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Abstract

Recently there has been significant theoretical progress on understanding the
convergence and generalization of gradient-based methods on nonconvex losses
with overparameterized models. Nevertheless, many aspects of optimization and
generalization and in particular the critical role of small random initialization
are not fully understood. In this paper, we take a step towards demystifying this
role by proving that small random initialization followed by a few iterations of
gradient descent behaves akin to popular spectral methods. We also show that this
implicit spectral bias from small random initialization, which is provably more
prominent for overparameterized models, also puts the gradient descent iterations
on a particular trajectory towards solutions that are not only globally optimal but
also generalize well. Concretely, we focus on the problem of reconstructing a
low-rank matrix from a few measurements via a natural nonconvex formulation.
In this setting, we show that the trajectory of the gradient descent iterations from
small random initialization can be approximately decomposed into three phases:
() a spectral or alignment phase where we show that that the iterates have an
implicit spectral bias akin to spectral initialization allowing us to show that at the
end of this phase the column space of the iterates and the underlying low-rank
matrix are sufficiently aligned, (I) a saddle avoidance/refinement phase where
we show that the trajectory of the gradient iterates moves away from certain
degenerate saddle points, and (III) a local refinement phase where we show that
after avoiding the saddles the iterates converge quickly to the underlying low-rank
matrix. Underlying our analysis are insights for the analysis of overparameterized
nonconvex optimization schemes that may have implications for computational
problems beyond low-rank reconstruction.

1 Introduction

Many contemporary problems in machine learning and signal estimation spanning deep learning to
low-rank matrix reconstruction involve fitting nonlinear models to training data. Despite tremendous
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empirical progress, theoretical understanding of these problems poses two fundamental challenges.
First, from an optimization perspective, fitting these models often requires solving highly nonconvex
optimization problems and except for a few special cases, it is not known how to provably find globally
or approximately optimal solutions. Yet simple heuristics such as running (stochastic) gradient
descent from (typically) small random initialization is surprisingly effective at finding globally
optimal solutions. A second generalization challenge is that many modern learning models including
neural network architectures are trained in an overparameterized regime where the parameters of the
model exceed the size of the training dataset. It is well understood that in this overparameterized
regime, these large models are highly expressive and have the capacity to (over)fit arbitrary training
datasets including pure noise. Mysteriously however overparameterized models trained via simple
algorithms such as (stochastic) gradient descent when initialized at random continue to predict well
or generalize on yet unseen test data. In particular, it has been noted in a number of works that
for many modern machine learning architectures, the scale of initialization is important for the
generalization/test behavior [1, 2]. It has been noted that stronger generalization performance is
typically observed for a smaller scale initialization. Indeed, small random initialization followed by
(stochastic) gradient descent iterative updates is arguably the most widely used learning algorithm in
modern machine learning and signal estimation.

There has been a large number of exciting results aimed at demystifying both the optimization and
generalization aspects over the past few years. We will elaborate on these results in detail in the
supplementary, however, we would like to briefly mention the common techniques and their existing
limitations. On the optimization front a large body of work has emerged on providing guarantees for
nonconvex optimization which can roughly be put into two categories: (I) smart initialization+local
convergence and (II) landscape analysis+saddle escaping algorithms. Approaches in (I) focus on
showing local convergence of local search techniques from carefully designed spectral initializations
[3,4,5,6,7,8,9, 10]. Approaches in (II) focus on showing that in some cases the optimization
landscape is benign in the sense that all local minima are global (no spurious local minima) and
the saddle points have a direction of strict negative curvature (strict saddle) [11]. Then specialized
truncation or saddle escaping algorithms such as trust region, cubic regularization [12, 13], or noisy
(stochastic) gradient-based methods [14, 15, 16, 17] are deployed to provably find a global optimum.
Both approaches fail to fully explain the typical behavior of local search techniques in practice.
Indeed, for many nonconvex problems local search techniques or simple variants, when initialized at
random, quickly converge to globally optimal solutions without getting stuck in local optima/saddles
without the need for sophisticated initialization or saddle escaping heuristics. We note that while for
differentiable losses eventual convergence to local minimizers is known from a random initialization
[18] on problems of the form (II), these results cannot rule out exponentially slow cases in the
worst-case [19]. Indeed, it has been argued that in general a more granular analysis of the trajectory
of gradient descent beyond the landscape may be necessary [20]. For example, some recent advances
has been made by analysing the trajectory of gradient descent using a leave-one-out analysis for the
phase retrieval problem [21].

Similarly, there has been a lot of exciting progress on the generalization front, especially for neural
networks. Specific to generalization capabilities of gradient-based approaches these results broadly
fall into two categories: (a) the first category is based on a linearization principle which characterizes
the performance of nonlinear models such as neural networks by comparing it to a linearized kernel
problem around the initialization (a.k.a. Neural Tangent Kernels) [22, 23, 24, 25, 26, 27, 28]. This
has often been referred to as “’lazy training". (b) the second category is based on a continuous
limit analysis in the limit of width going to infinity and learning rate going to zero (mean-field
analysis) [29, 30, 31, 32, 33]. However, these existing analyses contain many idealized and non-
realistic assumptions (e.g. requiring large, random initialization in (a), which typically leads to worse
generalization than what is observed in practice, or unrealistically large widths in (b)) and therefore
cannot fully explain the success of overparameterized models or serve as a guiding principle for
practitioners [34].

Despite the aforementioned exciting recent theoretical progress many aspects of optimization and
generalization and in particular the role of random initialization remains mysterious. This leads us to
the main challenge of this paper

Why is small random initialization combined with gradient descent updates so ef-
fective at finding globally optimal models that generalize well despite the nonconvex
nature of the optimization landscape or model overparameterization?
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Figure 1: Gradient descent from small random initialization is akin to spectral initialization.
The left figure depicts the empirical landscape of a low-rank matrix reconstruction problem with the
two green circles depicting the two global minima and the white circle the saddle point at the origin.
In this figure, we also depict the trajectory of the gradient descent iterations (magenta) together
with the power method based on a popular spectral initialization technique (blue). Both gradient
descent and power method use the same small initialization near the origin. We see that in the early
stage, the two trajectories are almost the same. The figure on the right depicts the angle between
the gradient descent (magenta)/power method (blue) iterates and a popular spectral initialization
technique, denoted by 6 p and 6p respectively. This figure clearly demonstrates that for the first
iterations these angles are practically the same further confirming that the initial trajectory of gradient
descent and power methods are similar. See Section 6 for further detail on the experimental setup. (In
this figure we have used r = r, = 1.)

In this paper we wish to take a step towards addressing the above challenge by demystifying the
critical role of small random initialization in gradient-based approaches. Specifically we show that

Small random initialization followed by a few iterations of gradient descent
behaves akin to spectral initialization.

By that, we mean more precisely, that if the initialization is chosen small enough, then in the initial
stage of the training, gradient descent implicitly behaves like spectral initialization techniques such as
those commonly used in techniques based on the method of moments. This implicit spectral bias
of gradient descent from random initialization puts the gradient descent iterations on a particular
trajectory towards solutions that are not only globally optimal but also generalize well for overpa-
rameterized models. We also show that with small random initialization this implicit spectral bias
phenomenon is more prominent for more overparameterized models in the sense that it materializes
after fewer iterations. This intriguing phenomenon is depicted in Figure 1 in the context of a low-rank
reconstruction problem. This figure clearly demonstrates that the first few iterations of gradient
descent starting from a small random initialization are virtually identical to that of running power
iterations (a popular algorithm to find the spectral initialization, see, e.g. [35]).

Concretely we focus on the problem of low-rank matrix recovery, which appears in many different
application areas such as recommendation systems, phase retrieval, and quantum tomography [36].
Here, our goal is to recover a low-rank matrix of the form X X T from a few linear measurements.
We consider a natural, non-convex approach based on matrix factorization, where we minimize
the loss function via gradient descent. In this paper, we show that, regardless of the amount of
overparameterization used, for small random initialization vanilla gradient descent will always
converge towards the low-rank solution. This holds as long as the measurement operator obeys a
popular restricted isometry property [37].

