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Complete Dictionary Recovery over the Sphere
I. Overview and the Geometric Picture

Ju Sun, Student Member, IEEE, Qing Qu, Student Member, IEEE, and John Wright, Member, IEEE

Abstract

We consider the problem of recovering a complete (i.e., square and invertible) matrix Ag, from Y € R"*P
with Y = Ay Xy, provided X is sufficiently sparse. This recovery problem is central to theoretical understanding
of dictionary learning, which seeks a sparse representation for a collection of input signals and finds numerous
applications in modern signal processing and machine learning. We give the first efficient algorithm that provably
recovers Ag when X has O (n) nonzeros per column, under suitable probability model for X. In contrast, prior
results based on efficient algorithms either only guarantee recovery when X, has O(y/n) zeros per column, or
require multiple rounds of SDP relaxation to work when X has O(n'~%) nonzeros per column (for any constant
6 €(0,1)).

Our algorithmic pipeline centers around solving a certain nonconvex optimization problem with a spherical
constraint. In this paper, we provide a geometric characterization of the objective landscape. In particular, we show
that the problem is highly structured: with high probability, (1) there are no “spurious” local minimizers; and (2)
around all saddle points the objective has a negative directional curvature. This distinctive structure makes the problem
amenable to efficient optimization algorithms. In a companion paper [3], we design a second-order trust-region
algorithm over the sphere that provably converges to a local minimizer from arbitrary initializations, despite the
presence of saddle points.

Index Terms

Dictionary learning, Nonconvex optimization, Spherical constraint, Escaping saddle points, Trust-region method,
Manifold optimization, Function landscape, Second-order geometry, Inverse problems, Structured signals, Nonlinear
approximation

I. INTRODUCTION

Given p signal samples from R",i.e., Y = [yi,...,y,], is it possible to construct a “dictionary” A = [ay, ..., ap]
with m much smaller than p, such that Y ~ A X and the coefficient matrix X has as few nonzeros as possible? In
other words, this model dictionary learning (DL) problem seeks a concise representation for a collection of input
signals. Concise signal representations play a central role in compression, and also prove useful to many other
important tasks, such as signal acquisition, denoising, and classification.

Traditionally, concise signal representations have relied heavily on explicit analytic bases constructed in nonlinear
approximation and harmonic analysis. This constructive approach has proved highly successful; the numerous
theoretical advances in these fields (see, e.g., [4]-[8] for summary of relevant results) provide ever more powerful
representations, ranging from the classic Fourier basis to modern multidimensional, multidirectional, multiresolution
bases, including wavelets, curvelets, ridgelets, and so on. However, two challenges confront practitioners in
adapting these results to new domains: which function class best describes signals at hand, and consequently which
representation is most appropriate. These challenges are coupled, as function classes with known “good” analytic
bases are rare. !

Around 1996, neuroscientists Olshausen and Field discovered that sparse coding, the principle of encoding a
signal with few atoms from a learned dictionary, reproduces important properties of the receptive fields of the simple
cells that perform early visual processing [10], [11]. The discovery has spurred a flurry of algorithmic developments
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'As Donoho et al [9] put it, “...in effect, uncovering the optimal codebook structure of naturally occurring data involves more challenging
empirical questions than any that have ever been solved in empirical work in the mathematical sciences.”
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and successful applications for DL in the past two decades, spanning classical image processing, visual recognition,
compressive signal acquisition, and also recent deep architectures for signal classification (see, e.g., [12], [13] for
review of this development).

The learning approach is particularly relevant to modern signal processing and machine learning, which deal
with data of huge volume and great variety (e.g., images, audios, graphs, texts, genome sequences, time series, etc).
The proliferation of problems and data seems to preclude analytically deriving optimal representations for each
new class of data in a timely manner. On the other hand, as datasets grow, learning dictionaries directly from data
looks increasingly attractive and promising. When armed with sufficiently many data samples of one signal class,
by solving the model DL problem, one would expect to obtain a dictionary that allows sparse representation for the
whole class. This hope has been borne out in a number of successful examples [12], [13] and theories [14]-[17].

A. Theoretical and Algorithmic Challenges

In contrast to the above empirical successes, theoretical study of dictionary learning is still developing. For
applications in which dictionary learning is to be applied in a “hands-free” manner, it is desirable to have efficient
algorithms which are guaranteed to perform correctly, when the input data admit a sparse model. There have been
several important recent results in this direction, which we will review in Section I-E, after our sketching main
results. Nevertheless, obtaining algorithms that provably succeed under broad and realistic conditions remains an
important research challenge.

To understand where the difficulties arise, we can consider a model formulation, in which we attempt to obtain
the dictionary A and coefficients X which best trade-off sparsity and fidelity to the observed data:

1
minimize gcgon xemesr A X + 5 14X — Y ||, subject to A € A. 1.1)

Here, || X[|; =3, ; |X;;| promotes sparsity of the coefficients, A > 0 trades off the level of coefficient sparsity and
quality of approximation, and A imposes desired structures on the dictionary.

This formulation is nonconvex: the admissible set A is typically nonconvex (e.g., orthogonal group, matrices with
normalized columns)?, while the most daunting nonconvexity comes from the bilinear mapping: (A, X) — AX.
Because (A, X) and (AHE, ST X ) result in the same objective value for the conceptual formulation (I.1),
where II is any permutation matrix, and X any diagonal matrix with diagonal entries in {£1}, and (-)* denotes
matrix transpose. Thus, we should expect the problem to have combinatorially many global minimizers. These
global minimizers are generally isolated, likely jeopardizing natural convex relaxation (see similar discussions in,
e.g., [18] and [19]).? This contrasts sharply with problems in sparse recovery and compressed sensing, in which
simple convex relaxations are often provably effective [26]-[35]. Is there any hope to obtain global solutions to the
DL problem?

B. An Intriguing Numerical Experiment with Real Images

We provide empirical evidence in support of a positive answer to the above question. Specifically, we learn
orthogonal bases (orthobases) for real images patches. Orthobases are of interest because typical hand-designed
dictionaries such as discrete cosine (DCT) and wavelet bases are orthogonal, and orthobases seem competitive in
performance for applications such as image denoising, as compared to overcomplete dictionaries [36]*.

For example, in nonlinear approximation and harmonic analysis, orthonormal basis or (tight-)frames are preferred; to fix the scale ambiguity
discussed in the text, a common practice is to require that A to be column-normalized.

3Simple convex relaxations normally replace the objective function with a convex surrogate, and the constraint set with its convex hull.
When there are multiple isolated global minimizers for the original nonconvex problem, any point in the convex hull of these global minimizers
are necessarily feasible for the relaxed version, and such points tend to produce smaller or equal values than that of the original global
minimizers by the relaxed objective function, due to convexity. This implies such relaxations are bound to be loose. Semidefinite programming
(SDP) lifting may be one useful general strategy to convexify bilinear inverse problems, see, e.g., [20], [21]. However, for problems with
general nonlinear constraints, it is unclear whether the lifting always yields tight relaxation; consider, e.g., [21]-[23] and the identification
issue in blind deconvolution [24], [25].

“See Section I-C for more detailed discussions of this point. [37] also gave motivations and algorithms for learning (union of) orthobases
as dictionaries.
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Fig. 1: Alternating direction method for (I.2) on uncompressed real images seems to always produce the same
solution! Top: Each image is 512 x 512 in resolution and encoded in the uncompressed pgm format (uncompressed
images to prevent possible bias towards standard bases used for compression, such as DCT or wavelet bases).
Each image is evenly divided into 8 x 8 non-overlapping image patches (4096 in total), and these patches are all
vectorized and then stacked as columns of the data matrix Y. Bottom: Given each Y, we solve (I.2) 100 times with
independent and randomized (uniform over the orthogonal group) initialization Ag. Let A, denote the value of A
at convergence (we set the maximally allowable number of ADM iterations to be 10 and A = 2). The plots show
the values of || A% Y'||; across the independent repetitions. They are virtually the same and the relative differences
are less than 103!

We divide a given greyscale image into 8 x 8 non-overlapping patches, which are converted into 64-dimensional
vectors and stacked column-wise into a data matrix Y. Specializing (I.1) to this setting, we obtain the optimization
problem:

1
minimize gcgnxn xernxr A || X|; + 3 |AX — Y%, subject to A € O, (I1.2)

where O, is the set of order n orthogonal matrices, i.e., order-n orthogonal group. To derive a concrete algorithm
for (1.2), one can deploy the alternating direction method (ADM)?, i.e., alternately minimizing the objective function
with respect to (w.r.t.) one variable while fixing the other. The iteration sequence actually takes very simple form:
for k=1,2,3,...,

X, =58 [A;_Y], A,=UV*forUDV* = SVD (Y X})

where S) [] denotes the well-known soft-thresholding operator acting elementwise on matrices, i.e., Sy [z] =
sign () max (|z| — A, 0) for any scalar x.
Fig. 1 shows what we obtained using the simple ADM algorithm, with independent and randomized initializations:

The algorithm seems to always produce the same optimal value, regardless of the initialization.

3This method is also called alternating minimization or (block) coordinate descent method. see, e.g., [38], [39] for classic results and [40],
[41] for several interesting recent developments.
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This observation is consistent with the possibility that the heuristic ADM algorithm may always converge to a
global minimizer! ® Equally surprising is that the phenomenon has been observed on real images’. One may imagine
only random data typically have “favorable” structures; in fact, almost all existing theories for DL pertain only to
random data [42]-[47].

C. Dictionary Recovery and Our Results

In this paper, we take a step towards explaining the surprising effectiveness of nonconvex optimization heuristics
for DL. We focus on the dictionary recovery (DR) setting: given a data matrix Y generated as Y = AyX, where
Ap e ACR™™ and X € R™*P is “reasonably sparse”, try to recover Ay and X. Here recovery means to
return any pair (AOHE, E_ll_I*Xo), where II is a permutation matrix and 3 is a nonsingular diagonal matrix,
i.e., recovering up to sign, scale, and permutation.

To define a reasonably simple and structured problem, we make the following assumptions:

o The target dictionary Ag is complete, i.e., square and invertible (m = n). In particular, this class includes
orthogonal dictionaries. Admittedly overcomplete dictionaries tend to be more powerful for modeling and
to allow sparser representations. Nevertheless, most classic hand-designed dictionaries in common use are
orthogonal. Orthobases are competitive in performance for certain tasks such as image denoising [36], and
admit faster algorithms for learning and encoding.

e The coefficient matrix X follows the Bernoulli-Gaussian (BG) model with rate 6: [Xo]ij = (;;Vij, with
Qi; ~ Ber () and Vj; ~ N (0, 1), where all the different random variables are jointly independent. We write
compactly Xy ~;;q BG(0). This BG model, or the Bernoulli-Subgaussian model as used in [42], is a
reasonable first model for generic sparse coefficients: the Bernoulli process enables explicit control on the
(hard) sparsity level, and the (sub)-Gaussian process seems plausible for modeling variations in magnitudes.
Real signals may admit encoding coefficients with additional or different characteristics. We will focus on
generic sparse encoding coefficients as a first step towards theoretical understanding.

In this paper, we provide a nonconvex formulation for the DR problem, and characterize the geometric structure of
the formulation that allows development of efficient algorithms for optimization. In the companion paper [3], we
derive an efficient algorithm taking advantage of the structure, and describe a complete algorithmic pipeline for
efficient recovery. Together, we prove the following result:

Theorem I.1 (Informal statement of our results, a detailed version included in the companion paper [3]). For any
0 € (0,1/3), given Y = AgX( with Ay a complete dictionary and X ~; ;4. BG (0), there is a polynomial-time
algorithm that recovers (up to sign, scale, and permutation) Ao and Xo with high probability (at least 1 — O(p~%))
whenever p > p, (n,1/6,k (Ag),1/u) for a fixed polynomial p, (-), where k (Ay) is the condition number of Ag
and | is a parameter that can be set as en~5/4 for a constant ¢ > 0.

Obviously, even if X is known, one needs p > n to make the identification problem well posed. Under our
particular probabilistic model, a simple coupon collection argument implies that one needs p > (2 (% log n) to
ensure all atoms in Ag are observed with high probability (w.h.p.). Ensuring that an efficient algorithm exists may
demand more. Our result implies when p is polynomial in n, 1/ and k(Ay), recovery with an efficient algorithm
is possible.

The parameter 6 controls the sparsity level of X. Intuitively, the recovery problem is easy for small 6 and
becomes harder for large 6.° It is perhaps surprising that an efficient algorithm can succeed up to constant 6, i.e.,

®Technically, the convergence to global solutions is surprising because even convergence of ADM to critical points is not guaranteed in
general, see, e.g., [40], [41] and references therein.

" Actually the same phenomenon is also observed for simulated data when the coefficient matrix obeys the Bernoulli-Gaussian model, which
is defined later. The result on real images supports that previously claimed empirical successes over two decades may be non-incidental.

8Empirically, there is no systematic evidence supporting that overcomplete dictionaries are strictly necessary for good performance in all
published applications (though [11] argues for the necessity from a neuroscience perspective). Some of the ideas and tools developed here for
complete dictionaries may also apply to certain classes of structured overcomplete dictionaries, such as tight frames. See Section III for
relevant discussion.

“Indeed, when @ is small enough such that columns of X are predominately 1-sparse, one directly observes scaled versions of the atoms
(i.e., columns of Xjy); when X is fully dense corresponding to 6§ = 1, recovery is never possible as one can easily find another complete
Aj, and fully dense X such that Y = A{ X, with A{ not equivalent to Ao.
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linear sparsity in Xg. Compared to the case when Ag is known, there is only at most a constant gap in the sparsity
level one can deal with.

For DL, our result gives the first efficient algorithm that provably recovers complete Ay and Xy when X has
O(n) nonzeros per column under appropriate probability model. Section I-E provides detailed comparison of our
result with other recent recovery results for complete and overcomplete dictionaries.

D. Main Ingredients and Innovations

In this section we describe three main ingredients that we use to obtain the stated result.

1) A Nonconvex Formulation: Since Y = Ay X, and Ay is complete, row (Y') = row (X() (row (-) denotes
the row space of a matrix) and hence rows of X are sparse vectors in the known (linear) subspace row (Y).
We can use this fact to first recover the rows of X, and subsequently recover Ay by solving a system of linear
equations. In fact, for Xy ~; ;4 BG (0), rows of X are the n sparsest vectors (directions) in row (Y) w.h.p.
whenever p > Q (nlogn) [42]. Thus, recovering rows of X is equivalent to finding the sparsest vectors/directions
(due to the scale ambiguity) in row(Y). Since any vector in row(Y') can be written as ¢*Y for a certain g, one
might try to solve

minimize ||q*Y ||, subject to q*Y # 0 (1.3)

to find the sparsest vector in row(Y"). Once the sparsest one is found, one then appropriately reduces the subspace
row(Y') by one dimension, and solves an analogous version of (I.3) to find the second sparsest vector. The process
is continued recursively until all sparse vectors are obtained. The above idea of reducing the original recovery
problem into finding sparsest vectors in a known subspace first appeared in [42].

