalization bound of order

O(M+/logdklogn/y/n). On the other hand, the method based on single-step covering does
not provide a bound of the same order for any possible covering radius &.

4. Deep neural nets as reconstruction maps. We now consider a family of nonlinear
reconstruction maps constructed by composing multiple layers of nonlinear transformations
with a given structure. Such multilayer generative models are commonly used in the domain
of autoencoders [46, 36] or GANs [22], including the case of GLO [12], which uses a generator
composed mainly of stacked transposed convolutional layers. Formally, we consider a family
of nonlinear maps of the form

(4.1) fo(h; Avg) i= Fo(Foa (- Fi(hs Ar) -+ 5 Aea); A),
where ¢ € N is the depth (or the number of layers). Here Ay.p = {A1,..., A¢} is the collection
of the layerwise parameters, and, for each j € {1,...,¢}, Fj(-; A;) : R%-1 — R"J is a nonlinear

map parametrized by A;. Here, w; is the width of the jth layer, and we take wy = k (the
input dimension) and w; = d (the output dimension). The family of all depth-¢ reconstruction
maps is then defined as

(4.2) Fe = {WZOfe(';Au) AjeA; viefl,....0 },
where Ay, ..., Ay are a fixed family of layerwise parameter sets, and
(4.3) m2(§) = arg min 1€ — 2|

ze

is the projection onto Z. Generalization bounds involving such “deep” neural networks have
been studied extensively in the context of supervised learning, where one is given n independent
and identically distributed (i.i.d.) samples (X1,Y1), ..., (X,, Y,), and the objective is to learn
the parameters Ay of a neural net ]?, such that ¥ = f(X ) is an accurate prediction of Y,
and the generalization error is given by

1 n
(4.4) sup | = > [|Vi = fo(Xis Avo) P = EY — fo(X; Avo) || -
Al:leﬂlzé n i=1

One of the classical results in this direction is the work of Anthony and Bartlett [1], which
provides upper bounds on the Rademacher averages of neural network predictors via the
Vapnik—Chervonenkis dimension. More recent works focus on providing scalable generaliza-
tion bounds with weaker dependencies on the depth and width (dimensionality of layerwise
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outputs) of neural nets as an attempt to explain the empirically observed ability of neural
nets to generalize well. In these works, Rademacher averages of neural nets are bounded
via the contraction principle [35, 20], covering number arguments [5, 29|, or approximations
by simpler classes of functions [20, 4]. By contrast, the problem of learning a k-dimensional
representation with neural nets as reconstruction maps is an unsupervised learning problem,
and its analysis involves the supremum

1 n
(4.5) sup |= > ef(Z) — Eples(2)]
rese |4
1 n
b n,zlﬁé%%” w2 (fulhs Av)|* = Bp |min |1 Z - w2 (£ (h “))M

Most of the ideas used in the analysis of (4.4), with the exception of covering number results
via Theorem 3.3, cannot be employed directly for the analysis of (4.5), as the terms of the
form minegc || Z; —mg 0 f(h)]|? preclude the efficient “peeling off” [35] of neural network layers.

4.1. Fully connected neural nets. We first consider the simplest scenario of fully con-
nected (or dense) neural nets, which is one of the elementary building blocks of deep neural
architectures. In layer j, each neuron calculates a weighted sum of the outputs from all the
neurons in layer j — 1 and passes it through a nonlinearity o; : R%7 — R"i (referred to as
the activation function). The layerwise operation of fully connected neural networks can be
described as

(4.6) Fj(& A) = 0,(A€),
where the parameter of Fj is the weight matric A € R¥*%i-1  with A;, denoting the con-
nection weight from the kth neuron in the (5 — 1)th layer to the ith neuron in the jth layer.
We assume that the weight matrix A lies in the parameter space A; with entrywise ¢; norm
constraints, i.e.,