Our analysis consists of three phases. The first phase is the aforementioned spectral or alignment
phase where we show gradient descent from small random initialization behaves akin to spectral
initialization, which is a key insight of this paper. Indeed, we show that the first few gradient descent



iterates can be accurately approximated by power method iterates. Next, we show that after this first
spectral or alignment phase, gradient descent enters a second phase, which we refer to as saddle
avoidance phase. In this phase, we show that the trajectory of the gradient iterates moves away from
degenerate saddle points, while the iterates maintain almost the same effective rank as X X 7. In the
third phase, the local refinement phase, we show that the iterates approximately converge towards the
underlying low-rank matrix X X7 with a geometric rate up to a certain error floor which depends on
the initialization scale. In particular, by decreasing the scale of initialization this error threshold can
be made arbitrarily small. While in this paper our main focus is on low-rank matrix reconstruction,
we believe that our analysis holds more generally for a variety of contemporary machine learning and
signal estimation tasks including neural networks.

Finally we note that while a similar setting has already been studied in [38], our analysis goes beyond
it in many important ways. For example, our result holds for any amount of overparameterization
and allows for arbitrarily small initialization. Maybe most importantly, we study the spectral phase
phenomenon at initialization. For a detailed comparison we refer to Section 3.

2 Low-rank matrix recovery via non-convex optimization

As mentioned earlier in this paper we focus on reconstructing a (possibly overparameterized) Positive
Semidefinite (PSD) low rank matrix from a few measurements. In this problem, given m observations
of the form

yi = (A, XXT) =Tr (A, XXT) i=1,...,m, (1)

we wish to reconstruct the unknown matrix X X 7. Here, X € R™"* with 1 < r, < n is a factor of the
unknown matrix and {4, },, are known symmetric measurement matrices. A common approach to
solving this problem is via minimizing the loss function

min f(0)= min 3 (g — (AL TOT))?,
=1
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with r > r,. More compactly one can rewrite the optimization problem above in the form

, _ 1 - )
Jmin f(U):= min 2[AUT" - XXT)[, . )

where A : R™™ — R™ is the measurement operator defined by [A(Z)]; := ﬁ(AZ—, Z).

In order to solve the minimization problem (2) we run gradient descent iterations starting from (often
small) random initialization. More specifically,

Up1 = Up = pV f (Up) = Uy + pA* [y - A(UU]) | Uy
=Up+p[(A*A) (XXT -0U0)] U

where we have set Uy = aU is the initialization matrix, A* denotes the adjoint operator of A and
y = (y;);r, € R™ denotes the measurement vector. Here, U € R™*" is a typically random matrix
which represents the form of the initialization and « > 0 is a scaling parameter.

There are two challenges associated with analyzing such randomly initialized gradient descent updates.
The first is an optimization challenge. Since f is non-convex it is a priori not clear whether gradient
descent converges to a global optimum or whether it gets stuck in a local minima and/or saddle. The
second challenge is that of generalization. This is particularly pronounced in the overparameterized
scenario where the number of parameters are larger than the number of data points i.e. rn > m. In
this case, there are infinitely many U such that f(U) = 0, but [UUT — X XT||  is arbitrarily large
(see, e.g., [39, Proposition 1]). That is, even if gradient descent converges to a global optimum, i.e.
f (U ) =0, it is a priori not clear whether it has found the low-rank solution X X7 (see also Figure 7).

3 Main results

In this section, we present our main results. Stating these results requires a couple of simple definitions.
The first definition concerns the measurement operator 4.



Definition 3.1 (Restricted Isometry Property (RIP)). The measurement operator A : R™" — R™

satisfies RIP of rank r with constant § > 0, if it holds for all matrices Z of rank at most r
2
A=) 21% < A2, < (1+8) | Z] %

3)

We note that for a Gaussian measurement operator 4 I RIP of rank r and constant & > 0 holds with

high probability, if the number of observations satisfies m > nr /62 [37, 40].
The second definition concerns the condition number of the factor X .
Definition 3.2 (condition number). We denote the condition number of X € R™™ by
Y|
or, (X) 7
where o, (X) denotes r.-th largest singular value of X.

With these definitions in place we are now ready to state our main results.

3.1 General case: r > r,

We begin by stating our first main result.

Theorem 3.3. Let X € R™*"* and assume we have m measurements of the low rank matrix X X
of the form y = A (X X T) with A the measurement operator. We assume A satisfies the restricted

isometry property for all matrices of rank at most 2r, + 1 with constant § < ck~4r, 2

. To reconstruct

X XT from the measurements we fit a model of the form U ~ A (UUT) with U e R™" and r > r,
via running gradient descent iterations of the form U,y = Uy — uV f (U;) on the objective (2) with
a step size obeying 1 < ck™*|| X |72, Here, the initialization is given by Uy = alU, where U € R™"
has i.i.d. entries with distribution N (O, 1/ \/1_") With this setting and assumptions the following two

statements hold.

1. Under the assumption that v > 2r, and that the scale of initialization fulfills

—6K2
.| (min {r; n})l/4 9 n 1
< ~ - ' 7 .
as mln{ 12,3/ 2K m{rin) CTn 1X1,

. 1 Cink KT+ [ X
ts 5 In - -max41; — .
O min (X) min {r;n} min {r;n} - r, o
iterations we have that
\|U£Ug _ XXTHF . n21/16/€81/16r1/8 o21/16
12 " (min {r; 71})15/16 | x|2/16”
holds with probability at least 1 — C'e™".

after

2. Assume that v, <1 < 2r, and that the scale of initialization fulfills

gl/2 262\/rn 6 €
o $ min | — i —= 11X,
n3l4K1/2 € nK?

with 0 < € < 1. Then, after

s (G )
N 2 2
[0 min (X) e2(r-r.) «

iterations we have that

T T 21/16
|U:U; )iX ||F57,1/8(7,_“)3/8581/16(”. o )
1X| e [X]

)r—r*+1

holds with probability at least 1 — (C’a +exp (—cr).

“4)

(6)

®)

'By that, we mean that all the entries of the (symmetric) measurement matrices {A;}7" are drawn L.i.d. with

distribution A/ (0, 1) on the off-diagonal and distribution N (O, 1/ \/5) on the diagonal.



Here, C1,C5,C,C,c>0 are fixed numerical constants.

Note that the test error |U;U. tT —~ X XT3 can be made arbitrarily small by choosing the scale of
initialization « small enough. In particular, the dependence of the test error on « is polynomial and
the dependence of the number of iterations on « is logarithmic, which means that reducing the test
error by scaling down « introduces only modest additional computational cost. Hence, as long as
the rank at most 27, + 1 RIP with constant § < cx~*r, /2 holds, gradient descent converges to a
point in the proximity of the low-rank solution, whenever the initialization is chosen small enough
regardless of the choice of r. This holds even when the model is overparameterized i.e. rn > m
and the optimization problem has many global optima many of which do not obey UU” ~ X X T
This result thus further demonstrates that when initialized with a small random initialization gradient
descent has an implicit bias towards solutions of low-rank or small nuclear norm. This is in sharp
contrast to Neural Tangent Kernel (NTK)-based theory for low-rank matrix recovery (see [23, Section
4.2]) which will not approximately recover the ground truth matrix X X7 due to the larger scale of
initialization required when using that technique.

As discussed in Section 2, the restricted isometry property holds with high probability for a sample
complexity m 2 nr2x® for Gaussian measurement matrices. Up to constants, this sample complexity
is optimal in n, while it is sub-optimal in 7, and x compared to approaches based on nuclear-norm
minimization (see, e.g., [37]). While there is numerical evidence that the true scaling of m in 7,
should also be linear in the non-convex case [41], we note that the optimal dependence of the sample
complexity on 7, is a major open problem in the field, as the sample complexities in all theoretical
results for non-convex approaches in the literature scale at least quadratically in r,.