The objective is discontinuous, and the domain is an open set. In particular, the homogeneous constraint is
unconventional and tricky to deal with. Since the recovery is up to scale, one can remove the homogeneity by fixing
the scale of q. Known relaxations [42], [48] fix the scale by setting ||g*Y || ., = 1 and use |[-||; as a surrogate to
l|-lg> where |||, is the elementwise /> norm, leading to the optimization problem

minimize ||g"Y||; subject to [|¢"Y | = 1. (L4)

The constraint means at least one coordinate of ¢g*Y has unit magnitude'?. Thus, (I.4) reduces to a sequence of
convex (linear) programs. [42] has shown that (see also [48]) solving (I.4) recovers (Ag, X) for very sparse X,
but the idea provably breaks down when 6 is slightly above O(1/4/n), or equivalently when each column of X
has more than O (y/n) nonzeros.

Inspired by our previous image experiment, we work with a nonconvex alternative'!

P
minimize f( q, Z x (@*Yr) , subject to ||lg|| =1, (L.5)
k:
where ¥ € R™7 is a proxy for Y (i.e., after appropriate processing), k£ indexes columns of Y, and |||l is the usual
% norm for vectors. Here h, (+) is chosen to be a convex smooth approximation to |-|, namely,
h'u (z) _ Mlog <exp (z/lu’) +2€Xp (_Z//"L)> — Mlog COSh(Z//I/), (16)

which is infinitely differentiable and g controls the smoothing level.'> An illustration of the h,(-) function vs. the
¢ function is provided in Fig. 2. The spherical constraint is nonconvex. Hence, a-priori, it is unclear whether
(I.5) admits efficient algorithms that attain global optima. Surprisingly, simple descent algorithms for (I.5) exhibit
very striking behavior: on many practical numerical examples'?, they appear to produce global solutions. Our next
section will uncover interesting geometrical structures underlying the phenomenon.
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Fig. 2: The smooth ¢! surrogate defined in (I.6) vs. the ¢! function, for varying values of . The surrogate
approximates the ¢! function more closely when p gets smaller.
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Fig. 3: Why is dictionary learning over S"~! tractable? Assume the target dictionary Ay = I. Left: Large sample
objective function Ex, [f (q)]. The only local minimizers are the signed basis vectors +e;. Right: A visualization
of the function as a height above the equatorial section e§, i.e., span{ej,ex} N B3. The derived function is obtained
by assigning values of points on the upper hemisphere to their corresponding projections on the equatorial section
e3l. The minimizers for the derived function are 0, +eq, £es. Around 0 in e§, the function exhibits a small region
of strong convexity, a region of large gradient, and finally a region in which the direction away from O is a direction

of negative curvature.

2) A Glimpse into High-dimensional Function Landscape: For the moment, suppose Ay = I and take Y =
Y = Ay X, = X in (L5). Fig. 3 (left) plots Ex, [f (g; Xo)] over ¢ € S? (n = 3). Remarkably, Ex, [f (q; X0)]
has no spurious local minimizers. In fact, every local minimizer q is one of the signed standard basis vectors, i.e.,
+e;’s where i € {1,2,3}. Hence, ¢*Y reproduces a certain row of X, and all minimizers reproduce all rows of
Xo.

Let (33L be the equatorial section that is orthogonal to es, i.e., (33L = span(ej, ez) N B3. To better illustrate the
above point, we project the upper hemisphere above 63l onto e?f. The projection is bijective and we equivalently
define a reparameterization g : e?f — R of f. Fig. 3 (right) plots the graph of g. Obviously the only local minimizers
are 0, e, teo, and they are also global minimizers. Moreover, the apparent nonconvex landscape has interesting
structures around 0: when moving away from 0, one sees successively a strongly convex region, a strong gradient

'0The sign ambiguity is tolerable here.

A similar formulation has been proposed in [49] in the context of blind source separation; see also [50].

"2In fact, there is nothing special about this choice and we believe that any valid smooth (twice continuously differentiable) approximation
to || would work and yield qualitatively similar results. We also have some preliminary results showing the latter geometric picture remains
the same for certain nonsmooth functions, such as a modified version of the Huber function, though the analysis involves handling a different
set of technical subtleties. The algorithm also needs additional modifications.

13_. not restricted to the model we assume here for Ay and X,.
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region, and a region where at each point one can always find a direction of negative curvature. This geometry
implies that at any nonoptimal point, there is always at least one direction of descent. Thus, any algorithm that can
take advantage of the descent directions will likely converge to a global minimizer, irrespective of initialization.
Two challenges stand out when implementing this idea. For geometry, one has to show similar structure exists for
general complete Ay, in high dimensions (n > 3), when the number of observations p is finite (vs. the expectation
in the experiment). For algorithms, we need to be able to take advantage of this structure without knowing A
ahead of time. In Section I-D3, we describe a Riemannian trust region method which addresses the latter challenge.
a) Geometry for orthogonal Ag.: In this case, we take Y =Y = Ay X,. Since f(g; Ao Xo) = f (Ajg; Xo),
the landscape of f (q; A9Xy) is simply a rotated version of that of f (g; Xy), i.e., when Ay = I. Hence we will
focus on the case when Ay = I. Among the 2n symmetric sections of S”~! centered around the signed basis vectors
+ey,...,te,, we work with the symmetric section around e,, as an exemplar. An illustration of the symmetric
sections and the exemplar we choose to work with on S? is provided in Fig. 4. The result will carry over to all

sections with the same argument; together this provides a complete characterization of the function f (g; Xo) over
sr1,

K -5 08
s os o4 02 0 OF o

Fig. 4: Illustration of the six symmetric sections on S? and the exemplar we work with. Left: The six symmetric
sections on S?, as divided by the green curves. The signed basis vectors, +e;’s, are centers of these sections. We
choose to work with the exemplar that is centered around e that is shaded in blue. Right: Projection of the upper
hemisphere onto the equatorial section e:,f. The blue region is projection of the exemplar under study. The larger
region enclosed by the red circle is the I' set on which we characterize the reparametrized function g.

To study the function on this exemplar region, we again invoke the projection trick described above, this time
onto the equatorial section e;-. This can be formally captured by the reparameterization mapping:

¢ (w) = (w, - \wHQ) L weB, @

where w is the new variable and B"~! is the unit ball in R"~!. We first study the composition g (w; Xo) =

f(q(w); Xp) over the set

It can be verified the exemplar we chose to work with is strictly contained in this set'*. This is illustrated for the
case n = 3 in Fig. 4 (right).

Our analysis characterizes the properties of g (w; X() by studying three quantities
w'Vg (w; Xo)  w Vg (w; Xo) w

)

VQQ (w;XO) ) 5
]|

“Indeed, if (g, en) > |(g,e;)| for all i # n, 1 — ||w||* = ¢2 > 1/n, implying ||w||* < 21 < 42=1 The reason we have defined an
open set instead of a closed (compact) one is to avoid potential trivial local minimizers located on the boundary We study behavior of g over
this slightly larger set I, instead of just the projection of the chosen symmetric section, to conveniently deal with the boundary effect: if we
choose to work with just projection of the chosen symmetric section, there would be considerable technical subtleties at the boundaries when

we call the union argument to cover the whole sphere.
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respectively over three consecutive regions moving away from the origin, corresponding to the three regions in
Fig. 3 (right). In particular, through typical expectation-concentration style arguments, we show that there exists a
positive constant ¢ such that

1 * - X *\72 - X
V2 (w: Xo) > Leor, WYIWiXo) o, WV (wi Xo)w
ol

< —cf 1.9)
over the respective regions w.h.p., confirming our low-dimensional observations described above. In particular, the
favorable structure we observed for m = 3 persists in high dimensions, w.h.p., even when p is large yet finite, for
the case Ay is orthogonal. Moreover, the local minimizer of g (w; Xo) over I is very close to 0, within a distance
of O (u)".

b) Geometry for complete Ag.: For general complete dictionaries Ag, we hope that the function f retains the
nice geometric structure discussed above. We can ensure this by “preconditioning” Y such that the output looks as
if being generated from a certain orthogonal matrix, possibly plus a small perturbation. We can then argue that the
perturbation does not significantly affect qualitative properties of the objective landscape. Write

Y — (Z%YY*)A/QY. (1.10)

Note that for Xy ~; ;4 BG(0), E[XXj]/(pf) = I. Thus, one expects pi@YY* = I)%AOXOXSAS to behave
roughly like AgA( and hence Y to behave like

(AgAL) Y2 AgXo = (USV*'VIU*) V2USV*X,
= U 'U'UzVv*X,
=UV*X, (L11)

where SVD(Ay) = UX V™. It is easy to see UV™ is an orthogonal matrix. Hence the preconditioning scheme we
have introduced is technically sound.
Our analysis shows that Y can be written as

Y =UV*X, + EX,, (1.12)

where E is a matrix with a small magnitude. Simple perturbation argument shows that the constant ¢ in (1.9) is at
most shrunk to ¢/2 for all w when p is sufficiently large. Thus, the qualitative aspects of the geometry have not
been changed by the perturbation.

3) A Second-order Algorithm on Manifold: Riemannian Trust-Region Method: We do not know Aj ahead
of time, so our algorithm needs to take advantage of the structure described above without knowledge of Ajy.
Intuitively, this seems possible as the descent direction in the w space appears to also be a local descent direction
for f over the sphere. Another issue is that although the optimization problem has no spurious local minimizers,
it does have many saddle points with indefinite Hessian, which we call ridable saddles '® (Fig. 3). We can use
second-order information to guarantee to escape from such saddle points. In the companion paper [3], we derive
an algorithm based on the Riemannian trust region method (TRM) [53], [54] for this purpose. There are other
algorithmic possibilities; see, e.g., [52], [55].

We provide here only the basic intuition why a local minimizer can be retrieved by the second-order trust-region
method. Consider an unconstrained optimization problem

Iin ¢ ().
Typical (second-order) TRM proceeds by successively forming a second-order approximation to ¢ at the current
iterate,

$(0; 2 V) = ¢(x V) + V(2 )8 + L5* QY8 (L.13)

5When p — oo, the local minimizer is exactly 0; deviation from O that we described is due to finite-sample perturbation. The deviation
distance depends both the h,(-) and p; see Theorem II.1 for example.
16See [51] and [52].
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where Q(a:(’"*l)) is a proxy for the Hessian matrix V2¢(:c(”*1))k which encodes the second-order geometry. The
next movement direction is determined by seeking a minimum of ¢(4; :1:(’"‘1)) over a small region, normally a norm
ball [|d]|, < A, called the trust region, inducing the well-studied trust-region subproblem that can efficiently solved:

6" = argmin  ¢(&; 2" V), (1.14)
SEeRn |18]| <A

where A is called the trust-region radius that controls how far the movement can be made. If we take Q(x"~1) =
V2¢(2("=1) for all 7, then whenever the gradient is nonvanishing or the Hessian is indefinite, we expect to decrease
the objective function by a concrete amount provided ||§]| is sufficiently small. Since the domain is compact, the
iterate sequence ultimately moves into the strongly convex region, where the trust-region algorithm behaves like
a typical Newton algorithm. All these are generalized to our objective over the sphere and made rigorous in the
companion paper [3].

E. Prior Arts and Connections

It is far too ambitious to include here a comprehensive review of the exciting developments of DL algorithms
and applications after the pioneer work [10]. We refer the reader to Chapter 12 - 15 of the book [12] and the survey
paper [13] for summaries of relevant developments in image analysis and visual recognition. In the following, we
focus on reviewing recent developments on the theoretical side of dictionary learning, and draw connections to
problems and techniques that are relevant to the current work.

a) Theoretical Dictionary Learning: The theoretical study of DL in the recovery setting started only very
recently. [56] was the first to provide an algorithmic procedure to correctly extract the generating dictionary.
The algorithm requires exponentially many samples and has exponential running time; see also [57]. Subsequent
work [18], [19], [58]-[60] studied when the target dictionary is a local optimizer of natural recovery criteria. These
meticulous analyses show that polynomially many samples are sufficient to ensure local correctness under natural
assumptions. However, these results do not imply that one can design efficient algorithms to obtain the desired local
optimizer and hence the dictionary.

[42] initiated the on-going research effort to provide efficient algorithms that globally solve DR. They showed
that one can recover a complete dictionary Ay from Y = Ag X by solving a certain sequence of linear programs,
when X is a sparse random matrix (under the Bernoulli-Subgaussian model) with O(+/n) nonzeros per column (and
the method provably breaks down when X contains slightly more than 2(y/n) nonzeros per column). [43], [45]
and [44], [47] gave efficient algorithms that provably recover overcomplete (m > n), incoherent dictionaries, based
on a combination of {clustering or spectral initialization} and local refinement. These algorithms again succeed
when X has O(y/n) ' nonzeros per column. Recent work [61] provided the first polynomial-time algorithm
that provably recovers most “nice” overcomplete dictionaries when X has O(n'~%) nonzeros per column for any
constant § € (0,1). However, the proposed algorithm runs in super-polynomial (quasipolynomial) time when the
sparsity level goes up to O(n). Similarly, [46] also proposed a super-polynomial time algorithm that guarantees
recovery with (almost) O (n) nonzeros per column. Detailed models for those methods dealing with overcomplete
dictionaries are differ from one another; nevertheless, they all assume each column of X has bounded sparsity
levels, and the nonzero coefficients have certain sub-Gaussian magnitudes'8. By comparison, we give the first
polynomial-time algorithm that provably recovers complete dictionary Ay when X has O (n) nonzeros per column,
under the BG model.

Aside from efficient recovery, other theoretical work on DL includes results on identifiability [56], [57], [62],
generalization bounds [14]-[17], and noise stability [63].

b) Finding Sparse Vectors in a Linear Subspace: We have followed [42] and cast the core problem as finding
the sparsest vectors in a given linear subspace, which is also of independent interest. Under a planted sparse model'®,
[48] showed that solving a sequence of linear programs similar to [42] can recover sparse vectors with sparsity up
to O (p/+/n), sublinear in the vector dimension. [50] improved the recovery limit to O (p) by solving a nonconvex

"The O suppresses some logarithm factors.
'8Thus, one may anticipate that the performances of those methods do not change much qualitatively, if the BG model for the coefficients
had been assumed.