.Ajg{A‘AEijwa;laHAHlSMj}a j:l,,,,,ﬂ,

for some My, ..., My, > 0. Each activation function () is assumed to be L;-Lipschitz (with
respect to the ¢35 norm on both the input and the output) and to have the zero-in/zero-out
(Z1ZO) property, i.e., 0;(0) = 0. Examples of such activation functions include the ReLU,
which applies the map u — uly,>0} componentwise, the leaky ReLU, which applies the map
u = ulgy, >0y +0ulg, <oy for some small § > 0, and the hyperbolic tangent activation function
that applies the map v — tanhwu componentwise. An example of an activation function
that does not have the ZIZO property is the sigmoid activation function that applies the
map u = g +i—u componentwise; we will discuss the generalization bounds for neural net
reconstruction maps with such activation functions in subsection 4.3.

We now present the following generalization bound, which can be thought of as a
representation-learning counterpart of [5].
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Theorem 4.1 (wide net). Let Z be a compact convex subset of R? containing 0. Under the
above assumptions, for any ¢ € (0,1),

L )4
48v/2 - llogn .
gen(Fy) < % -~ diam(2)||H|| o H L;M; Zlog(ij_le +1)
" j=1 j=1
8diam?(2) 21og(2/0)

n + diam?(Z) -

with probability at least 1 — 6. Here, || H||oo := suppeqc |||

If L;M; < 1 for each j, this bound is of order O(+/63/n) and is only logarithmically
dependent on the width of the neural network, as are the state-of-the-art bounds [5, 4] on the
generalization error for supervised learning using neural nets.

On the other hand, there are two scenarios where Theorem 4.1 falls short of being op-
timal, as we will see in Theorem 4.2 below. First, this depth dependence of ¢3/2 is not
optimal in general if one is willing to sacrifice in terms of width-dependency. Indeed, the
number of parameters in the whole network is Zle w;—1w;, which implies that the optimal
dependence on depth may be of order (/2 for small width. Second, the multiplicative term
|| H Hoo(H?:l L;jM;), which is a Lipschitz constant for the composite reconstruction map fy, is
excessively large in the case where the diameter of data space diam(2) is small by comparison.
In the case of supervised learning with neural nets, Barron and Klusowski [4] recently showed
that one can replace the product-of-norm constant with norm-of-product, via sparsification
methods combined with a technique specifically developed for the ReLLU activation functions.
For the problem of learning a coding scheme, however, it turns out that one can easily replace
the constant [|Hoo ([T} L;M;) with diam(2).

The following generalization bound, based on the volumetric estimate for the covering
numbers and the one-step approximation argument of Vainsencher, Mannor, and Bruckstein

[42], complements Theorem 4.1 in the above two aspects.

Theorem 4.2 (deep net). Suppose that Aj is a family of matrices with spectral norms at
most M;, instead of the {1 norm, for each j € {1,...,£}. Then, for any § € (0,1),

l
2 i Wi—1w;
vn
21og(2/96) 4
P + —_,
n vn
Note that the 1 norm constraint on the weight matrices automatically implies that the
spectral norm of the weight matrices are bounded from above by the same constant.

gen(F;) < diam?(2)

J4
log | 36v/n||H oo | [T LiM;
j=1

+ diam?(2) w.p. 1 —0.

4.2. Convolutional neural nets. As Theorem 4.2 implies, the generalization error can be
upper-bounded by the term proportional to the square root of the number of parameters, even
when the neurons are not fully connected and the effective number of parameters is strictly
smaller than Z?:l wj—1w;. One important example of this is the case of convolutional neural

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.



Downloaded 11/18/19 to 143.248.53.194. Redistribution subject to SIAM license or copyright; see http://www.siam.org/journals/ojsa.php

LEARNING CODING SCHEMES WITH NONLINEAR DECODERS 631

networks (also referred to as CNNs or ConvNets) [27, 21], which are widely used in the context
of image data. Rather than calculating the full inner product of the inputs and the weights,
each neuron in a convolutional layer takes the inner product of a limited number of outputs
from the spatially close neurons in the previous layer and the filter weights of the convolution
filter, which are shared among all neurons. Often, more than one channel of convolution
filters is used; the outputs of such a layer will be equipped with an internal depth equal to
the number of filters being used. The layerwise operation has the form

(4.7) Fj (5; AU%’)) — Yy (conv <§;A(1:vj))>

for some convolution operator conv (specified below), input £, convolution filters Al , and
an activation function o. For simplicity, we assume that all the o are 1-Lipschitz with respect
to the £5 norm and have the ZIZO property.