Interpretation: Recall from Section 1 that our convergence analysis can be divided into three
phases: the spectral phase, the saddle avoidance phase, and the local refinement phase. As it will
become clear from the proofs in the supplementary when r > 2r, the bound on the needed number of
iterations (see inequality (5)) can be decomposed as follows

N 1 o942 n o [ Tmin (X) o mas 1 KT m
tsuamin(X)Q[l (2 ‘/7min{r;n})+ 1(7a ) +1( {177min{r;n}—r*} ~ )]

Phase II: saddle avoidance phase Phase III: local refinement phase

Phase I: spectral/alignment phase

)

First, we note that the duration of all three phases scales inversely with o, (X )2. This is due to the
fact that in all three phases the dynamics associated the smallest singular value of X is the slowest
one and hence needs the most time to complete.

In the spectral phase, the eigenvectors corresponding to the leading r, eigenvalues of U;U;! become
aligned with the eigenvectors corresponding to the leading r, eigenvalues of A*.A (X X T). We
observe in (9) that in the spectral phase increasing r, i.e. the amount of parameters, decreases the
number of iterations in this phase. As we will explain in the supplementary, the reason is that
increasing r decreases the angle between the column space of the initialization Uy and the span
of the eigenvectors corresponding to the leading 7, eigenvalues of 4*.A (X X T) used in spectral
initialization. As a consequence, gradient descent needs fewer iterations to align these two subspaces.

In the saddle avoidance phase (Phase 1), o, (U;) , the r,th largest singular value of U;, grows
geometrically until it is on the order of oy,i, (X ). Hence, this duration depends on the ratio between
the omin (X)) and the the scale of initialization «. This is clearly reflected in the upper bound on the
number of needed iterations in equation (9).

In Phase III, the local refinement phase, the matrix U, UtT converges towards X X 7. In particular, at

iteration ¢ the test error obeys (6). We observe that a smaller « allows for a smaller test error in (6)
but per (9) this higher accuracy is achieved with a modest increase in the required iterations.

3.2 Special case: r =7,
The following result deals with the scenario r = r,, that is, the iterates U; have as many parameters
as the ground truth matrix X.

Theorem 3.4. Let X € R™*"* and assume we have m measurements of the low rank matrix X X
of the form y = A (X X T) with A the measurement operator. We assume A satisfies the restricted



isometry property for all matrices of rank at most 2r, +1 with constant & < cx~*r, Y2, To reconstruct
ry prop

X XT from the measurements we fit a model of the form U ~ A (UUT) with U € R™*"* via running
gradient descent iterations of the form U,y = Uy — uV f (Uy) on the objective (2) with a step size
obeying p < ck™*| X |72, Here, the initialization is given by Uy = alU, where U € R™"™ has i.i.d.
entries with distribution N (0, 1/\/r+ ) Assume that the scale of initialization fulfills

el2 (2x2 /rn ~6r” g2
n3/4x1/2 ( € ) ; N
for some 0 < € < 1. Then with probability at least 1 — Ce + exp (—cr. ) after

i < 1 ln(Sli?)?’LS . |X|)
S 3 3
HOmin (X) € @

a S min

1 X1,

iterations we have that

e 21/16
|U:U; - XX ”F< 1/8 81/16("_ i ) (10)

S T T~
RY e |X]

Here C,c > 0 are fixed numerical constants.

Note that by choosing « small enough we can make the test error in (10) arbitrarily small. In
particular, this means that then well-known local convergence results can be applied showing that
UsUT converges linearly to X X7 (see, e.g., [6]) .

Thus, this result implies that if the measurement operator fulfills the restricted isometry property,
gradient descent with small, random initialization will converge to the ground truth matrix X in
polynomial time. It is known that under the RIP assumption the loss landscape is benign [42] in the
sense that there are no local optima that are not global and all saddles have a direction of negative
curvature. However, such results do not imply that vanilla gradient descent converges quickly (i.e. in
polynomial time) to a global optimum, as gradient descent may take exponential time to escape from
saddle points.

To the best of our knowledge, this is the first in the non-overparameterized setting r = r, result which
shows the convergence of vanilla gradient descent to the ground truth from a random initialization
using only the restricted isometry property in polynomial time. The only other paperin the low-rank
matrix recovery literature, which shows fast convergence of vanilla gradient descent to the ground
truth from a random initialization, is [21]. In this work, the problem of phase retrieval has been
studied, which can be formulated as a low-rank matrix recovery problem with » = r, = 1. The
paper shows that gradient descent converges from a random initialization to the ground truth with a
near-optimal number of iterations. However, the proof in this paper leverages the rotation-invariance
of the Gaussian measurements vectors via carefully constructed auxiliary sequences. In contrast,
Theorem 3.4 above relies only on the restricted isometry property and no further assumptions on A
are needed.

3.3 Special case: r = n with orthonormal initialization

In the following result, we study the scenario r = n, where the initialization matrix U € R™*"™ is an
orthonormal matrix, i.e. UTU = Id, instead of a Gaussian matrix as in the previous results in this
paper. This is the same setting as in [38, Theorem 1.1], and we include this special case so as to
explain how our results improves upon prior work in this special case.

Theorem 3.5. Let X € R™"™ and assume we have m measurements of the low rank matrix X X*
of the form y = A (X X T) with A the measurement operator. We assume A satisfies the restricted
isometry property for all matrices of rank at most 2r, +1 with constant § < cx~*r, /2. To reconstruct
XXT from the measurements we fit a model of the form U — A (U U T) with U € R™" via running
gradient descent iterations of the form U1 = Uy — uV f (Uy) on the objective (2) with a step size
obeying i < ck~*|| X | 2. Here, the initialization is given by Uy = aU, where U € R™™ can be any
orthonormal matrix. Assume that the scale of initialization satisfies o < C(T“Tglx) Then, after

R 1 kre ) 1X|
tsﬁln max{l;i}—
140 min (X) n—"Ts «



iterations we have that . .
U UL - XXT| g r1/8n3/8 o21/16

| X2 YoR316 | X|21/16°
Here c > 0 is a fixed numerical constant.

Note that this result improves over [38, Theorem 4.1] in several aspects. First of all, in [38] it is
assumed that the measurement operator A has the rank-4r restricted isometry property with constant

o< n’ﬁrzl/ 2 log_2 % In particular, this suggests that this result cannot handle the scenario that
the scale of initialization o becomes arbitrarily small, as this would also require that the restricted
isometry constant 4 becomes arbitrarily small as well. This in turn would require an arbitarily large

sample size. Moreover, [38] requires a step size of at most p $ I el log? n| X |72, whereas the
above theorem only needs the weaker assumption p § £~2| X |~2. These improvements aside the
main difference between our result and this prior work is that we can handle any r by formalizing an
intriguing connection between small random initialization and spectral learning.

4 Related work

Global convergence guarantees for nonconvex low-rank matrix recovery: As mentioned earlier in
Section 1, there is a large body of work on developing global convergence guarantees for nonconvex
problems. In the context of low-rank matrix recovery, several papers have demonstrated that low-rank
reconstruction problems in a variety of domains can be solved via nonconvex gradient descent starting
from spectral initialization. More precisely, this has been shown for phase retrieval [3, 4, 5], matrix
sensing [43], blind deconvolution [7, 8], and matrix completion [44]. However, in practice often
random initialization is used in lieu of specialized spectral initialization techniques. To remedy this
issue, more recent literature [45, 46, 47], focusses on studying the loss landscape of such problems.
These papers show that despite their non-convexity under certain assumptions these loss landscapes
are benign in the sense that there are no spurious local minima, (i.e. all minimizers are global
minima) and saddles points have a strict direction of negative curvature (a.k.a. strict saddle) [11].
Then specialized truncation or saddle escaping algorithms such as trust region, cubic regularization
[12, 13] or noisy (stochastic) gradient-based methods [14, 15, 16, 17] are deployed to provably find
a global optimum. These papers however do not directly develop global convergence for gradient
descent (without any additional modification) from a random initialization. For differentiable losses
eventual convergence to local minimizers is known from random initialization [18] but these results
do not provide convergence rates and only guarantee eventual convergence. Indeed, gradient descent
may converge exponentially slowly in the worst-case [19]. In contrast to the above literature our
result in Theorem 3.4 (in the case of r = r,) shows that gradient descent from a small random
initialization converges rather quickly to the global optima. As mentioned earlier, we are able to
establish this result by demonstrating that in the initial phase gradient descent iterates are intimately
connected to the spectral initialization techniques discussed above. Furthermore, the above spectral
initialization followed by local convergence or landscape analysis techniques cannot be directly
applied in in the overparameterized case (r > 7, ) whereas our analysis works regardless of model
overparameterization.