19... where one sparse vector embedded in an otherwise random subspace.
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sphere-constrained problem similar to (I.5)*° via an ADM algorithm. The idea of seeking rows of X sequentially by
solving the above core problem sees precursors in [49] for blind source separation, and [64] for matrix sparsification.
[49] also proposed a nonconvex optimization similar to (I.5) here and that employed in [50].

¢) Nonconvex Optimization Problems: For other nonconvex optimization problems of recovery of structured
signals21, including low-rank matrix completion/recovery [73]-[82], phase retreival [83]-[86], tensor recovery [87]—
[90], mixed regression [91], [92], structured element pursuit [50], and recovery of simultaneously structured
signals [92], numerical linear algebra and optimization [93], [94], the initialization plus local refinement strategy
adopted in theoretical DL [43]-[47] is also crucial: nearness to the target solution enables exploiting the local
property of the optimizing objective to ensure that the local refinement succeeds.?” By comparison, we provide a
complete characterization of the global geometry, which admits efficient algorithms without any special initialization.

1 1 -1 1

(d) Correlated Gaussian, 8 = 0.9 (e) Correlated Uniform, 8 = 0.9 (f) Independent Uniform, 6 = 1

Fig. 5: Asymptotic function landscapes when rows of X, are not independent. W.l.o.g., we again assume
Ap=1I.In (a) and (d), Xo = QO V, with  ~;; 4 Ber(d) and columns of X i.i.d. Gaussian vectors obeying
v; ~ N(0,%2) for symmetric ¥ with 1’s on the diagonal and i.i.d. off-diagonal entries distributed as A/(0, v/2/20).
Similarly, in (b) and (e), Xo = Q@ © W, with Q ~;; 4 Ber(f) and columns of X i.i.d. vectors generated as
w; = Xu' with u; ~;; 4 Uniform[—0.5,0.5]. For comparison, in (c) and (f), Xo = Q2 ® W with Q ~;; 4 Ber(0)
and W ~;; 4 Uniform[—0.5,0.5]. Here ® denote the elementwise product, and the objective function is still based
on the log cosh function as in (L.5).

d) Independent Component Analysis (ICA) and Other Matrix Factorization Problems: DL can also be considered
in the general framework of matrix factorization problems, which encompass the classic principal component analysis
(PCA), ICA, and clustering, and more recent problems such as nonnegative matrix factorization (NMF), multi-layer
neural nets (deep learning architectures). Most of these problems are NP-hard. Identifying tractable cases of practical
interest and providing provable efficient algorithms are subject of on-going research endeavors; see, e.g., recent
progresses on NMF [98], and learning deep neural nets [99]-[102].

ICA factors a data matrix Y as Y = AX such that A is square and rows of X achieve maximal statistical
independence [103], [104]. In theoretical study of the recovery problem, it is often assumed that rows of X
are (weakly) independent (see, e.g., [105]-[107]). Our i.i.d. probability model on X implies rows of X are
independent, aligning our problem perfectly with the ICA problem. More interestingly, the log cosh objective we

*The only difference is that they chose to work with the Huber function as a proxy of the [I]l; function.

2IThis is a body of recent work studying nonconvex recovery up to statistical precision, including, e.g., [65]-[72].

2The powerful framework [40], [41] to establish local convergence of ADM algorithms to critical points applies to DL/DR also, see, e.g.,
[95]-[97]. However, these results do not guarantee to produce global optima.
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analyze here was proposed as a general-purpose contrast function in ICA that has not been thoroughly analyzed [108].
Algorithms and analysis with another popular contrast function, the fourth-order cumulants, however, indeed overlap
with ours considerably [106], [107]*%. While this interesting connection potentially helps port our analysis to ICA,
it is a fundamental question to ask what is playing a more vital role for DR, sparsity or independence.

Fig. 5 helps shed some light in this direction, where we again plot the asymptotic objective landscape with
the natural reparameterization as in Section [-D2. From the left and central panels, it is evident that even without
independence, X with sparse columns induces the familiar geometric structures we saw in Fig. 3; such structures
are broken when the sparsity level becomes large. We believe all our later analyses can be generalized to the
correlated cases we experimented with. On the other hand, from the right panel®*, it seems that with independence,
the function landscape undergoes a transition, as sparsity level grows: target solution goes from minimizers of the
objective to the maximizers of the objective. Without adequate knowledge of the true sparsity, it is unclear whether
one would like to minimize or maximize the objective.”> This suggests that sparsity, instead of independence, makes
our current algorithm for DR work.

e) Nonconvex Problems with Similar Geometric Structure: Besides ICA discussed above, it turns out that
a handful of other practical problems arising in signal processing and machine learning induce the “no spurious
minimizers, all saddles are second-order” structure under natural setting, including the eigenvalue problem, generalized
phase retrieval [109], orthogonal tensor decomposition [52], low-rank matrix recovery/completion [110], [111], noisy
phase synchronization and community detection [112]-[114], linear neural nets learning [115]-[117]. [51] gave a
review of these problems, and discussed how the methodology developed in this and the companion paper [3] can
be generalized to solve those problems.

F. Notations, and Reproducible Research

We use bold capital and small letters such as X and « to denote matrices and vectors, respectively. Small letters
are reserved for scalars. Several specific mathematical objects we will frequently work with: Oy, for the orthogonal
group of order k, S"~! for the unit sphere in R”, B" for the unit ball in R™, and [m] = {1,...,m} for positive
integers m. We use (-)* for matrix transposition, causing no confusion as we will work entirely on the real field.
We use superscript to index rows of a matrix, such as «’ for the i-th row of the matrix X, and subscript to index
columns, such as x;. All vectors are defaulted to column vectors. So the i-th row of X as a row vector will be
written as (:1:’)* For norms, ||-|| is the usual 2 norm for a vector and the operator norm (i.e., 2 — ¢2) for a
matrix; all other norms will be indexed by subscript, for example the Frobenius norm ||-|| for matrices and the
element-wise max-norm ||-|| .. We use  ~ £ to mean that the random variable x is distributed according to the
law L. Let A/ denote the Gaussian law. Then & ~ A (0, I) means that x is a standard Gaussian vector. Similarly,
we use ¢ ~;; 4 L to mean elements of « are independently and identically distributed according to the law L. So
the fact © ~ N (0, I) is equivalent to that & ~;; 4. N (0,1). One particular distribution of interest for this paper is
the Bernoulli-Gaussian with rate 6: Z ~ B - G, with G ~ N (0,1) and B ~ Ber (6). We also write this compactly
as Z ~ BG (0). We reserve indexed C' and ¢ for absolute constants when stating and proving technical results. The
scopes of such constants are local unless otherwise noted. We use standard notations for most other cases, with
exceptions clarified locally.

The codes to reproduce all the figures and experimental results are available online:

https://github.com/sunju/dl_focm .

BNevertheless, the objective functions are apparently different. Moreover, we have provided a complete geometric characterization of the
objective, in contrast to [106], [107]. We believe the geometric characterization could not only provide insight to the algorithm, but also help
improve the algorithm in terms of stability and also finding all components.

2*We have not showed the results on the BG model here, as it seems the structure persists even when 6 approaches 1. We suspect the
“phase transition” of the landscape occurs at different points for different distributions and Gaussian is the outlying case where the transition
occurs at 1.

BFor solving the ICA problem, this suggests the log cosh contrast function, that works well empirically [108], may not work for all
distributions (rotation-invariant Gaussian excluded of course), at least when one does not process the data (say perform certain whitening or
scaling).
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II. THE HIGH-DIMENSIONAL FUNCTION LANDSCAPE

To characterize the function landscape of f (q; Xo) over S"~!, we mostly work with the function

g(w) = f (a(w):X0) = 3 Iy (g ()" (w0)y). (IL1)

k=1

induced by the reparametrization

q(w) = <w, \/1— ku2> , weBh (I11.2)

In particular, we focus our attention to the smaller set

in—1
I— {w < 4/ — } c B, (IL3)

4n

because g (T') contains all points g € S*~! with n € arg mMaX;c [, ¢ €; and we can similarly characterize other

parts of f on S”~! using projection onto other equatorial sections. Note that over T', ¢, = 1/1 — ||w|* > 1/(2y/n).

A. Main Geometric Theorems

Theorem II.1 (High-dimensional landscape - orthogonal dictionary). Suppose Ag = I and hence Y = Ay Xy = Xp.
There exist positive constants ¢, and C, such that for any 6 € (0,1/2) and p < ¢, min {anl, n*5/4}, whenever

c 5 n
the following hold simultaneously with probability at least 1 — cyp~S:
0 n
V2g(w; Xo) = =1 Vw st |w| <——, IL.5
olw: Xo) = el < 15 avs)
* X 1
wVs(wi Xo) o Vw st L <|w| < —— (IL6)
[ 42 20v/5
*V2g(w; X 1 4n —1
wV 9(“’; )% _ Vw st —— < || < y/——, (IL7)
]l 201/5 4n

and the function g(w; Xo) has exactly one local minimizer w, over the open set I" = {w wl| <4/ 41;1 } which

satisfies
. Jec nlo
|w, — 0] < mln{ CHMH pgp,luﬁ}. (IL.8)

Here c, through c. are all positive constants.

Here ¢ (0) = e, which exactly recovers the last row of Xy, (9)”. Though the unique local minimizer w,
may not be 0, it is very near to 0. Hence the resulting g (w,) produces a close approximation to (xp)". Note that
q (T) (strictly) contains all points ¢ € S®~! such that n = arg maX;c [, ¢ €;- We can characterize the graph of the
function f (g; X¢) in the vicinity of other signed basis vector +e; simply by changing the equatorial section e, to
eil. Doing this 2n times (and multiplying the failure probability in Theorem II.1 by 2n), we obtain a characterization
of f(q; Xo) over the entirety of S”~1.26 The result is captured by the next corollary.

Corollary IL1.2. Suppose Ag = I and hence Y = AgXy = Xg. There exist positive constant C, such that for any
0 € (0,1/2) and i < ¢q min {Gn_l, n_5/4}, whenever p > %niﬁ log %, with probability at least 1 — c,p~°, the
function f (q; Xo) has exactly 2n local minimizers over the sphere S"~1. In particular, there is a bijective map

%Tn fact, it is possible to pull the very detailed geometry captured in (I.5) through (I1.7) back to the sphere (i.e., the g space) also; analysis
of the Riemannian trust-region algorithm later does part of these. We will stick to this simple global version here.
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between these minimizers and signed basis vectors {+e;};, such that the corresponding local minimizer g, and

b € {xe;}; satisfy
4 [nl
lg. — | < V2min{ £, [RO8P LA (IL.9)
0 P 16

Here c, to c. are positive constants.

Proof. By Theorem IL.1, over q (T"), q (w,) is the unique local minimizer. Suppose not. Then there exist ¢’ € q (T")
with ¢’ # q (w,) and € > 0, such that f (¢’; Xo) < f (g; Xo) for all g € q (T") satisfying ||’ — q|| < . Since the
mapping w — ¢ (w) is 2y/n-Lipschitz (Lemma IV.8), g (w (q'); Xo) < g (w(q); Xp) for all w € T satisfying
|lw(qg) —w(q)| < &/ (2y/n), implying w(q’) is a local minimizer different from w,, a contradiction. Let
|lw, — 0] = n. Straightforward calculation shows

lg (w.) — el = (1= V1-02)? +7° =2 -2¢/1—n? < 27"

Repeating the argument 2n times in the vicinity of other signed basis vectors *e; gives 2n local minimizers of
f. Indeed, the 2n symmetric sections cover the sphere with certain overlaps. We claim that none of the 2n local
minimizers lies in the overlapped regions. This is due to the nearness of these local minimizers to standard basis
vectors. To see this, w.l.0.g., suppose g, which is the local minimizer next to e,, is in the overlapped region
determined by e,, and e; for some ¢ # n. This implies that

dn — 1

4dn

I[wi(q),- .- wi—1(q), wir1(q), .-, @l|* <

by the definition of our symmetric sections. On the other hand, we know

[wi(q), - - wi—1(q), wit1(@), - -, @l|I> > g2 =1 —n?.

Thus, so long as 1 —n? > 42;1, or 7 < 1/(24/n), a contradiction arises. Since 7 € O(u) and p < O(n=%*) by
our assumption, our claim is confirmed. There are no extra local minimizers, as any extra local minimizer must
be contained in at least one of the 2n symmetric sections, making two different local minimizers in one section,

contradicting the uniqueness result we obtained above. O

Though the 2n isolated local minimizers may have different objective values, they are equally good in the sense
each of them helps produce a close approximation to a certain row of Xg. As discussed in Section I-D2, for cases
Ay is an orthobasis other than I, the landscape of f (q;Y’) is simply a rotated version of the one we characterized
above.

Theorem I1.3 (High-dimensional landscape - complete dictionary). Suppose Aq is complete with its condition
number k (Ay). There exist positive constants c, (particularly, the same constant as in Theorem I1.1) and C, such
that for any 6 € (0,1/2) and pu < ¢, min {anl,n*“r’/‘l}, when

nt n®) k(Ag)n
> _ An) 1] 4 (22 I1.10
b= ci@QmaX{u‘“ﬁ}K (Ao o < po > -
and Y = \/@(YY*)_IM Y, UXV* = SVD (Ay), the following hold simultaneously with probability at least
1-— cbp_ﬁ.'
V2g(w: VUY) = 01 Vw s |w] < -t (IL11)
g(w; = o "~ T 42 '
w*Vg(w; VU'Y) > 1o Vw st K < wl| € ——= I1.12)
ool 2 2 20V5
*\72 . *? 1 1 dn —1
WV VUV )w 1. v s <<
ool 2 20v5 "

and the function g(w; VU*Y') has exactly one local minimizer w, over the open set T = {w wl| < /22t }

which satisfies
|lwe — 0] < p/7. (I1.14)
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Here c,, ap are both positive constants.

Corollary IL4. Suppose Ay is complete with its condition number rk (Ay). There exist positive constants c, (partic-
ularly, the same constant as in Theorem II.1) and C, such that for any 6 € (0,1/2) and p < ¢, min {anl, n*5/4},

when p > %max{%,ﬁ—z}ﬁs (Ap) log? (N(‘:ig)n> and Y = \/]@(YY*)_I/2 Y, UXV* = SVD(Ay), with

probability at least 1 — cyp~°, the function f (q; VU*?) has exactly 2n local minimizers over the sphere S*1.
In particular, there is a bijective map between these minimizers and signed basis vectors {*e;},, such that the
corresponding local minimizer q, and b € {+e;}, satisfy

lg. — bl < V2u/7. (IL15)
Here cq, ¢y are both positive constants.