First, we consider the simplest case of one-dimensional convolutions, where the input £ to
the jth layer is a w;_1 X vj_1 matrix, and each of the v; convolution filters AW AW g
a uj X vj_1 matrix for some filter width u;. The convolution operation £ — conv (f; A(l:”f)) €
RYi*% is then specified by

1:vy)

Uj; Vi1

(4.8) <conv (5; A(ij)))i,k = Z Z Al(ff;’gi/+s(i—1)+ﬂ,j" t=1,...,wj; k=1,...,v,

. . 2

i'=1j'=1
for some stride s denoting the scale of the convolution filter shift for each output entry. Note
that we are using the convention &, = 0 when ¢ ¢ {1,...,wj—1} or k ¢ {1,...,v;_1}. We
also assume that the convolution filters have constrained ¢; norms in the following sense:

Uj

> IA®F < b;
k=1

A; C As) | AR) ¢ Rus Vi1

for some constants M, ..., My, > 0. Then we can prove the following result.

Theorem 4.3 (spatial dimension 1). Under the above assumptions, for any § € (0,1),

=1 UjVj-1Yj

NG

21og(2/96) 4

- = 7 + -
n vn
Notice that the generalization bound in Theorem 4.3 is now proportional to the square

root of Zle u;v;—1v;, which is the number of parameters in the filter matrices of all layers,

l
gen(J,) < diam?(Z) \/2 2

V4
log | 30v/n||Hloo | [T M;
j=1

+ diam?(Z) w.p. 1 —24.

and which is strictly smaller than the total number Z§:1 wj—1vj—1w;v; of all possible neural
connections. The proof of Theorem 4.3 relies on the following variant of Young’s convolution
inequality:

(4.9) l|conv(&; ATV ||y <

D NABE -]l
k=1
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Inequality (4.9) enables the use of the usual “peeling-off” machinery used for the analysis of
fully connected neural networks (see the proof of Theorem 4.3 in the appendices for details
and the proof of (4.9)). Note further that (4.9) has also been discovered independently in the
work by Long and Sedghi [31], where the inequality is used to provide a size-free generalization
bound for predictors composed of convolutional neural nets.

Comparing with the generalization error bounds for supervised learning in the recent
work of Li et al. [29] that analyzes convolutional neural nets for prediction, we emphasize
two key differences. First, our method does not require orthogonality of the convolutional
filters and can be applied to an arbitrary collection of norm-constrained matrices. Second,
as the convolution inequality (4.9) can be extended naturally to higher-order tensors, the
generalization bound can be provided for the cases of higher spatial dimensions, e.g., images
(spatial dimension 2) or videos (spatial dimension 3).

To formalize the second point, consider the following setup: For the jth layer, the in-
put & takes the form of a tensor of order m + 1 for some spatial dimension m, i.e., £ €
R®j=1,12¢xWj—1,m*vj-1_The parameter space A; is composed of v; channels of weight tensors
AK) of dimension Uj1 X oo X Ujm X vj—1 With some filter width w;1,...,u;m, and with a
norm constraint

vj
Aj € QAT LS AR < M;
k=1
Given strides s;1,. .., S;m for each spatial dimension, the convolution can be characterized as

Uj,m Vj—1

(comv (g at)) =D ST,

ri=1  r,=1j'=1

4.10 . 1—w; 1—ug .
( ) 57‘/14»51(7‘171)4* Z]’l,‘..,r§n+sm(rm71)+7u2]’m,j’

Then we can prove the following result.