We would like to mention that even more recently the paper [21] proves the convergence of gradient
descent starting from a random initialization for low-rank recovery problems via an interesting
leave-one-out analysis. To the best of our knowledge, this is the only existing result, which provides
convergence guarantees for vanilla gradient descent from random initialization for low-rank matrix
recovery problems in the non-overparameterized setting r = r,. However, the leave-one-out analysis
heavily relies on the independence and the rotation invariance of the measurements. Also similar
to the above this analysis does not seem to easily lend to generalization in the overparameterized
regime. In contrast, our proof techniques rely on standard restricted isometry assumptions without
requiring the independence of the measurements and does provide generalization guarantees with
model overparameterization (r > r,). Moreover, in [48] it has been shown that Riemannian gradient
descent converges with nearly linear rate to the true solution from a random initialization in the
population loss scenario.

Overparameterization in low-rank matrix recovery: In the influential work [49] it has been
conjectured and in the special case that the measurement matrices commute proven that gradient



descent on overparameterized matrix factorization converges to the solution with the minimal nuclear
norm. This phenomenon is now often referred to as implicit regularization. In [20], evidence is
provided that adding depth even increases the tendency of gradient descent to converge to low-rank
solution. In [50] it has been shown that there are certain scenarios where the conjecture in [49]
does not hold. In [51] theoretical and empirical evidence has been provided that gradient flow with
infinitesimal initialization is equivalent to a certain rank-minimization heuristic.

In this paper, we shed further light on the implicit regularization of gradient descent. In particular,
we provide a precise analysis of the initial stage and relate it to the power method and our analysis
explains how overparameterization is beneficial in the initial stages. Closest to our work is the paper
[38], which studies a special case of the problem analysed in this paper. More precisely, this paper
considers the special case r = n with orthonormal initialization. We also applied our theory to this
exact same setting, see Section 3.3, where we include a detailed comparison for this special scenario.
Most importantly our theory is able to handel the case o — 0, which the result in [38] seems not to be
able to. Moreover, analysing the full range of possible choise of r requires a careful analysis of the
spectral phase, which is one key novely of this paper compared to [38].

In [52, 53] it has been shown that in certain scenarios, where the measurement matrices A; are
positive semidefinite (PSD), the equation y = A (U UT) has a unique low-rank solution. This means
that in these scenarios the PSD constraint by itself might lead to a low-rank matrix recovery, which
makes implicit regularization by gradient descent meaningless in this setting. However, note that
these results not apply to the scenario studied in this paper, as we assume the measurement matrices
A; to be Gaussian, which, in particular, means that they are not positive semidefinite. In particular, in
our setting it can be shown that there are infinitely many solutions to the equation y = A (U U T) with
arbitrarily large test error [39].

Gradient-based generalization guarantees for overparameterized tensors and neural networks:
A recent line of work is concerned with connecting the analysis of neural network training with the
so-called neural tangent kernel (NTK) [22, 23, 24, 25, 26]. The key idea is that for a large enough
initialization, it suffices to consider a linearization of the neural network around the origin. This
allows connecting the analysis of neural networks with the well-studied theory of kernel methods.
This is also sometimes referred to as lazy training, as with such an initialization the parameters
of the neural networks stay close to the parameters at initialization. However, there is a line of
work, which suggests that NTK-analysis might not be sufficient to completely explain the success of
neural networks in practice. The paper [34] provides empirical evidence that by choosing a smaller
initialization the test error of the neural network decreases. A similar performance gap between the
performance of the NTK and neural networks has been observed in [2], where it has been shown that
the performance gap is larger if the covariance matrix is isotropic.

There is also a line of work [29, 30, 31, 32, 33], which is concerned with the mean-field analysis of
neural networks. The insight is that for sufficiently large width the training dynamics of the neural
network can be coupled with the evolution of a probability distribution described by a PDE. These
papers use a smaller initialization than in the NTK-regime and, hence, the parameters can move away
from the initialization. However, these results do not provide explicit convergence rates and require
an unrealistically large width of the neural network.

For the problem of tensor decomposition it has also been shown that gradient descent with small
initialization is able to leverage low-rank structure [54]. This is relevant to neural network analysis,
since in [55] a relationship between tensor decomposition and training neural networks has been
established. In [56] it has been shown that neural networks with ReLLU function and trained by SGD
can outperform any kernel method. One crucial element in their analysis is that the early stage of the
training is connected with learning the first and second moment of the data.

While in this paper we do not study overparameterized tensor or neural network models we note
that the NTK-theory can also be applied to low-rank matrix recovery (see [23, Section 4.2]). This
means that if the scale of initialization is chosen large enough and the number of parameters is larger
than the number of measurements, i.e. nr 2 m, then gradient descent will converge linearly to a
global minimizer with zero loss. However, since for this approach the parameters will stay close
to the initialization, this approach will not recover the ground truth matrix X X”". Hence, an NTK
analysis will not yield good generalization. In contrast in this paper we have seen that choosing
a small initialization is a remedy for low-rank matrix recovery. So in this sense our result can be



viewed as going beyond the lazy training in NTK theory. In fact we believe that similar analysis to
the one developed in this paper for low-rank recovery can be used to analyze a much broader class
of overparameterized models including the analysis of neural networks. We defer this to a future paper.

Linear neural networks: In [57, 58, 59, 60, 61] the convergence of gradient flow and gradient
descent is studied for (deep) linear neural networks of the form

. &, 2
W17%3?7WN l:zl HWN - Wngmi - yz” .

However, note that this model is different from the one studied in this paper. In [62] it is shown that
gradient descent for convolutional linear neural networks has a bias towards the £,,-norm, where p
depends on the depth of the network.

5 Overview and key ideas of the proof

In this section, we briefly discuss the key ideas and techniques in our proof. We begin by discussing
a simple decomposition, which is utilized throughout our proofs. Next, in Sections 5.2 and 5.3 we
show that the trajectory of the gradient descent iterations can be approximately decomposed into
three phases: (I) a spectral or alignment phase where we show that gradient descent from random
initialization behaves akin to spectral initialization allowing us to show that at the end of this phase
the column spaces of the iterates U; and the ground truth matrix X are sufficiently aligned, (II) a
saddle avoidance phase, where we show that the trajectory of the gradient iterates move away from
certain degenerate saddle points , and (III) a refinement phase, where the product of the gradient
descent iterates U; U converges quickly to the underlying low-rank matrix X X7 The latter result
holds up to a small error that is commensurate with the scale of the initialization and tends to zero as
the scale of the initialization goes to zero. Figure 2 depicts these three phases.

Let us remark that the proof in the related work [38] decomposes the convergence analysis into two
phases, which roughly correspond to Phase II and Phase III in our proof. However, the proof details
are quite different since we use a different decomposition into signal and noise term, see Section 5.1.

5.1 Decomposition of U; into “signal’’ and ‘noise” matrices

A key idea in our proof is to decompose the matrix U; into the sum of two matrices. The first matrix,
which is of rank r,, can be thought of as the “signal”” term. We will show that the product of this
matrix with its transpose converges towards the ground truth low-rank matrix X X', The second
matrix, will have rank at most r — r, and will have column span orthogonal to the column span of
the ground truth matrix X. We will show that the spectral norm of this matrix will remain relatively
small depending on the scale of initialization .. Hence, this term can be interpreted as the “noise”
term.