We omit the proof to Corollary 1.4 as it is almost identical to that of corollary II.2. From the above theorems, it
is clear that for any saddle point in the w space, the Hessian has at least one negative eigenvalue with an associated
eigenvector w/||w|. Now the question is whether all saddle points of f on S"~! have analogous properties, since
as alluded to in Section I-D3, we need to perform actual optimization in the g space. This is indeed true, but we
will only argue informally in the companion paper [3]. The arguments need to be put in the language of Riemannian
geometry, and we can switch back and forth between g and w spaces in our algorithm analysis without stating this
fact.

B. Useful Technical Lemmas and Proof ldeas for Orthogonal Dictionaries

Proving Theorem II.1 is conceptually straightforward: one shows that the expectation of each quantity of interest
has the claimed property, and then proves that each quantity concentrates uniformly about its expectation. The
detailed calculations are nontrivial.

Note that

Ex, [9(q; X0)] = Eg~, ., Ba(o) [hu (g (w)" )]

The next three propositions show that in the expected function landscape, we see successively strongly convex
region, large gradient region, and negative directional curvature region when moving away from zero, as depicted in
Fig. 3 and sketched in Section I-D2.

Proposition IL.5. For any 6 € (0,1/2), if p < cmin {Gn_l,n_5/4}, it holds for all w with 1/ (20V/5) < |lw| <
(4n —1)/(4n) that

lw]® T o2/or

w'VAE by, (¢" (w)@)]w _ 6

Here ¢ > 0 is a constant.
Proof. See Page 17 under Section IV-Al. O
Proposition IL6. For any 6 € (0,1/2), if u < 9/50, it holds for all w with p/(4v/2) < |Jw| < 1/(20V/5) that
w VB [h(q" (w)z)] 0
[w] T 20V27

Proof. See Page 23 under Section IV-A2. O
Proposition IL7. For any 6 € (0,1/2), if u < 1/(20y/n), it holds for all w with ||w|| < p/(4v/2) that
0
VZE[h, (" (w)z)] = I
Bl (0" () )] = e
Proof. See Page 24 under Section IV-A3. O

To prove that the above hold qualitatively for finite p, i.e., the function g (w; Xy), we will need first prove
that for a fixed w each of the quantity of interest concentrates about their expectation w.h.p., and the function is
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nice enough (Lipschitz) such that we can extend the results to all w via a discretization argument. The next three
propositions provide the desired pointwise concentration results.

Proposition I1.8. For every w € T, it holds that for any t > 0,

* . * . 2
p HwW(u’Xo) Tk [ng(on)” > t] < 2exp <_Pt> .
w] w] 8n + 4y/nt

Proof. See Page 28 under Section IV-A4. O
Proposition IL.9. Suppose 0 < p < 1/+/n. For every w € T, it holds that for any t > 0,

w* 2 w* 2
Vig(w; Xo)w Vég(w; Xo)w > t| < dexp <_ gu t ) '
w|? [ w|)? 512n2 + 32nut
Proof. See Page 28 under Section IV-A4. O
Proposition IL.10. Suppose 0 < p < 1/+/n. For every w € T' N{w : |[w|| < 1/4}, it holds that for any t > 0,
) , pult?
PV ; Xo) —E |V ; X >t < 4 —_——].
192 w: Xo) ~ & [Fgtws Xo)] | 21] < anesp (B0
Proof. See Page 29 under Section IV-A4. O

The next three propositions provide the desired Lipschitz results.

Proposition II.11 (Hessian Lipschitz). Fix any r~. € (0,1). Over the set T N {w:|w]| >},
w*V2g(w; Xo)w/ ||wl||? is L-Lipschitz with

1613 8nS/2 48n5/
L~<THX0H | Xol|%, + p IIXoH +96n°/% || Xo|| oo

~

Proof. See Page 33 under Section IV-AS. U
Proposition I1.12 (Gradient Lipschitz). Fix any r4 € (0,1). Over the set ' N{w : ||lw|| > 14}, w*Vg(w; Xo)/ ||wl|
is Lg-Lipschitz with

24/n || Xo 4n?
Ly < 20 g+ 2 2,
Tg 7
Proof. See Page 33 under Section IV-AS. 0

Proposition II.13 (Lipschitz for Hessian around zero). Fix any r_ € (0,1/2). Over the set ' N {w : ||w|| < r_},
V2g(w; Xo) is L -Lipschitz with

2
1 Xoll% + 811 Xoll

4n? 5 4n 5 8V2yn
L,6 < ?HXOHOOJF;HXOHOOJF p

Proof. See Page 34 under Section IV-AS. O

Integrating the above pieces, Section IV-B provides a complete proof of Theorem II.1.

C. Extending to Complete Dictionaries

As hinted in Section I-D2, instead of proving things from scratch, we build on the results we have obtained for
orthogonal dictionaries. In particular, we will work with the preconditioned data matrix

Y = /po(YY*) "2y (11.16)

and show that the function landscape f (q, ) looks qualitatively like that of orthogonal dictionaries (up to a global
rotation), provided that p is large enough.

The next lemma shows Y can be treated as being generated from an orthobasis with the same BG coefficients,
plus small noise.
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Lemma I1.14. For any 6 € (0,1/2), suppose Ay is complete with condition number r (Ao) and X ~;;q. BG(6).
Provided p > Crk* (Ag) On? log(ndk (Ag)), one can write Y as defined in (11.16) as

Y = UV*Xy+ZEX,

for a certain E obeying |E|| < 20x* (A) ,/9”1%, with probability at least 1 — p~8. Here UL V* = SVD (Ay),

and C > 0 is a constant.
Proof. See Page 37 under Section IV-C. O

Notice that UV* above is orthogonal, and that landscape of f(q;Y’) is simply a rotated version of that of
[(q; VU*Y), or using the notation in the above lemma, that of f(q; Xo + VU*EX,) = f(q; Xo + EX() with
= = VU*E. So similar to the orthogonal case, it is enough to consider this “canonical” case, and its “canonical”
reparametrization:

g (wi X0+ EX0) = - S (4" (w) (@0), + 4" () E (@0),.)
k=1

The following lemma provides quantitative comparison between the gradient and Hessian of g (w; X0+ §X0>
and that of g (w; Xj).

Lemma I1.15. For all w €T,
= n =
| Vg Xo + EX0) = Tug (w: X0) | < €' o () 2],

V2,9(w; Xo + EXo) — Vi,g (w; Xo)|| < C L ST =
w9 s <30 =20 'wg(wa 0) =~ Up max qu ) 1 og (’I’Lp) ||‘—‘||

with probability at least 1 — 0 (np)_7 —exp (—0.30np). Here C,, Cy, are positive constants.
Proof. See Page 37 under Section IV-C. O

Combining the above two lemmas, it is easy to see when p is large enough, ||Z|| = ||Z| is then small enough
(Lemma II.14), and hence changes to the gradient and Hessian caused by the perturbation are small. This gives
the results presented in Theorem II.3; see Section IV-C for a detailed proof. In particular, for the p chosen in
Theorem I1.3, it holds that

-1

~ 3/2 2 ‘
IZ]| < ce,b (max {ng, n} logs/2 (np)) (I11.17)
pep
for a certain constant ¢ which can be made arbitrarily small by making the constant C' in p large.

III. DISCUSSION

The dependency of p on n and other parameters could be suboptimal due to several factors: (1) The ¢! proxy.
Derivatives of the logcosh function we adopted entail the tanh function, which is not amenable to effective
approximation and affects the sample complexity; (2) Space of geometric characterization. It seems working directly
on the sphere (i.e., in the g space) could simplify and possibly improve certain parts of the analysis; (3) Dealing
with the complete case. Treating the complete case directly, rather than using (pessimistic) bounds to treat it as a
perturbation of the orthogonal case, is very likely to improve the sample complexity. Particularly, general linear
transforms may change the space significantly, such that preconditioning and comparing to the orthogonal transforms
may not be the most efficient way to proceed.

It is possible to extend the current analysis to other dictionary settings. Our geometric structures (and algorithms)
allow plug-and-play noise analysis. Nevertheless, we believe a more stable way of dealing with noise is to directly
extract the whole dictionary, i.e., to consider geometry and optimization (and perturbation) over the orthogonal
group. This will require additional nontrivial technical work, but likely feasible thanks to the relatively complete
knowledge of the orthogonal group [54], [118]. A substantial leap forward would be to extend the methodology to
recovery of structured overcomplete dictionaries, such as tight frames. Though there is no natural elimination of
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one variable, one can consider the marginalization of the objective function w.r.t. the coefficients and work with
implicit functions. >’ For the coefficient model, as we alluded to in Section I-E, our analysis and results likely can
be carried through to coefficients with statistical dependence and physical constraints.

The connection to ICA we discussed in Section I-E suggests our geometric characterization and algorithms can
be modified for the ICA problem. This likely will provide new theoretical insights and computational schemes to
ICA. In the surge of theoretical understanding of nonconvex heuristics [43]-[47], [50], [73]-[78], [83], [84], [87],
[88], [91], [92], [92], the initialization plus local refinement strategy mostly differs from practice, whereby random
initializations seem to work well, and the analytic techniques developed in that line are mostly fragmented and
highly specialized. The analytic and algorithmic framework we developed here holds promise to providing a coherent
account of these problems, see [51]. In particular, we have intentionally separated the geometric characterization and
algorithm development, hoping to making both parts modular. It is interesting to see how far we can streamline the
geometric characterization. Moreover, the separation allows development of more provable and practical algorithms,
say in the direction of [52].

IV. PROOFS OF TECHNICAL RESULTS

In this section, we provide complete proofs for technical results stated in Section II. Before that, let us introduce
some convenient notations and common results. Since we deal with BG random variables and random vectors, it
is often convenient to write such vector explicitly as = [Qyv1,...,Q,v,] = Q © v, where Q4,...,Q, are i.i.d.
Bernoulli and vy, . .., v, are i.i.d. standard normal. For a particular realization of such random vector, we will denote
the support as Z C [n]. Due to the particular coordinate map in use, we will often refer to subset 7 =7 \ {n} and
the random vectors & = [Qv1, ..., _1v,_1] and © = [vy,...,v,_1] in R*~!. Naturally, z,, and ¢,(w) denote
the last coordinates in « and g, respectively. Hence, by our notation, ¢*(w)x = w*® + ¢, (w)z,. By Lemma A.1
and chain rules, the following are immediate:

Vwh, (g (w) x) = tanh (q(;”)‘”> (a: - qnx&)w> : (IV.1)
Vi (a )2) = |1t (TOOT) | (o) (- fee)
() o)

A. Proofs for Section II-B

1) Proof of Proposition 11.5: The proof involves some delicate analysis, particularly polynomial approximation of
the function f (t) = 1/ (1 +t)? over ¢ € [0, 1]. This is naturally induced by the 1 — tanh? (-) function. The next
lemma characterizes one polynomial approximation of f (¢).

Lemma IV.1. Consider f(t) = 1/(1 +t)? for t € [0,1]. For every T > 1, there is a sequence by, by,. .., with
|b]ls =T < oo, such that the polynomial p(t) = e, bit® satisfies

1 1
If =Pl < T If = Pllpepyy < T

In particular;, one can choose b, = (—1)*(k + 1)8* with 8 =1 —1//T < 1 such that

oo

1

p(t)=———5 =) (-1 (k+1)B""
(1+p51)° kzo
Moreover, such sequence satisfies 0 <y ", (pbri’“k)a <> o % < 2.
Proof. See page 42 under Section B. 0

*"This recent work [47] on overcomplete DR has used a similar idea. The marginalization taken there is near to the global optimum of one
variable, where the function is well-behaved. Studying the global properties of the marginalization may introduce additional challenges.
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Lemma IV.2. Let X ~ N (0, ag() and Y ~ N (0,012/) be independent. We have

X+Y 1 po%o? 3 o ud
E |:<1 — tanh2 ()) X2]lx+y>0:| < XY + X (3#2 + 40'3() .
I V2 (02 4o )3/2 W21 (62 4o )5/2

Proof. For X +Y >0, let Z =exp(—2(X +Y)/u) € [0,1], then

o (SR ) - A2
Iz (1+2)?

First fix any 7" > 1 By Lemma IV.1, we choose the polynomial pg (Z) = 1527 with 8 =1 — 1/v/T to upper

(1+,BZ
bound f (Z) = (1+Z)2 So we have
X+Y
E [(1 — tanh? (u)) X2]1x+y>0} =A4E [Zf (Z) X*1x1y>0]
< 4E [Zps (Z) X*Lx 1y 0]

[e e}
=43 {BE [ 2 X 1 x4 yn0) }
k=0

where by, = (—1)*(k + 1)8¥, and the exchange of infinite summation and expectation above is justified due to
[e.e] o o)
> bkl E [Zk+1X2]1X+Y>O] < bkl E[XP1xys0] <ok Y b < o0
k=0 k=0 k=0

and the dominated convergence theorem (see, e.g., theorem 2.24 and 2.25 of [119]). By Lemma B.1, we have

i {bkE [Zk+1X2 1X+Y>O} }

- 4(k+1)? 2(k+1)? 2(k+1
=N (B (k4 1) J§(+(7J;)U§( exp (74;)(03(+U%) o <(+> U§<+U}2‘/>
k=0 K I p,
C2(k+1) o
K m1/0§(+03,
LS~ (g oxm okn’ pok
<—=) (=8 (k+1) _
ZMZO 2k +1)1Jo% 402 8(k+1)P (0% +02)  2(k+1) (0% +02)*
3N gk ) Ak+1)? p
+—=> 5 (k+1)<ax+20X s
V2T 2 H 32 (k+1)° (c% +0}) /

where we have applied Type I upper and lower bounds for ®€ (-) to even k£ and odd k respectively and rearranged
the terms to obtain the last line. Using the following estimates (see Lemma IV.1)

[e.e] o o [e.e]

1 by b | ||
(—8)" = ; ——— >0, — <y <2
— 1+5 §0<k+1>3 kzz()(k+1)5 ,;O(kﬂ)?’
we obtain
3 1 (o5 oy 1 3 o u?
bkE ZkJrlXQﬂX Y XY X 3M2+4U2 .
kZZO{ |: + >0]} 227 (O' —|—J )3/21_{_5 16+/27 (0_%4_0_}2/)5/2 ( X)

Since the above holds for any 7" > 1, we obtain the claimed result by letting 7" — oo such that 3 — 1. O
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Lemma IV.3. Let X ~ N (0, ag() and Y ~ N (0,012/) be independent. We have

X+Y 1 po2 ol 3 0% 3
E [(1 — tanh? ( )) XY]lX+y>0:| > — XY XY .
g VI (0% +03)" VT (0% +03)

Proof. For X +Y >0, let z = exp (—2(X +Y)/u) € [0,1], then
X+Y 47
1—tanh2< + )z 3
H (1+2)
First fix any 7" > 1 By Lemma IV.1, we choose the polynomial pg (Z) =
bound f (Z) = So we have

(1+Z>
E Kl — tanh? <X + Y)) Xynx+y>0]
H

=4R[Zf(Z2) XY 1x1y>0]
=4E [Zp/g (Z) XYﬂx+y>0] —4E [Z (p/g (Z) - f(Z)) XYﬂx+y>0] .