Theorem 4.4 (spatial dimension [). Under the above assumptions, for any § € (0,1),

=1 vie10i([Thy wiy ¢
gen(Fy) < diam*(2) \/2 2 \/lﬁ Hhimn vi) log (35\/ﬁ||9f|oo (H Mz))
=1

2log(2/9) N 4
n NGO
Remark 4.5. Along with proper shifts, formula (4.10) is general enough to cover the case of

fractional strides (also called transposed convolution or deconvolutional networks) [48], which

is a building block of generative adversarial networks [22], with the convention &; ; = 0 for
noninteger values ¢, j.

+ diam?(2) w.p. 1 —24.

Remark 4.6. Max-pooling layers, which are commonly inserted between convolutional lay-
ers to reduce the dimensionality of the representation [21, Chap. 9], are 1-Lipschitz mappings
with the ZIZO property. Hence, their presence does not affect the generalization bound.
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4.3. Nonlinearities without the ZIZO property. In subsections 4.1 and 4.2, it was as-
sumed that the activation functions had the ZIZO property, i.e., 0(0) = 0; in the proof of
Theorem 4.1, this assumption enables a recursive breakdown of supy,eqc || fo(h) — fe(h)| for any
two (-layer neural nets f; and fy into ¢ terms, each proportional to the ¢; distance between
the weight matrices. The ZIZO property provides a ready way to upper-bound the magnitude
of the outputs from each layer.

However, there are several commonly used activation functions, e.g., the sigmoid (u
H% applied entrywise), which do not satisfy this assumption. On the other hand, the
outputs from such activation functions are often uniformly bounded, which opens up an al-
ternative path to control the pseudometric sup,cqc || fo(h) — fo(R)|.

To formalize the idea, let us revisit the setting of fully connected neural nets as recon-
struction maps: We assume that the layerwise operation is given as Fj(§; A) = 0;(AE), where
the weight matrix A € R *"i-1 has ¢; norm no greater than M;. In addition, we assume
that the activation functions o; for each layer are L;-Lipschitz (with respect to the fo norm),
and that their outputs are bounded in norm by Bj, i.e., ||oj(z)|| < B; for any « € R%i. Then
we can prove the following generalization bound.

Theorem 4.7. Under the above assumptions, for any § € (0,1),

48v/2logn : & :
gen(ﬂ’g) < — Z Bi—l H Lij Z log(2wi_1wi + 1)
vn i=1 j=i i=1
diam?(Z 21og(2/6
L 8_MTR) L Gam2(z) 220820 L 1

NZD n

Unlike Theorem 4.1, which was independent of the width of the neural net up to loga-
rithmic factors, the above generalization bound may grow as the width of the neural net gets
larger; for example, the £5 norm of the w-dimensional vector processed by sigmoid activations
can be as large as \/w, which gives the generalization bound roughly of order O(y/€?w/n).

Appendix A. Proofs.

A.1. Proof of Proposition 2.1. As Z is compact, we automatically have P, fym € Po(R?)
for any 7 € P(H() and any measurable f : R¥ — Z. Also, by the measurable selection theorem
[38], for any ¢ > 0 there exists a measurable map ¢. : Z — H such that ||z — f(¢:(2))[|* <
minpege ||z — f(h)||? + € for all z € Z. Denote by m. the pushforward (¢:);P. Evidently,
7z € P(H). Then, since the joint law of Z and f(¢.(Z)) is a coupling of P and fyr., we have

Epmin||Z — f(h)||2+e> inf Ey||Z — f(H)|? > inf W2(P.
Pgélgl{lH f(n)] +5_%((;XI%{>);P Ml F(H)| > in 2(P, fym)

by the definition of 7.. Taking ¢ — 0, we get R(P, f) > infges,p() W2(P,Q). The other
direction is straightforward, as for any distribution 7 € P(H) and any z € Z, we have
minpes ||z — f(R)I° < Ezllz — f(h)]*.