We now formally introduce our decomposition. To this aim, consider the matrix ViU, € R™*"
and denote its singular value decomposition by VLU, = V; S, W with W; € R™"*. Similarly, we
shall use W; , ¢ R™(r=7+) to denote the orthogonal matrix, whose column space is orthogonal to
the column space of W, (i.e. the basis of the subspace orthogonal to the span of W;). We then can
decompose U, into

U = U W, W[+ UW, W]

—_ ——
signal term noise term

This decomposition has the following two simple properties, which will be useful throughout our
proofs.

Lemma 5.1 (Properties of signal-noise decomposition).

1. The column space of the noise term is orthogonal to the column span of X, i.e. V; UW,, =
0.

2. When V; U, is full rank, then the signal term has rank r. and the noise term has rank at
MoSt T — 7.

10
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Figure 2: Depiction of the three phases of convergence. Let L denote the subspace spanned by the
eigenvectors corresponding to the r, largest eigenvalues of the matrix A*.A (X X T) and L; denote
the subspace spanned by the eigenvectors corresponding to the r, largest eigenvalues of the matrix
Uy UtT . This figure demonstrates that the convergence analysis can be divided into three phases: (I)
spectral/alignment phase; (II) saddle avoidance phase and (III) the refinement phase. We see that in
the first phase the first r, eigenvectors of U, U rapidly learn the subspace corresponding to the first
r. eigenvectors of A*A (X XT), i.e. the angle |V Vy, | becomes small. The r,th largest singular

value of Uy is still small in this phase and the (normalized) test error |U;U; - X X7 |?/| X X T|?
has not decreased yet. In Phase (II), however, we see that o,., (U;) is growing, whereas the loss
begins to decrease in this phase and the subspaces stay aligned. In Phase (III) we see that the
test error is converging towards 0 rapidly, meaning that U;U; converges to X XT. Consequently,
or, (Up) o, (X) converges to 1 (red curve). We also see that in this phase the angle |V V7, |
grows again, until it reaches a certain threshold. This is because in this phase the top 7, eigenvalues
of U; U become aligned with the eigenvectors of X X7

Proof. The first statement follows directly from the observation ViIU,W;, LWEL =

V)}F U, (Id— WtWtT) = 0. The second statement is a direct consequence of the definition of
W;. O

We would like to note that decomposing U; into two terms has appeared in prior work such as
[38] as well as in earlier work in the compressive sensing literature. However, [38] uses a different
decomposition. A key advantage of our decomposition is that it only depends on U; and X, whereas
the decomposition in [38] depends on all previous iterates Uy, Uy, ..., Us_1.

5.2 The spectral/alignment phase

In this section we turn our attention to giving an overview of the key ideas and proofs of the
spectral/alignment phase. More specifically, we will argue that in the first few iterations gradient
descent implicitly performs a form of spectral initialization. By that, we mean that after the first few
iterations the column span of the signal term U;W; W, is aligned with the column span of X and
that |U, W, , || is relatively small compared to oy, (U W;), meaning that the signal term dominates
the noise term.

11
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Figure 3: Depiction of the spectral alignment phase: in the first few iterations, gradient descent
with small initialization behaves like a power method. Here, L denotes the subspace spanned by

the eigenvectors corresponding to the r, largest eigenvalues of the matrix A*.A (X X T). L; denotes
the subspace spanned by the eigenvectors corresponding to the r, largest eigenvalues of the matrix
U UtT . Moreover, L; denotes the subspace spanned by the eigenvectors corresponding to the r.
largest eigenvalues of the matrix U,U, where U, = (Id +pA*A (XXT))t Uy. In Figure 3a we see
that in the first iterations U, and U, learn the subspace L at the same rate. In Figure 3b we observe

that also the angle between Vx and L., respectively L;, decreases monotonically in the spectral
phase and then both angles stay constant in the saddle-avoidance phase. We see that in the local
convergence phase the angle between Vx and L; converges to 0 as expected since U; converges to X
up to a rotation.

We now provide the main intuition behind the analysis in our spectral/alignment phase. Our starting
point is the observation that for the gradient at the initialization Uy = U it holds that

Vf(Uo) =-[A*A(XXT - UsU )] Uy
=—a[A"A(XXT)|U+*[A*A(UUT)]U.

In particular, we observe that for o > 0 sufficiently small the second term is negligible. Hence, we
have that

Uy =Uy - pV f(Uo)
=(Id+p[AA(XXT)]) Uy - o* [A*A(UUT)] U,
= (Id+pA" A(XXT)) Uy + O (2| Uo])

In the first few iterations (i.e. small ¢) we expect the matrix U; to be small and continue to scale
commensurately with a and we expect that a similar approximation holds for the first iterations.
Hence, for « sufficiently small we can approximate U; by

U, ~ (1d+ pA* A(X X)) Uy = T, (11)

=7

Figure 3 clearly illustrates that the first few iterations of gradient descent behave essentially identical
to (11) confirming our intuition and proofs.

We indeed formally prove that such an approximation holds in Section 8. We note that the matrix
Zy =1d+ pA*A (X X T) is the basis for the commonly used spectral initialization, where typically
a factorization of the rank r, approximation of this matrix is used as the initialization [6, 5, 44].
Therefore, the approximation (11) suggests that gradient descent iterates modulo the normalization
are akin to running power method on Z;. Therefore, we expect the column space of the signal term

12



at the end of the spectral phase to be closely aligned with those of the commonly used spectral
initialization techniques and in turn the column space of X as we formalize below.

To be more precise about the aforementioned alignment with X, let the singular value decomposition
of A*A (XXT) be given by A* A (XXT) =37 Aol . It follows that
n

Up» [ (1+ phi) viv] | Us. (12)
i=1

It is well-known that when the operator .4 obeys the restricted isometry property we have

ATA(XXT)n XXT,
In particular, we have that

Aroat (ATA(XXT)) < A, (ATA(XXT)).

Hence, it follows from

2y = i (1+pXi) viv]

i=1

that A, (Z¢) [Ar,+1 (Z) grows exponentially. In particular, this means that

Zt N Z (1 + /,L/\i)t Uﬂ};r
i=1
and, by (11),
UtN Z(1+u)\l)tvzva Uo.
i=1

Since Uy is a random Gaussian matrix, for an appropriate choice of ¢, we will be able to show that
the matrix U; has the following two properties with high probability, where L = span {v;...; v, }
and L, is the projection of U, onto its best rank-r, approximation:

» There is a sufficiently large gap between o,., (U;) and o, 41 (Uy), i.e., %U*)) >A>1,

or+1 (Ut
where A is an appropriately chosen constant.

* We have that |V V, || is small. Since the column space of A*A (X X7 is aligned with
the column space of X, this also implies that | V£, V7, || is small.

This confirms that in the first few iterations, gradient descent indeed implicitly performs akin to
spectral initialization with the column space of U; aligned with the column space of X. However,
this does not yet fully complete our analysis for the spectral/alignment phase, since critical to the
analysis of second phase we need certain properties to hold for the signal and noise terms U, W, and
U:Wy , (see Section 5.1) rather than the singular value decomposition of U;. However, using the
properties of the SVD of U,, which are listed above, we will establish the following properties of
UtWt and UtWt7J_ .

* The column space of U; W, is aligned with the column space of X: |V, Vir,w, | < cx™2.

* The spectral norm of the noise term is not too large compared to the minimum singular
value of the signal term, i.e., 20min (UW) > U W, |-

* The spectral norm of the noise term is bounded from above in the sense thati.e., |[U;W; , | <
Omin (X)

* The spectral norm of Uy is bounded, i.e., |Uy| < 3| X|.