(1+BZ)2 with =1 — 1/\F to upper

Now the first term can be rewritten as

oo
AE [Zps (Z) XY Lxyyso] =45 { biE [Zk“XQ]l X+Y>0} } ,
k=0
where by, = (—1)*(k + 1)8*, and exchange of infinite summation and expectation is justified, due to
oo oo o0
S (bl E [Zk+1xmx+y>o} < S B E XY | Lysyso] < max {0%, 0%} S bl < 0o
k=0 k=0 k=0
and the dominated convergence theorem (see, e.g., theorem 2.24 and 2.25 of [119]). By Lemma B.1, we have

> {BE 25 XY Lxiyso| }
k=0
4(k+1)>2 2(k+1)2 2(k+1
7( P ) 0302 exp <( 2 ) (agf—i-a%)) o° <( . ) a%—i—a%)

2(k+1) 0302

H V2 / Jg( + 032/
po% ol 1Bo% a2

B (
- \/ﬁz (l~c+1)(ax+ay)3/2 8WZB (k+1) (0% +02)"*

where we have applied Type I lower and upper bounds for ®€ (-) to even k£ and odd k respectively and rearranged
the terms to obtain the last line. Using the following estimates (see Lemma IV.1)

> |br|

EPVIE S o S U

k=0
we obtain

i {wE |z Xy [}=- ! “C’X"% ! 3 "gf"%“g
k X+Y>0|( =

For the second term, by Lemma IV.1, we have
El(ps(2) = [(Z2)) ZXY 1x4y>o] < [lp— fHLoo[o,l} E[Z|XY|1x4y>o
Ip = fl oy EIXNE[Y]] (Z <1 X,Y independent)
2
——0x0y.
T X0y

IN
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Thus,

X+Y 2 pool 1 3 ool u? 8
E [(1 — tanh? < )) XY1lxiy 0] > — XY — XY — oxXoy.
: 1T VI o) D VT ok o) VT

Since the above bound holds for any 7" > 1, we obtain the claimed result by letting 7" — oo such that 5 — 1 and

1/VT — 0. u
Lemma IV4. Let X ~ N (0, Ug() and Y ~ N (0,052/) be independent. We have

205 1 3o
E [tanh ( ) ] \/> 5 A 572
J + o' V2T (O'X + 0'Y> 2V 2w (O’X + UY)

Proof. By Lemma B.1, we know

2
E%M«X+Y>X}:qﬁﬂLﬁmﬁ<X+Yﬂ
I I ft

Similar to the proof of the above lemma, for X +Y > 0, let Z = exp (—2%) and f (Z) = ﬁ

T > 1. We will use 4zpg (2) = (HﬁZ)Q to approximate the 1 — tanh? (%) = 4Zf (Z) function from above,
where again 3 =1 — 1/+/T. So we obtain

. First fix any

E [1 — tanh? (X : Y)] =8E[f(Z) Zlxyy=0)

= 8K [ps (2) Z1x1v>o0l = 8E[(ps (2) = f(2)) Z1x4y>0]-

Now for the first term, we have

oo
E(ps (Z) Z1x1ysol = Y biE [Zk+1]lX+Y>O ;
k=0

justified as 307 [bx| E [Z5T 1 x 1ys0] < 30 |bk| < oo making the dominated convergence theorem (see, e.g.,
theorem 2.24 and 2.25 of [119]) applicable. To proceed, from Lemma B.1, we obtain

oo
Z biIE [Zk+1ﬂX+Y>o}
—0

3 (—ﬂ)k (k+1)exp (;2 (k+ 1)2 (a§( + 0’%)) ®° (z (k+1)\/o%k + 0’%)

[ ?

Z Fk+1) —
g 2k+1) /0% +02  S(k+1)* (0% +03)*
5

3 N P
_mkzzoﬁ (k+1) 73

32 (k+1)° (c% +0})

where we have applied Type I upper and lower bounds for ®€ (-) to odd k and even k respectively and rearranged
the terms to obtain the last line. Using the following estimates (see Lemma IV.1)

o

=0

Vv

t-

kL 0% 0%
— =—— 0<
k:O( A) 1+p Z Z (k+1)° Zk+1
we obtain
e 3 5
1% 3p

ZbkE [Zk+1]lX+Y>O} > —
k=0 2\/27r1/0 —i—aY 1+ﬂ 4 or (UX+UY)3/2 16V/21 (UX )5/2
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For the second term, by Lemma B.1 and Lemma IV.1, we have

ol
2V2rT\[o% + 0%

where we have also used Type I upper bound for &€ (). Combining the above estimates, we get

952, 1,2 2 4
E [tanh (X +Y ox 3051

s >X] mjfﬁ(lw f> Var (0% + 022 2vom (0% +02)*

Since the above holds for any 7" > 1, we obtain the claimed result by letting 7" — oo, such that 5 — 1 and

1/VT — 0. O

E[(ps(2) ~ £(2)) ZLxsy50] < I — fll oy E[ZLx4v50] <

Proof. (of Proposition IL.5) For any i € [n — 1], we have

! 1
—h w)x dx dwig//<xi+xn> dx) dw; < o0o.
[t ta” @)@ o) dus < [ [ (o] ool s ) ()
Hence by Lemma A.3 we obtain aiw,-E [y (¢ (w)x)] =E [(ﬁi hy (q* (w) :1:)} Moreover for any j € [n — 1],
1 82
——Fh,(q" dz) dw; <
[ [ |t (" (w) ) 1 d2) ds <

§ L[ (e 2a) (st 255 ) b (st i ) <

Invoking Lemma A.3 again we obtain

2
S Elh @ @)@ = 5B | o,

ow;0w; ow;

The above holds for any pair of 7,5 € [n — 1], so it follows that
Vil [y (q* (w) @)] = E [Vi,h (¢ (w) )] .
Hence it is easy to see that
w*VLE [hy (¢ (w) x)] w

= ;IE [(1 — tanh? <‘f(;”)m>> <w*$_ qnx(,;v) HWH2>2

(A) (B)

1) An upper bound for (.A). When z,, is not in support set of x, the term reduces to

ZE [(1 — tanh? (wuw» (w*z)? 1w*m>0]

8 7z
<-E [exp (—2w m) (w*E)* Ilw*w>0] (Lemma A.1)
1 [

< 8exp(—2)pu,

where to obtain the last line we used that ¢ — exp(—2t/u)t? for t > 0 is maximized at p.
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When z,, is in the support set, we expand the square term inside the expectation and obtain

2 wHo + g (W) vy .2
(A)z, 20 = ;EJEU Kl — tanh? < J >> (w’) ]lw*jv+qn(w)un>o}

o
2 |lw|? WD + g (w) vy
o (w)E 7By | (1 - tanh? ([ —Z p (Gn (W) vn) Loy 54q, ()0 >0
4 w w*ﬁ“‘Qn(w)vn  —
. qH ” ]EJE [(1 — tanh? < J P >> ('wjv) (qn ('w) vn) 1w3v+qn(w)vn>0}
Y
*EJEXY |: 1 —tan h2< : >>Y2ﬂx+y>0:|
2 X+Y
o (e () ) Ko
4 |lw|? (X +Y
- — E/E 1 — tanh XY1
pad (w) Y o M R

where conditioned on each support set J, we let X = ¢, (w)v, ~ N (0,¢2 (w)) and ¥ = WU ~
N (0, lwz||?). An upper bound for the above is obtained by calling the estimates in Lemma IV.2 and
Lemma IV.3:

20 [ nlwalP @) |3 gl g, .
(A)z, 0 < Eg + (32 + 4wy )
T Ve e aver

3

(3u® +4q;, (w))]

2l [0 el ) | 3w
pah(w) 7 [Var gz’ 121 gz’
2 2
+§ [[w]? E 1 pllwsl® ¢ (w) 3 Jwgll” ¢ (w)p?
g2 (w) V2m lgz|® V2n gz

2 2 4 2 2
<\/5EJ lwg " gn(w) + lwg|I” [w]” + 2 |lws | [w]]” g7 (w)
— 3
U g (w) |lgz|

122 out
T g (w) | 2v2mgh(w)

2
_ 1 \FEJ lwgl” |, 120 ot
Ca) V| ezl | Vergi(w)  2v2rg)(w)
where we have used p < g, (w) < |gz|| and [|wz|| < [/gz|| and [|w| <1 and 6 € (0,1/2) to simplify the

intermediate quantities to obtain the last line.
Thus, we obtain that

_0) . Sexn(— 0 [2.. ||wgl] 120 90,
(A) < (1—6) - 8exp( 2>u+q%(w)\/;Ey[HqI”3]+mqg(w)+2@qg(w)

0 2 2 12042 1 1
Ej[|’w7’3]+2u+ K (q + > (IV.3)

A

IN

gn(w) V 7 gzl Vor \gi(w) g (w)
2) A lower bound for (B). Similarly, we obtain

E[ta“h<q*(w)m> o
an (J"’”" Y i ()]
g |2

_\/7%( )MQ_ 3¢5 (w) p*
gz lazll®>  2v27 gzl

EJE

(Lemma IV.4)
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0 w]? 4042

2
- \/; 2w [anu] T Varg(w)

Collecting the above estimates, we obtain

w*VLE [hy (¢ (w) x)] w

; \F 0 o [hwg? Tl (ol + @t )] +W< s )
S\ = - Iz
7q2(w) 7 | gzl gzl Var \@(w) " g3 (w)
2 w7 || 4(9“2( 3 4 )
= — /OB | —"—=| +2u+ +
\ﬂ [ lgz]® Vor \gi(w) ¢} (w)
2 4012 3 4
g—\[e 1-0)||w|*E |+ 2+ ( + ) (IV.4)
A P vor \@w) * )

where to obtain the last line we have invoked the association inequality in Lemma A.2, as both ||w 7. % and
1/ ||gz||® both coordinatewise nonincreasing w.r.t. the index set. Substituting the upper bound for x into (IV.4) and
noting ¢, (w) > 1/(2y/n) (implied by the assumption ||w]|| < \/(4n — 1)/(4n)), we obtain the claimed result. ]

2) Proof of Proposition 11.6:

Proof. By similar consideration as proof of the above proposition, the following is justified:
VuE [y, (¢ (w) x)] = E[Vwh, (¢ (w) 2)] .
Now consider

w'VE I, (q" (w)2)] = VE[w'h,(q" (w) @)]
— 5 ftann (7)) () Ml ann (000 [ avs)

7 n 7
(A) (B)
1) A lower bound for (A). We have
E [tanh (q*(;u)a:) (w*zc)]
=0Es [Ev [tanh (w}v il Zn ) vn> (w.*j’v)” +(1-0)E7 [Ev [tanh <w;‘7'v> (w}U)”

P [EX,Y [tanh <X - Y) yH + (1-0Eg [Ey [tanh <§> YH ,

where X = g, (w) v, ~ N (0,45 (w)) and Y = w¥o ~ N (0, ||wj|]2>. Now by Lemma A.2 we obtain

B |t (X5 ) v| > 8 [t (22 | B =0,

I I
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as tanh gXJFY and X are both coordinatewise nondecreasing function of X and Y. Using tanh (z) >

(1 —exp(—2z)) /2 for all z > 0 and integral results in Lemma B.1, we obtain

o ()] ()0

> 2oy ,/1+°—% ZY 1 (Type Il lower bound for &°(-), Lemma A.4)
> -4 - — ype ower bound for ®°(-), Lemma A.
p/2m prop

203 lwl*  wl| -
> — —— . (t—V1+4t>—t decreasing over t > 0)
pV/2m p? [

Collecting the above estimates, we have

F(w)z i wr|? w||? w

2 |ws|?  u
>(1-0)E
S e
6 (1—6) |wl|
P A | ek | IV.6
> Vo Iv.e)

where at the second line we have used the assumption that ||w]|| > j1/(4v/2) and also the fact that v/1 + 22 >
E [tanh (q(w)a:) xn} < PE [
W

z+ 35 for z > 1/(4V2).
* 2
tanh <q(w)a}> vn]] < 9\/>, (Iv.7)
w ™
as tanh (-) is bounded by one in magnitude

2) An upper bound for (B). We have
Plugging the results of (IV.6) and (IV.7) into (IV.5) and noticing that g, ('w)2 + Hw||2 = 1 we obtain

w*VE [h,(q" (w) )] > — > ,
[ M(q ( ) )] B \/271 5 1 H ||2 - 10\/ 27

where we have used —22__ < (1 —6) when |lw|| <1/(20V/5) and § < 1/2, completing the proof. O

1= lwl®
3) Proof of Proposition I1.7:

Proof. By consideration similar to proof of Proposition II.5, we can exchange the Hessian and expectation, i.e.,
Vil [y (¢ (w) )] = E [V, h (q" (w) @)] .

We are interested in the expected Hessian matrix

st w2 (£52) (o ) (o 5)
8 pan (002) (g )]

in the region that 0 < ||w]|| < u/(4V/2).
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When w = 0, by Lemma B.1, we have
E[Vih (¢ (w)2)][,_,

o[ o ()] o (5)-

o(1—6) 6 n 0 n
=0, Py [1 — tanh? (” } I-~E,, [1 — tanh? (”)] I
p p

0 1 I

= 9(1/; H)Evn [tanhQ (W)] I

Simple calculation based on Lemma B.1 shows

o ()] oo (2) (2) 220 )

Invoking the assumptions p < 1/(204/n) < 1/20 and 6 < 1/2, we obtain

. 0(1—0) 4 0 1
E [VZ,h (q" (w)2)]| ,_, = . (2—mu>ltﬂ<1—1om>1.