A.2. Proof of Proposition 2.4. Consider the Markov chain

78 g7
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where Z is distributed as P, and § is a family of all measurable maps Z — H{. Then we have
I(Z;Z) < 1(Z; H) < logk, where the first inequality is due to data-processing inequality and
the second inequality is by the properties of mutual information [15]. Then we have

inf Ep min|Z — f(h )IIQ} > inf Ep|Z-f(9(2))* 2 inf Ep|Z - Z|*.

feg f.g:|H|<k Py 41(Z;Z)<logk

=D(logk,P)

A.3. Proof of Theorem 3.1. Let II(P,, P) be a set of all couplings of P, and P, i.e., all
joint distributions M € P(Z x Z), such that M (- x Z) = P, and M(Z x -) = P. Then, for any
M € II(P,, P) and any admissible decoder f € F, we have

[R(Pr, ) = R(P, f)] < M(dz,dz")

. h 2 : /I h/ 2
min |2 — FDI? ~ min |2/~ F(8)]

ZXZ
< M (dz,dz") max‘Hz— (R)||> - ,—f(h)HQ‘
Zx2Z
< 2diam(2) M (dz,dz") max|||z —f)| =17 - (h)|||
ZxZ
< 2diam(2) M(dz,d)||z — 2|,
ZxZ

where the third inequality uses the identity ||u||? — ||v||> = (u+v,u —v) and Cauchy-Schwarz.

Taking the infimum of both sides over all M € II(P,, P), f € &, we have
sup [R(Py. f) — R(P, )] < 2diam(2) - Wi (P, P).
feg

Since both P and P, are supported on Z, the value of the function (Z1,...,Z,) — Wi(P,, P)
changes by at most %diam(Z) if we replace any Z; by an arbitrary 2z’ € Z. Thus, by McDiar-
mid’s inequality,

2nt?
(A1) P<W1(Pn, P)— EWy(P,,P) > t) < exp (—”2> .
diam*(2)
Combining (A.1) with the Wasserstein convergence results of Dereich, Scheutzow, and Schott-
stedt [16, Theorems 1-3] (with p = 1), we get the claimed result with the constant

2dd1 q 2%
Cya:=18d - 2d7+6d 22727(1.
1_9- 1-273"
A.4. Proof of Theorem 3.3. The proof uses a standard chaining argument [43, 5], except
additional care must be taken to relate the properties of the induced class €5 := {ey : f € T}
to those of F. Given Zi,...,Z,, define the random process Xy := n=1/2. Yoiei-ef(Zy),

where {g;}7; are i.i.d. Rademacher random variables, i.e., Ple; = £1] = 1/2, independent of

Z1,...,2Zyn. By the symmetrization inequality, we have
(A.2) Eznsup [R(P, f) — R(Py, f)] < —EZnEEn sup Xy.
feF vn fex
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Now, for all t € {0,1,2,...}, let Ny be a minimal (diam(Z)-27%)-net of F in || - |5, and let m; :
F — N; be the corresponding nearest neighbor matching, i.e., 7¢(f) := argminp .y, [|f— f'l|3¢.
Then we can telescope Esup;cq X7 as

A3 Esup X <EsupX + Esup (X; + Esup - X,
(A3)  Bsup Xy < Bsup Xoy(g) + Esup (X - ; S m1(£))

for some T € N (to be tuned later). Since |[Ny| = 1 (we can take any singleton {f} C F to be
a minimal diam(Z)-net of F), the first term is zero. To handle the remaining two terms, we
will need the following estimate: For any z € Z and f, f’ € F,

(A4) les(2) — e (2)] < 2diam(2) - |f — s

To prove this inequality, we write

les() = ep(2)] = minmax ([l = f(R)[* ~ Il= = /(&)
< max|||z = f(WI” = 1z = £ (WP
= max [((z = f(1) + (z = S ()., J'(h) = F ()]
< 2diam(2) - | f — f']lc-

Now we can estimate the second term in (A.3) as follows:

Ensup(Xy — X, = n SUp gile ) —en Z;
o SUp(Xy = Xy E. m; 1(Zi) = exp)(Z4))
2
25 sup Z ef(Zi) = exp(p)(Z))
1:1