5.3 The saddle avoidance phase and the refinement phase

In the next two phases, we will show that the signal term U, W, WtT UtT converges towards X X T
whereas the spectral norm of the noise term, i.e. |U;W; .|, stays small. For that, we show that
throughout this process the columns of the matrices X and U, W, stay approximately aligned, i.e.,
the angle | V¥, Vis,w, || stays small. This latter property also ensures that after the spectral phase the
iterates are not too close to well known saddle points of the optimization landscape (it is known that

13
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Figure 4: Depiction of saddle avoidance and local refinement phases. In this figure we depict the
gradient field of the loss function f withn =2, r, =7 =1, m =15,and X = (1 0). The green circles
depict the two generalizable global minima of f, namely (1 0) and (-1 0). The red circle depicts
the saddle point (0 0). As this figure demonstrates starting from small random initialization after a
while the trajectory moves away from the saddle (i.e. avoids it) and then converges to one of the two
generalizable global optima (i.e. the local refinement phase).

this problem may have degenerate saddle points at a point U obeying rank(U) < r, [41]). See Figure
4 for a depiction of the gradient flows of the landscape when r, = 1.

Next we sketch the proofs of Phase II and Phase III in more detail.

Phase II: In this phase, we will show that the minimal singular value of the signal term, oin (U W5)

grows exponentially, until it holds that o, (U W;) > ‘7‘““7\/%() To this aim, we show that

1
i (U1 Win) 2 0min (VEUis1) 2 oumin (VEU,) (1 + 20 (X) = o (VE Ut))

holds under suitable assumptions (see Lemma 9.1). In order to show that the spectral norm of the
noise term | U, W, , | grows much slower than oy, (Uz+1Wis1), we establish the inequality

“ Ut+1Wt+1,J_H
(13)

< (1= 10 P 4 9uIVE Vi JIXI + 20 (A A= 1) (XX - 007 |) [0
(see Lemma 9.2). The next inequality (see Lemma 9.3) shows that |V, Vi, w, || stays sufficiently
small

H‘/)j(1 VUt+1 Wi H
< (1 - %afnm (X)) IV Vi, | +100p] (1d - A*A) (XXT - U,U7) | + 50007 | XX T - DU

As mentioned above, this implies in particular, that Uy stays sufficiently far away from saddle points
U, which are rank-deficient, e.g., rank (U ) < Ty

Phase III: After we have shown that oy, (U W) > ““7\/1%() holds for some ¢, we enter the local

refinement phase. We start by observing that the error | X X7 - U,U[ || r can be decomposed into
two summands, i.e.

00" - XX | p <4V (XXT =UUL) | p + |UW WU | . (14)
(see Lemma B.4). We will bound the second summand by using inequality (13), which is also valid

for the third phase. We will show that the first summand decreases at a linear rate. For that, we

14
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Figure 5: Impact of different levels of overparameterization on (a) the angle |V, V7, | and (b) the . th
largest singular value, (c) the trajectory of the (normalized) test error |U;Ul — X XT'| /| X X7 | £.

establish the inequality

HV}; (XXT_UtHUt:Cd) HF
H 2 T T T 0—12nin (X) T 77T
< (1= s (0 IVE (XXT U7 | + a2 =2 00, WE U e

Hence, by using inequality (14) we will be able to show that |U; U — X X' | £ is decreasing, as long
as the spectral norm of the noise term stays sufficiently small.

6 Numerical experiments

In this section, we perform several numerical experiments to corroborate our theoretical results.

Experimental setup. For the experiments we set the ground truth matrix X € R™*"* to be a random
orthogonal matrix with n = 200 and r, = 5. Moreover, we use m = 10nr, = 50n random Gaussian
measurements. The initialization U is chosen as in Theorem 3.3 and we use a step size of = 1/4
which is consistent with these theorems. We note that while all experimental depictions are based on
a single trial, in line with the NeurIPS guidelines we have drawn these curves multiple times (not
depicted) and the behavior of the plots do not change.

Depiction of the three phases and the role of overparameterization. In our first experiment, we
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want to examine how increasing the number of parameters via increasing the number of the columns
r of the matrix U; € R™™", affects the spectral phase. To this aim we set the scale of initialization
toa=1/ (70n2). Recall from Section 5 that L denotes the subspace spanned by the eigenvectors
corresponding to the leading r, singular values of A* A(X XT) and L, denotes the subspace spanned
by the left-singular vectors corresponding to the largest 7, singular values of U,.

Spectral phase and alignment under different levels of overparameterization. First, we examine how

the angle between these two subspaces (i.e. | V. V7, |) changes in the first few iterations. We depict
the results for different  in Figure Sa. We see that in the first few iterations, i.e. in the spectral phase,
this angle converges towards zero. This confirms the main conclusion of this paper that the first few
iterations of gradient descent from small random initialization indeed behaves akin to running power
method for spectral initialization. This experiment also shows that changing the number of columns
r of U, has an interesting effect on the spectral phase. In particular, increasing r allows the gradient
descent algorithm to learn the subspace L with fewer iterations, i.e. |V V7, | becomes small with
fewer iterations. This is in accordance with our theory for r, < r < n (see, for example, the first
summand on the right-hand side of equation (9)), where we show that more overparameterization
allows gradient descent to leave the spectral phase earlier. Interestingly, this improvement continues
to hold even when increasing r beyond n allowing for even faster convergence of |V V7, |. This
holds even though in this case the rank of Uy is still not larger than n. One potential explanation for
this phenomenon might be that for such a choice of r the matrix Uy is better conditioned.

Growth of o, (U;) and saddle avoidance. In Figure 5b we depict how o,., (U;) grows during the
training for different choices of . We see that the curves look similar, although for smaller r the
growth phase sets in at a slightly later time. This is due to the fact that for smaller 7, as we have seen
in Figure 5a, Phase I, the spectral phase takes longer to complete.

Evolution of the test error and the refinement phase. Similarly, in Figure 5c we depict how the

(normalized) test error | U; UL = X XT'|| /| X XT'|| p evolves during the training for different choices
of r. We observe that for smaller r the third phase sets in slightly later. Again, this is due to the fact
that for smaller r the spectral phase takes slightly longer to complete (see inequality (9)).

Test error under different scales of initialization. In the next experiment, we focus on
understanding how the scale of initialization « affects the generalization error |U,Ul - X XT|2..
For that, we set r = 180 and run gradient descent with for different choices of a. We stop as soon as
the training error becomes small (f (U;) < 0.5-107). We depict the results in Figure 6. We see that
the test error decreases as « decreases. In particular, this figure indicates that the test error depends
polynomially on the scale of initialization .. This is in line with our theory, where we also show that
the test error decreases at least with the rate o>/ (see inequality (6) in Theorem 3.3).
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Figure 7: Change of test error |U;U; — X X7'||2, and train error f (U;) for (a) small and (b) large o
during training.

Change of test and train error during training. In the next experiment, we set = 180 and examine
how the test error |U,UL — X XT'||% and the train error f (U;) changes throughout training and, in
particular, how this depends on the scale of initialization. To this aim, we run gradient descent with
4 -10° iterations. We see that for a small scale of initialization, o = 10~3, which is the scenario
studied in this paper, both test error and train error decrease throughout training.

We observe that in the beginning, as described our theory, both test and train error decrease rapidly.
After that the decrease of both test and train error slows down significantly. Moreover, the train error
converges towards zero, in contrast to the test error. One reason for the slow convergence in this
phase might be that U, is ill-conditioned in the sense that o, (U;W;) is much larger than |U;W; | |.
It is an interesting future research direction to extend our theory to this part of the training.

For large scale of initialization a = 0.5, we observe a very different behaviour. We see that the train
error converges with linear rate until machine precision is reached. However, the test error barely
changes throughout the training. This scale of initialization corresponds to the lazy training regime
[34], where the parameters stay close to the initialization during the training. We depict the results in
Figure 7.