When 0 < ||w| < u/(4v/2), we aim to derive a semidefinite lower bound for
E [Vihu (@" (w)z)]

) e e e e

“ (&)
= (1 (T5F) ) oy )
©)
+ quw) {;E [(1 — tanh? (q(;v):r» (gn (w) :cn)ﬂ ~E [tanh (W) gn () xn] } '
(D)

IVv.8)

We will first provide bounds for (C) and (D), which are relatively simple. Then we will bound (A) and (B), which
are slightly more tricky.
1) An upper bound for (C). We have

1 [ 7 (w)w>> -
C) < E | (1 — tanh? ( gn (W) T, (WT* + Tw*
© pa; (w) ( p () mn )
< 22 E <1 — tanh? <q(w)a:>> qn (W) azniz] w”
pgy (w) || 7
o [ (1 (5% v
< E |(1-— tanh? < qn (W) zpx w
1y (w) < p () el
< 22 E H <1 — tanh? (q ( )ac>> gn (W) z,®|| ||w] (Jensen’s inequality)
1gy (w)
< 2 0 [|v, | E[||@]]] ||w| (1 —tanh?(-) < 1, z,, and Z independent)
fign (w)
462 0 46\/n|w|| 6 1
< ——Vnfw|| £ -—F——r= < ———,
TGy (W) ol Hooo/1— H,w||2 p 407

where to obtain the final bound we have invoked the assumptions: ||w| < p/(4v/2), u < 1/(20y/n), and
0 <1/2.
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2)

3)

4)

A lower bound for (D). We directly drop the first expectation which is positive, and derive an upper for the
second expectation term as:

E [tanh (‘”Z’”) qnxn] < g ()0 [Jun ] = \/Zeqnm).

1 2 \ 0 /2. ., 0 \/5
S z - ]z - z
D)= = itw) \/Zeq"(w)ww =T B w) \/;wH = =5000p\ =1

where we have again used |w| < p/(4v2), u < 1/(20y/n), and ¢, (w) > 1/(2y/n) to obtain the final
bound.
An upper bound for (B). Similar to the way we bound (D),

i oo (55 o] < 1 EE 1(1\/2 '

A lower bound for (.A). First note that

= (1= i () 7).

Thus, we set out to lower bound the expectation as

Ey [(1 — tanh? <’“’Mw>> ww] = 081

for some scalar § € (0,1), as Eg [ZZ*| = 1. Suppose w has k € [n — 1] nonzeros, w.l.0.g., further assume
the first k£ elements of w are these nonzeros. It is easy to see the expectation above has a block diagonal
structure diag (3; a0, 1_1), where

oo (52))]

So in order to derive the 851 lower bound as desired, it is sufficient to show 3 > 031 and 5 < q, i.e., letting
w € R* be the subvector of nonzero elements,

Ezn, . .BG©) [(1 — tanh? (wum>) T i*] > 041,

which is equivalent to that for all z € R* such that ||z|| = 1,
Esn.....BG(0) Kl — tanh? <w w)) (55*z)2] > 0.
dd, p

It is then sufficient to show that for any nontrivial support set S C [k] and any vector z € R¥ such that
supp (z) = S with ||z =1,

Ei"%.i.d./\/(o,l) |:<1 - tanhQ <ujljv>> (17*2)2:| > ﬁ

To see the above implication, suppose the latter claimed holds, then for any z with unit norm,

e 1o (22) ]

Thus,

k
> 3011 =0 Y Bllasl® = BEs |l=s]?] = 05
s=1

se()
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Now for any fixed support set S C [k], z = Py 2z + (I — Pgs) z. So we have

g, 0 N (O.) Kl — tanh® ( >> 1
—E6[<1—tanh2< >>( )]
+E; [(1—tanh2< )) @ (I - Pgs) 2 )2] (cross-term vanishes due to independence)
- (@gz)fﬂzﬁ [(1 — tanh? < WY )) (v*ws) ]

lws|
+ Ez [(1 — tanh? (va)>} Es [(5* (I —Pws) z)2] (exp. factorizes due to independence)
i

IB*Z 2 Qﬁ*ﬁ i~ 2&*5
> 2(“15 |)4 E; [exp (— IuS > (’U ’wS)Z ﬂﬁ*@s>0] + 2E; [exp <_ MS ) 1171:;17>0] H(I . Pﬁs)sz.
S

Using expectation result from Lemma B.1, the above lower bound is further bounded as:

W5\ -
Enia N (0,1) [(1 — tanh? (5)) (v z)Q]
(ﬁi;zf < _ ) 2 |lws|? <2H'LE$H) 2 |l@ws?
> 2 ws + ws exp o° —
sy | sl i 1s] 2 r Ner

2||lw 2 ||w
+2exp< Hz:;r )@( \Lvsu>”(1_%s)z,z

(w5z2)* > 2 |lws|” 2 [Jws| 4(w3z)*
> |2 +2 (I —Pgs)z||" |exp| —— | - —
( ws]® ° p? Iz pV 2 [lws||

=2|z|*=2
> \/12? 4+ A Hf2SH2 _2 HfSH - Mil/gg’jgi” (Type I lower bound for ®°(-))
> \/12? 4+ 4 H:;HQ 2 H;UH — i!}%@ (t = /44 t? — t nonincreasing and Cauchy-Schwarz)
> \/12? (2 - i\@) ,
where to obtain the last line we have used ||w| < y/(4v/2). On the other hand, we similarly obtain
Bt - > T2, (3 2 )

Sowecantakeﬁz\/%( —-3V2) < 1.

Putting together the above estimates for the case w # 0, we obtain

0 3 Vor 1 1 1 0
E V2 h * — l— V2= — = ———— — — | [ = e
[Veoh (¢° (w)x)] = ( 8V2 "~ Jor ~ 16000 > 5v/2m

16 :
Hence for all w, we can take the N the lower bound, completing the proof.
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4) Proof of Pointwise Concentration Results: We first establish a useful comparison lemma between random i.i.d.
Bernoulli random vectors random i.i.d. normal random vectors.

Lemma IV.5. Suppose z,z' € R™ are independent and obey z ~; ;4 BG (0) and z' ~;; 4 N (0,1). Then, for any
fixed vector v € R", it holds that

E[[v*z|"] <E [|[v*2|"] = Bz (o) 12171
E{z" <E[]]]"].
for all integers m > 1.
Proof. See page 42 under Section B. 0

Now, we are ready to prove Proposition II.8 to Proposition II.10 as follows.

Proof. (of Proposition 11.8) Let

w*

X Vhy (g(w)*(zo)r) ,

- lwll

then w*Vg(w)/ ||lw| = 1% b _1 Xk For each X}, k € [p], from (IV.1), we know that

() @ (wE ol )| [wE ol 0)
‘ h( p )(nwn 4o (W) >‘§ ol g (w)

| Xk| =

)

as the magnitude of tanh (-) is bounded by one. Because

w'Top  ||wl zox (n) w lw] \*

[l ~ anw) el g w)) 0 (@0 BEO),
2 n n

invoking Lemma IV.5, we obtain for every integer m > 2 that

m! m—2
- (dn) (2vn)" 7,

E (| Xk < Ezon0,1/q2(w)) [|1Z]™] 5

where the Gaussian moment can be looked up in Lemma A.5 and we have used that (m — 1)!! < m!/2 and the
assumption that ¢, (w) > 1/(2y/n) to get the result. Thus, by taking 0 = 4n > E [X?] and R = 2y/n, and we
obtain the claimed result by invoking Lemma A.8. O

Proof. (of Proposition I1.9) Let

w*V2hy, (q(w)*(x0)) w,

Y= ——
[

then w*V2g(w)w/ ||w|?® = % b _1 Y. For each Yy, (k € [p]), from (IV.2), we know that
= L (1 (L0 Y (T ) ) -t (el ) (),

1z [[w]] qn(w) i g (w)

-~ ~~

=W, =V

Then by similar argument as in proof to Proposition 1.8, we have for all integers m > 2 that

m 1 U’*Ek T (TL) ||UJH 2 1 2m
E[|[W,|™ < — — < —E, . 2w |12
IWl™) = -5 [ [l an(w) S AN 01/ () [\ | ]
1 m! [(4n\"
< —(@m-1NEn)" < — (=) ,
= M= <u>
E[Vil™) < gy Bllve ()71 < (V)™ (m = it < == (8nv/m)™
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where we have again used the assumption that g, (w) > 1/(2y/n) to simplify the result. Taking o3, = 16n2/p>
E [W,?], Ry = 4n/p and 0‘2/ = 64n3 > E [VkQ], Ry = 8ny/n, and considering Sy = % i:l W, and Sy
) pptt?
exp| ——5——],
128n2 + 16nut

1\p
pt?
< 2 — .
] = eXp( 512n3+32n\/ﬁt>

v

%—1 Vk» then by Lemma A.8, we obtain

IN

P []SW —E[Sw]| >

N+ DN o+

P [\SV —E[Sy]| >

Combining the above results, we obtain

P[lek—E[Yk]
pk:l

Zt] = P[[Sw —E[Sw]+ Sv —E[Sv]| > 1]

t t
242 2
pu-t pt
< 2exp(——PPT ) 4oexp (-
= 2exP < 12802 + 16npt> +oexp < 51213 + 32n\/ﬁt>
<

2,2
t
doxp [ ——PHE )
512n2 + 32nut
provided that p < 1/4/n, as desired. O

Proof. (of Proposition 11.10) Let Z, = VZ h, (q(w)*(xo)x), then VZ g (w) = % ¥ _| Zj. From (IV.2), we know
that

Zy, = Wi +V,

W = ; (1 — tanh? (Wv)) <w0k _ W) <w0k - W)
Vi — —tanh <Q(’w)*(azo)k> <330k (n)IJr 2ox (n) ww*) |

For W, we have

where

2m—2 *
ozemri e - | (-5 ) (-5 |
1 = Lok (n)w|*™
= MmE 0k g () ] I
2m 22, (n) |lw]?\ "
< —E <||x0k|2+°'€q<%(>11‘l>”> ]I

2m 2m 2m m
< — < — 2
= MmE [H(w())kH :| I = MmEZNX (n) [Z ]Iv

where we have used the fact that |Jwl|® /¢2(w) = |wl|* /(1 — |w]|*) < 1 for ||w]||, < 1/4 and Lemma IV.5 to
obtain the last line. By Lemma A.6, we obtain

2\ m! m! (4n\™
o<EW?" < (2) Zenrr = (2
SEl H‘(u) y (27) 2<u>

Taking Ry = 4n/p and o3, = 16n?/p? > E [W}], and letting Sy = % P _, Wi, by Lemma A.9, we obtain

t qutQ
Pl|Sw —E[Sw]| > 2| < 2 S L —
[” w [W]”—2] = "eXp< 128n2 + 16pnt
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Similarly, for V, we have

IA

E[Vy"] ) T B w
(8ny/n)"™ (m — 1IN

m)!

> (8nv/n)™ I,

( ! +”§f”)) E [l ()™ T

A

PN

where we have used the fact ¢, (w) > 1/(24/n) to simplify the result. Similar argument also shows —E [V"] <
m! (8ny/n)™ I/2. Taking Ry = 8ny/n and 0% = 64n3, and letting Sy = % 1 Vi, again by Lemma A.9, we
obtain

t pt?
P _E > < 2 — :
[HSV [Svill = 2] = "eXp< 512n3 +32n\/ﬁt>

Combining the above results, we obtain

s

t] = P[[|Sw —E[Sw]+ Sy —E[Sv]|| > 1]

<p [st ~E[Sw]| > ﬂ +P [HSv —E[Svlll = ﬂ

P pt?
< 2 - 2 —
= e < 12802 + 16,unt> +enexp < 51213 + 32n\/ﬁt)

242
put
< 4 SR <l —
= "exp< 512n2+32,unt> ’

where we have simplified the final result using p < 1/y/n. O

5) Proof of Lipschitz Results: We need the following lemmas to prove the Lipschitz results.

Lemma IV.6. Suppose that o1 : U — V is an L-Lipschitz map from a normed space U to a normed space V, and
that po : V. — W is an L'-Lipschitz map from V' to a normed space W. Then the composition ps 0@y : U — W is
LL'-Lipschitz.

Lemma IV.7. Fix any D C R L. Let g1, 92 : D — R, and assume that g1 is Li-Lipschitz, and gs is Lo-Lipschitz,
and that g1 and gs are bounded over D, i.e., |g1(x)| < M and |g2(x)| < My for all x € D with some constants
Mi > 0 and My > 0. Then the function h(x) = g1(x)g2(x) is L-Lipschitz, with

L = MiLo+ MsLy.

Lemma IV.8. For every w,w’ € I, and every fixed x, we have

2y
M

s (a(w)*@) = Iy (a(w)'=)| <
s (a(w)' @)~y (a(w)'@)| < 25 ] fw o]

Proof. We have

g () — g ()] = Wl ol — /1= Jw)?

max (|[w], [|[w’]]) H dl
~ min (g, (w) , gn (w'))

lw + w'|| [|w — w']

i el 41— P
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Hence it holds that
2 2
max (||l lw'||)

min (¢2 (w) , ¢2 (w'))

Jaw) —a () = a0 = + g (0) — a0 ()" <

=]

_ 1 |
~ min (g2 (w) , ¢2 (w'))

2
)

/| < an !

where we have used the fact ¢, (w) > 1/(2y/n) to get the final result. Hence the mapping w — g(w) is 2y/n-
Lipschitz over I'. Moreover it is easy to see ¢ — q*x is ||x||,-Lipschitz. By Lemma A.l and the composition rule
in Lemma IV.6, we obtain the desired claims. ]

Lemma IV.9. For any fixed x, consider the function

w T Tn,

te(w) = —

lwll ga(w)

[wll

defined over w € T. Then, for all w,w' in T such that ||w| > r and ||w'|| > r for any constant r € (0,1), it holds
that

o)~ ta(w)] < 2 (L4 0 ol ) o - ).
ta(w) < 2yl

2w - 2] < svalel (120 s 2 )., ) o - w].
2w)| < 4u el

Proof. First of all, we have

*

5\ 1/2
w w w xr
ta(w)] = [ [wl }w < Jle| <1+ ol ) _ 2l s e,

lw]” gn(w) ¢ (w) |gn (w)]

where we have used the assumption that ¢, (w) > 1/(2y/n) to simplify the final result. The claim about }t?c ('w)}
follows immediately. Now

w o ow \’ lwl  [w|
t.(w) —t.(w) < || — — T — .
ta(w) = ta ”—ann |wf||) Fleal |G ) el
Moreover we have

/ * / R/ ! I . /
‘(’“’ . ) z| < |z Hw _w ‘Sw o —w'] /] + /][] ~ ']

ol ~ '] Jwl ~ [l |w]] ]

2
< || Hw—w’ 7

r

where we have used the assumption that ||w|| > r to simplify the result. Noticing that ¢ — ¢/+/1 — 2 is continuous
over [a,b] and differentiable over (a,b) for any 0 < a < b < 1, by mean value theorem,

sup o — || < 82w — |

wel (1 _ HwH2>

where we have again used the assumption that ¢, (w) > 1/(2y/n) to simplify the last result. Collecting the above
estimates, we obtain

[w] [’
gn(w)  gn(w’)

|

o)~ o] < (212400 o)) oo —

E
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as desired. For the last one, we have

t2(w) — t2(w')| = |[ta(w) — ta(w Htm ) + to(w')|
< 2 sup |ta(s)| |ta(w) — ta(w')|,
sel
leading to the claimed result once we substitute estimates of the involved quantities. 0