< 2v/n - diam? (Z)Q*T,

where the first inequality is by Cauchy—Schwarz, while the second inequality follows from
(A.4) applied to f" = 7p(f). For the third term of (A.3), we have for any t € N

lexu() = €m ()] < 2diam(2) - [lm(f) — w1 (f)]l3¢
< 2diam(2) - (||me(f) — Fllsc + Lf — 71 (H)ls0)
< 6diam?(2) - 27"

By Hoeffding’s lemma, it follows that each X, sy —Xr, (5 is a 36 diam*(2)2~?!-sub-Gaussian
random variable. By using the maximal inequality for sub-Gaussian random variables [13,

sect. 2.5], we can upper bound (A.3) by

T
Esup X < 2v/n - diam®(2)277 + 12diam*(2) > 27" \/log N(F, || - [lac, diam(2)2 7).
fegr —
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Turning into the entropy integral form,

diam(Z)/2
Esup X, < 2/ - diam?(2)2~7 + 24 diam(Z)/ g N, - Toc, w)du.
fesx diam(Z)-2—T-1

Selecting T' = [log, (diam(Z)/2a)] and plugging into (A.2), we get

By sup [R(P, f) ~ R(Ey, )] < jgﬁdiam(Z) L&),

By combining with McDiarmid’s inequality (see (A.1)), and handling the other direction
supfeg R(Pn, f) — R(P, f) similarly, we get what we want.

A.5. Proof of Theorem 4.1. Let f;(-) = f(-; A1.¢) € F; be a neural net with weight
matrices Aj.p. For each j € {1,...,¢}, we will use the shorthand notation F} for the layerwise
transformation Fj(-; A;), so that 7y o fy = mg, 0 Fyo Fy_j o---0 Fi(h). Then, using the fact
that Z > 0, we can write

[z (fe(h)I| = llrz(fe(R)) — 72 (fe(0))]]
< || fe(h) — fe(O)]]
= lloe(AeFy—1(h)) — oe(A0)]
< Lyl[ Ag|l[| Fe—1 (R

4
(A.5) <[] ziM; | Inl,
j=1

where we have used the fact that the projection map g onto a closed convex set Z is non-
expansive, i.e., ||[ry(u) — 72 (v)|| < ||u — v|| for all u,v, and where the last inequality follows
from the relationship [|A|| < ||A4||2 < ||A]|: and from applying the same argument recursively.
Also note that ||m2(fe(h))|| < diam(Z), since 7y, projects fy(h) onto Z. Then it follows that

the diameter of the class Fy in || - ||s, i.e., sups preg, [|f — f'llsc, is bounded from above by
2(1_[?:1 L;M;)||H]|| =: 2D. Now let f; be another neural net with matrices Aj.¢, such that

wy 0 fo = my 0 FyoF;_10---0Fy. Then, using the nonexpansiveness of the projection my, and
Lipschitz continuity again, we can proceed as

72 fe(h)) — 72 (fe(h)|| < lloe(AeFr—1(h)) — oo(AeFr—1(R))]|
< Lyl|AgFy—1(h) — AgFo_1(R)|| + Lol| AcFov (h) — AgFy_y (h)|
< Lo||Ap — Ag|| - | For (R)|| + LeMy|| Fo—1 (h) — Fo—y ()|
Z ~
1A; — Al
(A.6) < D; T

where the last inequality follows by (A.5) and recursion. From (A.6), we see that the covering
number of F in || - |5 can be estimated as

¢ ¢
A wjE A wie
N . < N .22 < N ZZ ., 2=
- bes) <] (Mj,n I D>_]]:[1 (Mj,n 1257
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for any choice of positive weights wi,...,w, summing up to 1, where A;/M; := {A;/M; :
A; € Aj}. Then, for any o > 0 and weights wi,...,wp > 0, the entropy integral €(F) can be
upper-bounded as follows:

diam(2)

¢
ay/n 2 Aj w;E

F) < —— logN [ =L, || - =2 d

¢(F) +/ ;:1: og (Mj’H |2, D) €

Selecting the weights w; = 1/¢ and simplifying further,
diam(Z) Vi

« A €
e@) < D [\ SroeN (3 e ) e
« j=1 J
dlam

)AE-D 22 ¢ Qs 2
< a\f / V -‘ Zlog (1 + Zi-1tc >d5
< =1

€2D2
j=
Y/ diam(2Z)