Number of iterations until convergence: In the last experiment, we set o = 1072 and examine how
many iterations are needed until the test error |U; U — X X7'||% falls below a certain threshold of
10~* for different values of r obeying 5 < r < 30. For each choice of  we run the experiment ten
times and then average the number of iterations for each choice of r. The results are depicted in
Figure 8. We observe that increasing the number of columns r from 5 to 10, i.e., a small amount of
overparameterization, decreases the number of iterations needed. After that the number of iterations
needed stays roughly constant. This observation is in line with Figure 5, where we have seen that
overparameterization leads to fast decrease of the test error in the spectral phase (with diminishing
speedup as r becomes larger and larger) without affecting the other two phases.

7 Preliminaries

Before we are going into the details of the proof, we are collecting some useful definitions.

7.1 Notation

For any matrix A € R"**™2 we denote its spectral norm by | A|| and the Frobenius norm by | A| r =
/Tr (AAT). By | A| . we denote its nuclear norm, i.e. the sum of the singular values. Moreover, for
two symmetric matrices A, B € S¢ we define the Hilbert-Schmidt inner product by (A, B) = Tr (AB).
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Figure 8: Number of iterations required for the test error to fall below 10~ for different levels of
overparameterization.

For a positive semidefinite matrix A we denote its square root by A'/2, i.e., the unique positive
. . . . -1
semidefinite matrix B for which it holds that B? = A. We also set A~/2 = (Al/ 2) .

For any matrix A € R%*92 we will denote its singular value decomposition by A = V4X 4 W1 with
Vi e RUXT W4 e R2XT 34 € R™7 where 7 denotes the rank of A. Moreover, by V. € R(d1-F)xdy
we denote an orthogonal matrix, whose column span is orthogonal to the column span of the matrix
V. Similarly, if U ¢ R™ is a subspace of dimension 7, we will denote by Vi; € R™*" a matrix, whose

column span is the subspace U. Similarly as before, we will denote by V7. € R™("™™) a matrix

whose column span is orthogonal to the column span of U.

We will measure the angle between two subspaces Uy, Uz © R™ by ||V,5, Vi, |. Moreover, we will
1

also several times rely on the well-known identity (see, e.g., [63, Section 2])

IV Ve | = Vo, Vi, = Vi Vi, |-

7.2 Restricted isometry property and related properties

As discussed in Section 2, we are going to assume that the measurement operator A satisfies the
restricted isometry property. However, as it turns out, the following two slightly weaker properties
will suffice for our proof.

Definition 7.1. The measurement operator A : S™ — R™ satisfies the spectral-to-spectral restricted
isometry property of rank r with constant § > 0, if it holds for all symmetric matrices Z of rank at
most r that

| (ld - A" A) (Z) | < 4] Z].

Definition 7.2. The measurement operator A : S™ — R™ satisfies the spectral-to-nuclear restricted
isometry property with constant § > 0, if it holds for all symmetric matrices Z hat

| (ld - A" A) (2) | < 6] 2]

The following lemma shows that these two properties are induced by the standard restricted isometry
property (Definition 3.1).

Lemma 7.3. Let A : S™ — R™ be a linear measurement operator. Then the following two
statements hold.

1. Suppose that A has the restricted isometry property as in (3) for all matrices of rank r + 1
with constant 61 < 1. Then A has the spectral-to-spectral restricted isometry property of
rank r with constant \/r0;.
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2. Suppose that A has the restricted isometry property as in (3) for all matrices of rank 2
with constant §o < 1. Then A has the spectral-to-nuclear restricted isometry property with
constant 0.

Proof. From [37] it follows that if A has the restricted isometry property of rank r + r’ with constant
0 < 0, then it holds for all matrices Z with rank at most » and all matrices Y with rank at most r’ that

((1d-A*A) (2),Y)| = [(A"A(2).Y) = (Z.Y)| < 01| Z|p[Y | - (15)

In order to prove the first statement it suffices to note that there is a vector v € R™ with [v|,, = 1 such
that

| (1d-A"A) (2) ] = ((1d - A" A) (2) ,00").
The claim follows from (15), |v|,, = 1, and from | Z| < /7] Z].

In order to show the second claim consider the eigenvalue decomposition Z = Y , )\iviviT . We
compute that

[ (= A A) (2)] < 32 IAd]] (1d A A) (00T |

i1
n T

<0 ) Nillvivy |
i=1

=],

where in the second inequality we used the spectral-to-spectral restricted isometry property, which
holds due to the first part of this proof. This finishes the proof of the second statement. O

8 Analysis of the spectral phase

In the following we will provide an analysis of the spectral phase, where the proofs of the technical
lemmas are deferred to Appendix A. Our first goal is to show that in the first few iterations Uy can be

approximated by
t

Up = |1d+ p A" A(XXT) | Uy = Z,Up,
SN——
=M

where we have set
Zy=(1d+pM)" .
Next, we define _ _
t* := min {Z eN: HUj,_l - U¢_1|| > HUZ—1H} .
The next lemma shows how well U; can be approximated by U, for t < t*. To formulate it, we set
Et = Ut - Ut.
Lemma 8.1. Suppose that A satisfies the rank-1 RIP with constant 61. For all integers t such that
1 <t <t* it holds that
4

|Eell = |U: - Te]| < WQS min {rin} (1+61) (1+phy (M))™ U],

The next lemma gives a lower bound for ¢*. In particular, this shows how long the approximation in
Lemma 8.1 is valid.

Lemma 8.2. Let U, be as defined before and consider the eigenvalue decomposition A* A (X X T) =
> )\iviviT . Then we have that

t* >

M (M) UG v,
In (4a2(11+51)|U|3 (amin{“l’j}
2In (1 + pA (M)) .
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Next, recall the relation _
Ut :Ut+Et :ZtUo+Et

and denote by L the subspace spanned by the eigenvectors, which correspond to the largest r.
eigenvalues of the matrix M = A* A (X X T). Note that L is also the subspace spanned by the
eigenvectors corresponding to the largest 7, eigenvalues of the matrix Z;. Denote by L; the subspace
spanned by the left-singular vectors of U; = Z,Uy + E, which corresponds to the largest r, singular
values.

Since Z; is computed via a power method we expect for ¢ large enough that A, (Z;) > A\, 41 (Zy).
Moreover, if, in addition, | E;| is sufficiently small, we expect in this case that the subspace L is
aligned with the subspace L;. This is made precise by the following lemma.

Lemma 8.3. Let Z; € R™" be a symmetric matrix. Let U € R™*" be a matrix and let E; € R"*". Set
Uy = aU for some a > 0. Moreover, assume that

E
or a1 (Z) U] + % <or, (Z) omin (VI U). (16)
Then the following three inequalities hold.
or, (ZUo + By) > aoy, (Z;) omin (VI U) = | B4, (17)
Or,+1(ZeUo + Et) < a0y, 41 (Ze) U] + [ Ee (18)

aor, 1 (Z) [U] + [ Ee|
aoy, (Z:) omin (VIU) = aor, 1 (Z) U] - | |

IVEVL | < (19)

Recall that we are interested in bounds for the quantities o, (U;W3), |V Vi, w, |, and |U:W; 4 |,
i.e., properties of the signal and noise term. However, in the lemma above, we have obtained instead
bounds for o, (U), |[VE£. VL, |, and o, 41 (Up), i.e. for the singular value decomposition of Uj.
However, if | V£, V7, || is small, these quantities are closely related to each other, as the next lemma
shows.