Lemma IV.10. For any fixed x, consider the function
T T
P, (w) = I+ ww*
= ) )
defined over w € I'. Then, for all w,w’ € T such that ||w|| < r and |w'|| < r with any constant r € (0,1/2), it
holds that

[ @2 (w)||
H<I>$('w) —<I>gc('w’)H

2|

<
< dlfoll o - w']

Proof. Simple calculation shows

[ w)]| < o] ( : +”“’”2)=”‘”"”°°< e <2l
=1l | G ) * i) ) gtw) = =

For the second one, we have

1
[a(t0) = )] < ol | T b opsow” = T )

< lzfl oo (

L 1 | em(w) —gu(w)] _ max([lw], Hw’ll H | < 4 ‘
an (W) gn (W) Gn (W) gn (w')  ~ min (g (w),q
where we have applied the estimate for |g,, (w) — g, (w')| as established in Lemma IV.8 and also used ||Jw|| < 1/2

and [|w’[| < 1/2 to simplify the above result. Further noticing ¢ — ¢2/ (1 — t2)3/ ? is differentiable over ¢ € (0,1),
we apply the mean value theorem and obtain

qn (w) - qn (W)

Now

[w =]

lwl® ) Isl® +2 ] oo 4 /
— < sup w—wl| < —|lw—wl.
g (w) g3 (w') sel|ls||<r<; (1 _ ||s||2)5/2 H H V3 H H
Combining the above estimates gives the claimed result. O

Lemma IV.11. For any fixed x, consider the function

) =T = )™

defined over w € I. Then, for all w,w’ € T such that ||w| < r and ||w'| < r for any constant r € (0,1/2), it
holds that

I1¢e(w)Ca(w)*|| < 2nj22,
o (w)Ca(w)* — Calw) o ()| < 8V2VA 2] [l —w'||.
Proof. We have ||w||* /¢2 (w) < 1/3 when ||w]|| < r < 1/2, hence it holds that

Jw]]
"q2 (w)

<
<

< 2n ||

oo *

16 (w) G (w)|| < [1€a(w)|* < 22| + 227
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For the second, we first estimate

¢(w) — ¢(w)]| = || (qn( o )H—”"”‘w‘ () n<w'>‘
1 ’ _
< Vol (s oo =)+ o) |- — L)
1 w'| C
<t (gotay * w1~
2 4 / /
< Jlellu, (3 i m) [w = || <4f@l o= w].
Thus, we have
o (@) (w)" = Galw)alw) || < [I¢(w)] [[¢(w) = S]] +[[¢(w) — Cw)]||[¢ )]
< Sxf\ﬂ\wH
as desired. -

Now, we are ready to prove all the Lipschitz propositions.

Proof. (of Proposition II.11) Let

Fu(w) = iy (a(w)" (@00 s, (0) + by (ale0) o)) 2

Then, w*V2g(w; Xo)w/ |w|* = % P_, Fx(w). Noticing that h, (q(w)*(xo)x) is bounded by 1/u and
hy (g(w)*(xo)x) is bounded by 1, both in magnitude. Applying Lemma IV.7, Lemma IV.8 and Lemma IV.9,
we can see Fy(w) is L -Lipschitz with

2t = an ol 25 el + 2svifaoul (122 402 o )

NG 3
+ 2vVn)? [(wo)kll o =— l(zo)ill +  sup ———— [(@0)kll
[z fz=r (1 — a2)®/
r-<a< oy
16n3/2 \F 48n?
= ——5—[[(z0) (o)l (@0)kl 1(0) k| oo + 9612 || (20) k| oo
% %
Thus, W w*V2g(w; Xo)w is L~-Lipschitz with
_1 P 16n 8n3/2 48n°/
<> Lk | Xol1%, 2 B2, 4 96072 1 Xl
I et JT I
as desired. O

Proof. (of Proposition 11.12) We have

w* w/*
—Vg(w; Xo) — —Vg(w'; Xo)
H [|w] [|w|

where & u(t) = tanh(t/p) is bounded by one in magnitude, and #(, k('w) and t(z,), (w) is defined as in Lemma

IV.9. By Lemma IV.7, Lemma IV.8 and Lemma IV.9, we know tha t hy (q(w)* (%0)k) t(z,), (W) is Ly-Lipschitz
with constant

< ; D |/ (@) @0)i) e, () = b (a(w') (@0)k) tay, (')
k=1

2 ||(x dn
L — 2|[(o)kll + 8032 ||(zo)ll o, + — Il(m0)ill?-
'I”g 'u
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Therefore, we have

w* * 1< 2 H(wo)kH 3/2 4n 2 /
Y Ggw) - LTy < ( 8052 |(2o)ell o + 2 @o)el? ) [0 — w
[for el p 2\, ot o =]
2v/n 4n?
< ( VI %ol + 8052 | Ko + 2 ||Xouio) |
Tg 1%
as desired. O

Proof. (of Proposition I1.13) Let
Fi(w) = hy(q(w)* (o)) Ce(w)Cr(w)” = hy (q(w)* (z0)k) Br(w)

with ¢ (w) = Tgy, — ‘T"’“((n))w and @y (w) = ‘T“"(( ))I—i—%’“(( ))ww Then, V2g(w) = 1 b _1 Fi(w). Using Lemma

IV.7, Lemma V.8, Lemma IV.10 and Lemma V.11, and the facts that /,,(t) is bounded by 1/u and that h,,(t) is
bounded by 1 in magnitude, we can see Fj(w) is L’j -Lipschitz continuous with

28 = & <8V ol + 25 lwoll x 20 ol + 4 @0l + 257 ol x 2 @0l

4”3/2 s 4/n 8\[f

S (o)l ll (o)klls + i (o)l Il (o)rllo + o)k 15 + 41l (o)l

Thus, we have

p 2
4 8v/2
Z < ZHXHiOJr;nHXHimL fu\/ﬁ IX 15 + 811X [l

as desired. O

B. Proofs of Theorem II.1
Before proving Theorem II.1, we record one useful lemma.

Lemma IV.12. For any 6 € (0, 1), consider the random matrix X € R™*™ with X ~; ;4 BG (). Define the
event Eoo = {1 <X < 4y/log (np)} It holds that

P[ES] < 0 (np)~ " + exp (—0.30np) .
Proof. See page 43 under Section B. —

For convenience, we define three regions for the range of w:

m={wsol < 2o R {ws <l < 22
Rgi{ oz < vl < 4”4n1}.

Proof. (of Theorem II.1)
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4%J. For

a) Strong convexity in region Rj.: Proposition II.7 shows that for any w € R;, E [V2g(w; XO)] - 79

any £ € (0,1/ (4v2)), Ry has an e-net Ny of size at most (3u1/ (4v/2¢))". On Ex, Vg is

Caon
L= log3/2( D)
w?

Lipschitz by Proposition II.13. Set € = e g , SO
Csnl
#N1 < exp <2n log <3n(;g(np)>> .

Let & denote the event

51:{max V2g(w: Xo) — E [V2g(w; Xo)] || < "19}.

wEN;
On & N &,
2 2 2019
sup  ||[V?g(w; Xo) — E [Vg(w; Xo)]|| < TR
lwl <p/(4v2) H

and so on & N Ex, (IL.5) holds for any constant ¢, < ¢1/3. Setting ¢ = ¢160/3x in Proposition II.10, we obtain that
for any fixed w,

0 62
P ||| V2g(w: Xo) — E [V2g(w: Xo)] | z:m] < dnexp <‘c4ffz >

Taking a union bound, we obtain that

2
PEf] < 4nexp (_ 0455 + Csnlog(n) + Csnlog log(p)> .

b) Large gradient in region R».: Similarly, for the gradient quantity, for w € R, Proposition 1.6 shows that
*V ; X
E [wg@vo)} —
[[w]

Moreover, on €, w*Vg(w; Xo)/ ||w|| is

Lipschitz by Proposition 11.12. For any £ <
SO

n
the set Ro has an e-net No of size at most ( 3 ) .Sete = L

20ev/5 3Ls°
Cgn®log(np)
m '

20\/’
#No < exp (nlog(

Let & denote the event

sgz{max W_E[www” . e}
weN, |w]| lwl| 3
On & N &4, 9
sup w*Vg(w; Xo) _E [w Vg(w; 0)” < 6 7 o)
wers| |l ]| 3

and so on & N Ex, (I1.6) holds for any constant ¢, < ¢g/3. Setting t = cgf/3 in Proposition 1.8, we obtain that

for any fixed w € Ra,
2
|| =20 (-27),
n

2 2
P[E5] < 2exp <_09];9 +nlog (W)) (IV.10)

p Hw*Vg(w;Xo) T {w*Vﬁ(u‘)‘;Xo)
w

and so
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c) Existence of negative curvature direction in Rs.: Finally, for any w € Rj3, Proposition II.5 shows that

*V2 (w Xo)’w < —cab
ik -

On &y, w*V2g(w; Xo)w/ |wl|? is

Lz = Cifn log®?(np)

Lipschitz by Proposition II.11. As above, for any £ < —L1 Rj has an e-net N3 of size at most (3/¢)". Set

€ = c9f/3L3. Then
37..3/2
#N3 < exp (nlog (C’Hn log2 (np )>>
On

Let &3 denote the event

{ w*V?g(w; Xo)w w*VQg(w7X0)w] 090}
E3 = { max 5 — 5 < —
weNs Jw]| [Jw]] 3
On &N €&,
*\72 . *\72 .
sup w*V g('w,QXo)w & [w \Y g(w,QXo)w” < 2090’
weR; ]| [[w] 3

and (IL.7) holds with any constant ¢, < c9/3. Setting t = c9#/3 in Proposition I1.9 and taking a union bound, we

obtain 3/
202 3
. c12pp0 Cy1n”log™ =(np)
P[&5] < 4exp <_n2 +n10g< 0112 )

d) The unique local minimizer located near 0. : Let £, be the event that the bounds (II.5)-(I1.7) hold. On
&y, the function g is %—strongly convex over Ry = {w : |[w|| < p/ (4v2)}. This implies that f has at most one
local minimum on R;. It also implies that for any w € Ry,

ct cit
g9(w; Xo) > g(0; Xo) + (Vg(0; Xo), w) + 2 lw|* > g(0; Xo) — [|wl| [ Vg(0; Xo)[| + 2*7 ]|
So, if g(w; Xy) < ¢g(0; Xo), we necessarily have
24
lwl] = — 1IVg(0; Xo)l| -
Cx

Suppose that
ci0

<35
Then g(w; Xo) < g(0; Xo) implies that ||w|| < 11/16. By Wierstrass’s theorem, g(w; X() has at least one minimizer
w, over the compact set S = {w : ||w|| < p/10}. By the above reasoning, ||w,| < p/16, and hence w, does not
lie on the boundary of S. This implies that w, is a local minimizer of g. Moreover, as above,

1V4(0; Xo) (IV.11)

2u
lwsll < 5 [1Vg(0; Xo)| -

We now use the vector Bernstein inequality to show that with our choice of p, (IV.11) is satisfied w.h.p. Notice
that

p
Vg(0; Xo) = Z u(@ok(n))®ok,
k-:

and hﬂ is bounded by one in magnitude, so for any integer m > 2,

E [|ntwortm)@on]|”] < Ell@o)kl™] < Bz (27 < minm,
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where we have applied the moment estimate for the x (n) distribution shown in Lemma A.7. Applying the vector
Bernstein inequality in Corollary A.10 with R = \/n and ¢ = 2n, we obtain

2
P([V9(0: Xo)| > ] < 2(n+1)exp (‘mftw)

for all ¢ > 0. Using this inequality, it is not difficult to show that there exist constants C13, C14 > 0 such that when
p > Ci3nlogn, with probability at least 1 — 4np~—10,

1
IVg(0; Xo)|| < Cyy/—2L. aV.12)

p

When % > Cé;‘", for appropriately large C14, (IV.12) implies (IV.11). Summing up failure probabilities completes

the proof. O

C. Proofs for Section 1I-C and Theorem I1.3

Proof. (of Lemma I1.14) By the generative model,
Y = /p0 (YY*) 2y = \/pf (Ag X0 X AL Y2 Ap X,

Since E [X¢ X/ (pf)] = I, we will compare \/179(AOXOX(*)‘AS)A/2 Ay with (A0A6)71/2 Ay = UV*. By
Lemma B.2, we have

|v/p0 (A0 X0 X5 45) 77 Ao - (A0A5) ™/ A
< [| Aol H\/FH(AOXOX(;«A;)—M _ (AOAS)—1/2H

2| Ao || 1 A 1
< ||Agll =——— || =X X —I|| =2 A — XXt -1
< || Aol T (Ag) || po X0 %o K" (Ao) L X0 Xo
provided
1 2. (Ap) 1 1
AP =X X —TI|| < min 20 N S X oXF T < —

On the other hand, by Lemma B.3, when p > Cn?logn,
1 — p~8. Thus, when p > Car* (Ag) On? log(ndk (Ay)),

I%XOX(’)‘ -1 H <104/ 9”;# with probability at least

* ARy — oy — Onlo
H\/pa (Ao Xo X[ AL 2 Ay — (AgAs) /2 AOH < 20k (Ag) pgp,

as desired. O

Proof. (of Lemma I1.15) Let Yy = X0+ éXO. Note the Jacobian matrix for the mapping g (w) is V,q (w) =

[I, —w/1/1— |w|?|. Hence for any vector z € R™ and all w € T,

[wli

2
I

Vwq (w) 2| < v —1]lz] + |1zl < 3vn izl -

1—|w



IEEE TRANSACTION ON INFORMATION THEORY, VOL. XX, NO. XX, XXXX 2016 38

Now we have

Vuwg w;f’) — Vuwg (w;Xo)H
- ;qu (w) Gir) Vawg (w k—th 20)k) Vand (w) (o)
k=1
< |53 b (q75) Vo (w) G — (o))
k=1
12 3 [ (0 ()3 = " (10) (@0 Vi () (0)s
k=1

IN

—
=
‘ ‘

(max o (1) 30| Xol . + L, 30 | X0l )

Z|| <1/(2n), and also notice that

where Lhu denotes the Lipschitz constant for h# (). Similarly, suppose

Hvig (w;l?) Va9 (w; Xo)H

I n ww*™
gn (W) gy (w)

2
‘ o wl

_ 13/2
S o) T Ew - g S

we obtain that

03" [l () ) Vot () 515 (T ()" = (0 () (@0)e) Vot () (@)t (@07 (Ve ()]
k=1

;kz " )50 (s 5 ) )~ " ) (o) (s + ) (@ <n>]H

)