Al
af + (£DV?2) Zlog (14 2wj_qwo) / “ 1du

7j=1 LD

| /\

where for the second inequality we used the Maurey-type bounds on the covering numbers
(see, e.g., [49] or Appendix A.10 for a short derivation), and for the last inequality we used
the substitution u = ¢D - ¢ and the fact that [z] < 2z for z > 1. Evaluating the integral with
the choice a = diam(Z)/2y/n, we get the claimed bound.

A.6. Proof of Theorem 4.2. First, note that for any f = my0fs, € Fy, ef(2) € [0, diam?(2)]
for any z € Z, as ||z — mo(fo(h))||? < diam?(Z) holds for any z € Z and h € H. Moreover, the

estimate (A.6) from the proof of Theorem 4.1 still holds (again, let D := HJ—CHOO(HEZ1 L;Mj)).

Now, we use the volumetric covering number estimates for balls in finite-dimensional Banach
spaces [14] to proceed as

¢ ¢ Wi s
Aj wjE 3D\ i1
Nl o) < [IN (220012 ) < T (22)7
J 7=1 J

With the (suboptimal) choice w; = 1/¢, we get N(Fy, || - [|3,€) < (BED/E) 1Wi—1%5 - Com-
bining this with Lemma 21 of [42] (see Appendix A.11), we get the claimed result.

A.7. Proof of Theorem 4.3. First, notice that the convolution operation is linear in both
¢ and A, so that, for pairs of inputs &, £ and convolution filters A1), A1%) we have

(A.7)
conv(&; ALY — conv(E; AT ||y < [lconv(&; AT — AT Iy + [|conv(€ — & AT ||,
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Now, we show that the convolution inequality (4.9) holds: For an input & € R*¥0*"0 a mapping
conv(-; A0)) : Rwoxvo _, RWXV with ¢ channels of convolution filters A*) ¢ R®*vo,

Jconv(&; AC=)|3 ZZ S8 4% 1A,

2

z '+s(i— 1)+—,j

= i'=1j'=1
v w )
SZZHA(J H ZZ ‘A l+sz 1)+ u g
j=1i=1
- 0| - 2
= ]Z:; HA Hl ’ ifeﬁ?é[vo} ; £z”Jrs(z'71)+1*T“,j/

IN

[l ) et
j=1

where we have used the Cauchy—Schwarz inequality in the second step and Hélder’s inequality
in the third step. Taking the square root of each side, we get (4.9).
Now, analogously to (A.6), we can proceed by combining (A.7) and (4.9). First, define

=1/>p—1 [J[A®]2 for v channels of convolution matrices. Then, for any

7, [o indexed by the filter weights A (1:0;) ¢ A(1 vs) we have
fo. f y g

the norm

g 15

Hm(fe(h)) - Wz(fz(h))” < HAélzvz) B Aél:v[)
[ ad - &)

1,2

¢ J
< DZ i =5
7=1

where D = ||H||oo - H§:1 M;. The remaining steps are identical to those in the proof of
Theorem 4.2 (see Appendix A.6) by invoking the bound on the covering numbers in the
normed spaces (R%%-1% || - [|12).

Jl’

Ly 1l + Me | Fioa () = Fra ()

A.8. Proof of Theorem 4.4. The proof is the same as the proof of Theorem 4.4, except
that we need a higher-order version of Young’s convolution inequality. For an input £ €
Rwo.1 % XwomXv0 4y channels of convolution weight tensors AK) e RurXXumxv0 and filter
strides s1, ..., Sy, we have

[[conv(&; AT |13

2
v W1:m Ul:m
Y (XY A Sy
- 7’17 ) mv] | )+ P} 17 Y m+sm(lm—1)+1%7jl
j:1 7:1:’m:1 ’LA/‘ 1]/ 1
v W1:m Ul:m 2
<SSO 1A E . . o
- H Hl 7“17 ) 7n7.7 gl/ +51(7’1 1)+ 2 2l I8 ‘.,70/m+3m('5m71)+1%,]/
j:l 11.m=1 i&:m: =1
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v Wi:m

< Z”AQ)H% -, max (Z |§’+51 (h—1)+ 50 +sm(z‘m_1)+1“‘mj”2>
v

< [ DO IAVR |- 18l
j=1

analogously to the procedure in Appendix A.7, where we have introduced the following short-

hand notation: We use Zwl ™ to denote 1_1 am_y, and use max; 1 €lurm] tO denote
MAaX;! fyy] * - MAXyr ] Then we can proceed as in Appendlx A.6.

A.9. Proof of Theorem 4.7. Similar to (A.6), we proceed as follows: For any fo. fo
indexed by Aj.s, A1.p, we have

2 (fo(R)) = mo(Fe(h)| < Lo || Ae — Agl| - | Fo—1(R) || + Lel| Agl|[| Fo—1(h) — Fp—1(h)|
< LyBy_1||Ag — Ayl + LeMy|| Fy—y (h) — Fp—y (B)||

4 L t
14 — Ad
<2 (112 ) B =5
i=1 \ j=i

where the last inequality is by recursion, with By := [|[H||oc. We now use the shorthand
notation D; := Bi,l(ngi L;jMj). For any choice of weights wi,...,w;, > 0, we can upper-
bound the covering number as

) < T (11,255 < ﬁ N (5l 1 25 5),

using the relationship of the operator norm and the entrywise fo norm. Now, we choose
w; = D;/ Z?:l D; and invoke Maurey’s empirical method (Appendix A.10) to proceed as

(ZZ 2w; _qw; 2
logN(%,H‘”Hag)g{ w 2 log (”@] 1D>>

for e < Z§:1 D; (otherwise, the covering number is 1). Evaluating the entropy integral with
the choice @ = diam(Z)/2/n and plugging the estimate into the Theorem 3.3, we get the
claimed bound.

A.10. Covering number bounds based on Maurey’s empirical method. Here, we provide
a short derivation of an upper bound (3.5) on the covering number of an ¢; ball by smaller
5 balls with radius e. The proof goes through the standard sparsification steps (see [49] and
references therein) and is included only for completeness.

First note that we can assume that the radius of the ¢; ball (denoted henceforth by B1)
to be 1 without loss of generality, as we can rescale the ¢ balls to have radius ¢/M. Let
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{e1,...,eq} be the standard basis of R?. Now, for an arbitrary v € By, let U be a random
vector in R? constructed as

U= sign(vi)e; w.p. |v;| Vie{1,...,d},
0 w.p. 1 —|jv|1

satisfying EU = v. Let Ug),...,Ugy) be ii.d. copies of U for some fixed v and some k € N
(to be tuned later), and let U = %25:1 Ujy- Then

9

| =

d d
_ - 1
E|U —v|? =Y B||U; — v = . Y E(U; —v)? <
i=1 =1

where the last inequality holds as E(U; — v;)? = |1 — v;| - |vs] < |vi]. If we choose k = [1/?],
then E|U — v|? < &2, which implies that there is at least one realization of U, such that
|U —v|| < e. As the number of distinct values that U can take is upper-bounded by (2d +1)*
(irrespective of the choice of v), we get what we want.

A.11. A high-probability uniform deviation bound. For completeness, we state Lemma 21
of Vainsencher, Mannor, and Bruckstein [42] based on the single covering step, which has been
referred to in the discussion following Theorem 3.3 and the proof in Appendix A.6. Note that
the lemma has been slightly adapted for the sake of notational coherence.

Lemma A.1. Let G be a class of functions g : Z — [0, B] with the covering number bound

N o) < (€)'

for some constant d,C, whenever (C/e)? > e/B? holds. Then, for every § € (0,1),

dIn(Cy/n) log(1/9) 2
sup [Epg(Z) —Ep,9(2)] < B <\/ o +\/ o ) T
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