+

IN

3 ||= 7 2 ||= 2 ||
Loy, w2 X & + max 2 <18n3/2 1X1% || E] + 1002 1 x12 |

P—
=)
e

+ 3\/§Lth2

1X 1% + maxh (1) 2202 | 1X .
where L; denotes the Lipschitz constant for fLM (+). Since

. . 1 1 9
mtaxhu (t) <1, mglxhu( )< —, Lp, <1, Lhu < ;, LHM < E,

and by Lemma IV.12, || X ||, < 44/log (np) with probability at least 1 — (np)~" — exp (—0.30np), we obtain

"f;

vag (w;?) — Vwg (w;X)H < Clﬁlog (np)

|V (wi¥) - v2g<wxu<cgmax{ :f’f}bgw( )

completing the proof. O

—
=)
e

Proof. (of Theorem I1.3) Here c, is as defined in Theorem II.1. By Lemma II.14, when
Ch nt n®) o 4 (K(Ao)n
pzwmax{/fp/ﬂ}’% (AO)log ( /_1,9 >7

the magnitude of the perturbation is bounded as

-1

n3/2 2
< Cqe,l <max{2 }log3/2( )) ,
1

W
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where C5 can be made arbitrarily small by making 'y large. Combining this result with Lemma II.15, we obtain
that for all w €T,

= 0
|V (w3 X0+ EX0 ) = Vg (w; X)| < %
= 0
vaug (w;Xo +EX0) ~ Vel (w;X)H < %

with probability at least 1 — p~® — 0 (np) ™" — exp (—0.30np). In view of (IL.13) in Theorem IL1, we have

w'Vag (Wi Xo+EX0) W v g Xo)w @V (wiXo+ EXO) W T2 g (w0 X w
[l lw]|” lw]® lw*
< —cf + HV (w X0+ §X0> V9 (w; XO)H < ——cb

By similar arguments, we obtain (II.11) through (II.13) in Theorem IIL.3.
To show the unique local minimizer over F is near 0, we note that (recall the last part of proof of Theorem II.1
in Section IV-B) ¢ <w; Xo+ EXO) being 5~ strongly convex near 0 implies that

o = 2150 00+ 230) |
*

The above perturbation analysis implies there exists C3 > 0 such that when
p > % max {n: nz} x5 (Ap) log? <W> ,
0 ptp 1o
it holds that
c, 0
400’

Hng (0; Xo + éXo) — Vwg (0; X)H
which in turn implies

4 0
pod pono_p

<— Vg (0; X
.| < 5 199 (0: Xo)| + o5 < K o < 2

where we have recall the result that i—‘; Vg (0; Xo)|| < /16 from proof of Theorem II.1. A simple union bound
with careful bookkeeping gives the success probability. 0

APPENDIX A
TECHNICAL TOOLS AND BASIC FACTS USED IN PROOFS

In this section, we summarize some basic calculations that are useful throughout, and also record major technical
tools we use in proofs.

Lemma A.1 (Derivates and Lipschitz Properties of h,, (2)). For the sparsity surrogate
hu (2) = plogcosh (2/p)
the first two derivatives are
() = tamh(z/p), (=) = [1 — tamh? (/)] /.
Also, for any z > 0, we have

max {1 — 2exp(—2z/u),1/2 — exp(—2z/p)/2}
2exp(—2z/p) — exp(—4z/p)

tanh(z/p) < 1 —exp(—=2z/p),
1 — tanh®(z/p) < 4dexp(—2z/p) — dexp(—4z/p).

IN A

Moreover, for any z, z' € R, we have

yu(2) = ()] < |2 = 21/ s 1hyu(2) = hu(2)] < 20z = 2"/,
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Lemma A.2 (Harris’ Inequality, [120], see also Theorem 2.15 of [121]). Let X1, ..., X, be independent, real-valued
random variables and f,g : R™ — R be nonincreasing (nondecreasing) w.r.t. any one variable while fixing the
others. Define a random vector X = (X1,---,X,,) € R", then we have

Elf (X)g(X)] > E[f (X)]E[g (X)].

Similarly, if f is nondecreasing (nonincreasing) and g is nonincreasing (nondecreasing) coordinatewise in the above
sense, we have

ELf (X)g(X)] <E[f(X)]E[g(X)].

Lemma A.3 (Differentiation under the Integral Sign). Consider a function F' : R™ X R — R such that is
well defined and measurable over U x (0,ty) for some open subset U C R™ and some to > 0. For any probability

measure p on R™ and any t € (0,to) such that fO Iy ‘aFaf S)‘ p(dx)ds < oo, it holds that

8F(:z: s)

d OF (x,1) d OF (x,t)
— | F(x,t)p(dx)= | ———p(d —E [F(x,t) 1yy]| =Ep | —— 1y | .
i [ F@no = [ 2D o) or fma 17 @0 1) =B, | 27 1
Proof. See proof of Lemma A.4 in the technical report [2]. 0

Lemma A.4 (Gaussian Tail Estimates). Let X ~ N (0,1) and ® (x) be CDF of X. For any x > 0, we have the
following estimates for ®¢(x) =1 — @ (z):

(1_1>w<—x2/2)§q>6(@§(1_1+3>m)<—x2/2>, (Type 1

r 3 o x x3 o Vor
x  exp(—2?/2) 1 exp (—2%/2)
< Q¢ (7)< — ., (Type II
o T ()_x o (Type 1I)
22 +4 — xexp (—332/2) ( ) exp (—2?/2)
) < ———— (Dype I1lI).
2 Nor =y var Peedld
Proof. See proof of Lemma A.5 in the technical report [2]. O

Lemma A.5 (Moments of the Gaussian RV). If X ~ N (O, 02), then it holds for all integer p > 1 that
E[X[] < o? (p - 1)!L.
Lemma A.6 (Moments of the x> RV). If X ~ x2(n), then it holds for all integer p > 1 that

I'( p +n/2) u
E[XP]=2P——= 2k — P /2.
=2y = p(2n)" |
Lemma A.7 (Moments of the x RV). If X ~ x (n), then it holds for all integer p > 1 that

E[X?] = Qp/21W < plnP/?.

Lemma A.8 (Moment-Control Bernstein’s Inequality for Scalar RVs, Theorem 2.10 of [122]). Let X1,..., X, be
i.i.d. real-valued random variables. Suppose that there exist some positive numbers R and o such that

E[| X" < mlo®R™2/2, for all integers m > 2.

Let S = % b _1 Xk, then for all t > 0, it holds that

202 + 2Rt

Lemma A.9 (Moment-Control Bernstein’s Inequality for Matrix RVs, Theorem 6.2 of [123]). Let X1, ..., X, € Rdxd
be i.i.d. random, symmetric matrices. Suppose there exist some positive number R and o* such that

P[|S —E[S]| > ] < 2exp (—ptg) .

E (XM < mle’R™2/2 -1 and — E[X["] < mlo?R™ /2. I, for all integers m > 2.
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Let S = % Z:l Xy, then for all t > 0, it holds that

pt’
Pl|S —E[S]|| = 1] < 2dexp <2a2+2Rt> :

Proof. See proof of Lemma A.10 in the technical report [2].

Corollary A.10 (Moment-Control Bernstein’s Inequality for Vector RVs). Lef xq, ...

vectors. Suppose there exist some positive number R and o® such that
E[|zx|™ < mla®R™2/2,  for all integers m > 2.

Let s = % >k _i @y, then for any t > 0, it holds that

pt?
— > < —_— | .
Plls=E[s]|| >t] < 2(d+ 1)exp< 2a2+2Rt>

Proof. See proof of Lemma A.11 in the technical report [2].
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O]

, Iy € R? be i.i.d. random

O]

Lemma A.11 (Integral Form of Taylor’s Theorem). Let f(x) : R™ — R be a twice continuously differentiable

function, then for any direction y € R", we have

1
fl@+ty) = f(z) +1 /0 (Vf(z + sty).y) ds,

1
F+ ty) = (@) + (), y) + £ /0 (1— ) (V2f(z + sty)y, y) ds.

APPENDIX B
AUXILLARY RESULTS FOR PROOFS

Lemma B.l. Let X ~ N(0,0%) and Y ~ N(0,0%) be independent random variables and ®°(t) =
\/% ftoo exp (—:(:2 / 2) dx be the complementary cumulative distribution function of the standard normal. For

any a > 0, we have

g
E[X1xs0] = —=

\/2777

Elexp (—aX) X1x~o] = N aoy exp < 2X) ®€ (aox),

a’o%\ .
E[exp (—aX) 1xso] = exp 5 ®€ (aox),

B.1)

(B.2)

(B.3)

9 9 9 9 a’c% + a0}
E [exp (—a(X +Y)) X?1x4y>o] = o (1+a’0%)exp <X2Y> o° <a\/a§( + a%)

4
ao x

V2T /ag( + 052,

(B.4)

2 2 2 2
Elexp (—a(X +Y)) XY1x y>o] = a’c%0% exp <CLOX;_CLOY> o° <a\/a§( + J?;)

2 2

Vo Jo% + o2
E[tanh (aX) X] = ac%E [1- tanh? (aX)],
E [tanh (a(X +Y)) X] = aokE [1 — tanh? (a(X +Y))] .

(B.5)

(B.6)
(B.7)

Proof. Equalities (B.1), (B.2), (B.3), (B.4) and (B.5) can be obtained by direct integrations. Equalities (B.6) and

(B.7) can be derived using integration by part.

O



IEEE TRANSACTION ON INFORMATION THEORY, VOL. XX, NO. XX, XXXX 2016 42

Proof. (of Lemma IV.1) Indeed (1+Bt =Y o(—1)k(k 4+ 1)8*¢F, as

> k kk_"o 1 -t 1
;)(_1) (k+1)8% _kzo —5t) +kzoks —Bt)"* R TR e ol curry 2

The magnitude of the coefficient vector is

1]l :Zﬁk(lJFk):z::ﬁkJrgkﬁk: 1_5+ (1—B)2 - (1—pB)2 =T

k=0

Observing that > for t € [0,1] when 0 < 8 < 1, we obtain

(1+6t)

1 1 1 1-5 1
Ip - f||m”—/ p(t) = )]t = [ LHBQ?—(M)Q =gl

Moreover, we have

(1+t)

_ t(1=p) 2+t +5))
17 = Pllieiony = o PO = 100 = oo == e+ pepe

§1—ﬁ=\/1?-

Finally, notice that

00 b B o8] (_B)k B 0 ﬂ2i 62i+1
Z(Hikk)?)_Z (1+ k)2 =2 [(1+2z‘)2 a (22‘+2)2]

1= 0

_ZBQZ (2i + 2)% — B(2i + 1)?

>0,
(204 2)%(2i 4 1)2

where at the second equality we have grouped consecutive even-odd pair of summands. In addition, we have

n n

3 by <Z&_i ﬁk +Z N
(I+E)3 =& (1+k)7 0+ n+1’

k=0 k=0

which converges to 2 when n — oo, completing the proof. O

Proof. (of Lemma IV.5) The first inequality is obviously true for v = 0. When v # 0, we have
—¢
E [Jo"z["] ZOE )" Y Egn(ouoye) 121
=0

7e(7)

n

< ZHZ 1-0"" Z Ezn (o)) [12]™]

=0 je(m)

¢
2N (0,]|v]?) [1Z|™] Ze 1-0 <€>

= EZNN((),HvH?) [|Z| ] )

=E

where the second line relies on the fact ||v7|| < ||v|| and that for a fixed order, central moment of Gaussian is
monotonically increasing w.r.t. its variance. Similarly, to see the second inequality,

E[||z]™ Zef 1= > Ef]l]"

7€)

<e e -0 (7) =501,

as desired. UJ
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Proof. (of Lemma IV.12) Consider one component of X, i.e., X;; = B;;Vj; for i € [n] and j € [p], where
B;;j ~ Ber (0)) and V;; ~ N (0,1). We have

P (1] > 4y/log (np)| < 0P ||Vij| > 4\/Iog(np) | < 0exp (~8log(np)) = 0(np)~*.
And also
PlX| <1]=1-60+6P[|V;;] <1] <1-0.36.
Applying a union bound as
P [HXHOO <lor || X > 4ylog (np)] < (1—0.30)" + npb (np)~® < exp (—0.30np) + 0 (np) ™",
we complete the proof. O

Lemma B.2. Suppose A = 0. Then for any symmetric perturbation matrix A with |Al| < UT(A) it holds that

- - 2(| A2 A
A ayie | < 2IANTIA] b
H( i T O (A) (.5
Proof. See proof of Lemma B.2 in the technical report [2]. O
Lemma B.3. For any 6 € (0,1/2), X € R™*" with X ~;,; 4 BG (0) obeys
1 Onql
—XX* - IH <10,/ L0812 (B.9)
n90 n2

with probability at least 1 — ngg, provided ny > Cn?logny. Here C > 0 is a constant.

Proof. Observe that E [%kaﬂ = I for any column x; of X and so %MX X* can be considered as a normalize
sum of independent random matrices. Moreover, for any integer m > 2,

I 1 m— .
B|(jmiai) | = o [l oot

Now E {Hazkﬂ%%2 :Bk.’EZ] is a diagonal matrix (as E [HmkHQ xy (1) zg (j)} =-E [||:1:;€||2 xy (1) g (j)} for any i # j
by symmetry of the distribution) in the form E [||9r3k||2m_2 a:kar;Z] =E [||m|]2m_2 x(l)Q} I for « ~; ;4. BG () with
x e R™. Let t2 (z) = ||z||* — 2(1)2. Then if m = 2,
E |2 2(1)?] = E [2(1)"] + E [ (@)] E [2(1)?]
—E [2(1)*] + (m1 — 1) (B [2(1)?])* = 30 + (n1 — 1) 62 < 30,6,

where for the last simplification we use the assumption § < 1/2. For m > 3,

—_

m—

E ||| ?™ 2 x(l)ﬂ _ (mk— 1>E [t% (z) x(l)Qm—Qk} _ mz_:l (mk— 1>E {t% (m)} B [$(1)2m—2k}
m—1 m—1 k=0
<3 (" omvinn [#] Bston [
1

_ |
<0 (m 1)2 (21 — 2)F (2m — 2k)!
0

k

k=

mm!m_1 m—1 &
<62 2;}( n )(n1—1)
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where we have used the moment estimates for Gaussian and y? random variables from Lemma A.5 and Lemma A.6,
and also 6 < 1/2. Taking 02 =3n10 and R = 2n;, and invoking the matrix Bernstein in Lemma A.9, we obtain

1 L n2t2

— I >t < -+ 21 B.10

pl ; TrTk = XP < 6m10 + 4nqt t2log nl) ( )
for any ¢ > 0. Taking ¢ = 101/0ny log (n2) /n2 gives the claimed result. O
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