Lemma 8.4. Assume that |V{.VL,| < § for some t > 1. Then it holds that

1
or, (UW) > 50,,* (Uy), (20)
HV)%ZVU,/W,/ H < 7”V)’1(—'1VL1 H7 (21)
|UWe 1| < 207,41 (Ur) . (22)

By combining Lemma 8.3 and Lemma 8.4, we obtain the following technical result.
Lemma 8.5. Let X X7 be a low-rank matrix of rank r,. Assume that

M=A"A(XX")=XX" +E,

with |E| < 6, (XXT), where § < ¢ where €1 > 0 is a sufficiently small absolute constant.
Furthermore, set £y = U, — f]t. Moreover, assume that

— Q0r, +1 (Zt) HUH + HEt H <EQ/Q_2 (23)

aor, (Z;) omin (VAU)

where G5 > 0 is a sufficiently small, absolute constant. Then it holds that

Ouin (VW) 2 S 01, (Z2) 0in (VU 4)
-2
K
|UW1 ) < =0, (Z) omin (ViU), (25)
VSV, w, | <56 (5 +7). (26)

In order to utilize Lemma 8.5, we need to insert bounds for the approximation error | F;|, which we
have derived in the Lemmas 8.1 and 8.2. This yields the following lemma.
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Lemma 8.6. Fix a sufficiently small constant ¢ > 0. Let U € R™". Assume that A has the spectral-
to-nuclear restricted isometry property for some constant 61 < 1. Moreover, assume that

M=A"A(XXT)=XXT +E,

with | E| < 6\, (XXT), where § < ¢ik~2. Denote by L the subspace spanned by the eigenvectors
corresponding to the v, largest eigenvalues of the matrix A* A (X X T). Let Uy = aU, where

e X2 212 |U
2 cfXI ( Ul 0Tul,), @

1
. T
“ 32min {r;n} kU3 \ c30min (VLTU)) i (Umm (Viu);|

where vy denotes the eigenvector corresponding to a leading eigenvalue of the matrix A* A (X X T).
Assume that the step size satisfies yu < car~2| X |72 Then after

fo 1 L__2+1Ul
©po ()2 \esomin (VIU)

iterations it holds that

|U [ < 31X, (28)

Omin (U, W3,) 2 %5’ (29)
I’i_2

|U, Wy, 1]l < ?Oéﬁ, (30)

HV)Z(—LVUt*Wt* H < CK_27 (31)

where 3 > 0 satisfies

(32)

2
w2 U __ sup?
€30 min (VLTU) 20 min (VLTU) '

Omin (VLTU) S 6 < Omin (VEU) (

Here ¢y, co,c3 > 0 are absolute constants only depending on the choice of c.

Note that the result above holds for any initlialization U. To complete the proof we are going to
utilize the fact that U is a random matrix with Gaussian entries. This yields the following lemma,
which is the main result of this section.

Lemma 8.7. Fix a sufficiently small constant ¢ > 0. Let U € R™" be a random matrix with i.i.d.
entries with distribution N (O, 1/ \/77) and let 0 < € < 1. Assume that A has the spectral-to-nuclear
restricted isometry property for some constant 61 < 1. Moreover, assume that

M:=AAXXT)=XX"+E,
with |E|| < 6\,, (XXT), where § < c1172. Let Uy = aU, where

-12x2
VI (5,2, /) Frsor
a2 < =ndl2 min{r;n} f - * . (33)

2
I1X)2 ( 2x2v/rm \ 12"
n3/2k e €

ifr <2ry
Assume that the step size satisfies ji < cor™2| X ||?. Then with probability at least 1 — p, where

{O (exp (=cr)) ifr>2r,

(C’a)r_r*Jrl +exp(-ér)  ifr<2r,

the following statement holds. After

L ~ln(2/£2 oy oon ) ifr>2r,

t. <l wor (Xx)? min{r;n}
* N 2
oo I (22) <2,



iterations it holds that

|0 [ < 3] X1, (34)
«@
Omin (Ut* Wt*) 2 Zﬁa (35)
(o2
U, Wi, 4| < B, (36)
|V, Vo, w,. | € k2, (37)
where 3 > 0 satisfies
nlﬁ}4 .
< | @ty Y2
Tl ifr<2r,
3

as well as

52{1 ifr>2r,

< ifr<2r,’

Here cq,co,c3 > 0 are absolute constants only depending on the choice of c. Moreover, C,¢ > 0 are
absolute numerical constants.

The proof of Lemma 8.7 requires the following theorem, which gives a non-asymptotic lower bound
for the smallest singular value of a Gaussian matrix.

Theorem 8.8. [64] Let G € R™*" with r, < r and i.i.d. Gaussian entries with distribution
N (O, 1/\/7_") Then for every e > 0 we have with probability at least 1 - (Ce)" "' —exp (~cr) that

Tonin (G) 2 g\/;_i Vr*_l_
T

7

The constants C, ¢ > 0 are universal.

With this theorem in place we can prove Lemma 8.7.

Proof of Lemma 8.7. We will deduce this statement from Lemma 8.6. For that we need to estimate
1T, omin (VLT U ), and ||U Ty H ., Itis well-known (see, e.g. [40, Section 4]) that with probability
atleast 1 — O (exp (—cmax {r;n})) it holds that

U] Vmax{rin} Jr = [oomees (38)

Next, note that again due to rotation invariance of the Gaussian measure the vector U7 v; € R” has
i.i.d. entries with distribution A/ (0,1/,/7). Hence, with probability at least 1 — O (exp (—cr)) it
holds that

U7, =1. (39)

Next, we note that due to rotation invariance of the Gaussian distribution the matrix VLT U eR™"
has i.i.d. entries with distribution N (O7 1/ \/7_“) Moreover, note that using the elementary inequality
Vi-z<1- i we obtain that

\/7_"—\/—7"*—1>\/__\/ﬁ(1—21*)> 1 ifr>o2r, w0
NG - NG ~ % else '

In order to proceed we are going to distinguish the following two cases.

Case 1: r > 2r,
Note that by choosing ¢ > 0 appropriately, we obtain from Theorem 8.8 combined with inequality
(40) that with probability at least 1 — O (exp (—cr)) it holds that

Omin (VEU) Z 1. (41)

22



By combining the inequalities (38), (39), and (41) with Lemma 8.6 the claim follows in the case that
r2 27"*.

Case 2: r, <71 <21,
Similar to the first case, we note that by choosing € > 0 appropriately, we obtain by applying Theorem

8.8 combined with inequality (40) that with probability at least 1 — (C’E)T*T*Jr1 —exp (—cr) it holds

that .
Omin (VI:‘FU) 2—. 42)
r

By combining the inequalities (38), (39), and (42) with Lemma 8.6 the claim follows. O]

9 Analysis of the saddle avoidance and refinement phases

Before stating and proving the main result of this section, Theorem 9.6, we will first collect some
useful lemmas. Their proofs are deferred to Appendix B.

In Phase IT we will show that oy, (U;W;) grows until it reaches o, (U W;) > ‘7“““7\/1%(). For that,
we note
Omin (Ut Wt) (g) Omin (UtWt WtT)
> Omin (Vi UW W)

(2) Omin (VgUt) )

where (a) and (b) follow from the definition of W;. Hence, in order to show that oy, (U:W3) >

Umin(X) o . T O'min(X)
Fmiisl it suffices to show that o,y (VX Ut) > e

shows that o i, (V; Ut) grows exponentially.
U <3| X

. For that, we will use the next lemma, which

Lemma 9.1. Assume that p < c| X || 2k72, , and that |VE Vi, w, | < ex™t. Moreover,

suppose that

| (A" A= 1d) (XXT - UU]) | < copyyy (X)) (43)
Furthermore, assume that V}; U, has full rank. Then it holds that

1
Tamin (Va Uts1) 2 Omin (Vi U1 W) 2 0min (Vi U) (1 + Zuaiﬁn (X) - o2, (V)?Ut)) .
Here c > 0 is constant, which is chosen small enough.

The next lemma will allow us to show that the noise term |U, W, , |
Omin (V;UtJrl)-
Lemma 9.2. Assume that ju < cmin {| X |7 | (A*A-1d) (XX - UUL) | '} and that |U,| <

3| X|. Moreover, suppose that V- Uy.1 Wy, has full rank and that |V, Vi, w, | < k™. Then it holds
that

is growing slower than

HUt+1Wt+1,J_ H

< (1= BITWL 12 + 9l VE Ve L IX 2+ 20 (A" A= 1) (XXT = D07 ) ) [0 Wi

Here, ¢ > 0 is an absolute constant chosen small enough.

The next lemma shows that the angle between the column space of the signal term U;W; and column
space of X stays sufficiently small.

Lemma 9.3. Assume that U W, || < 20min (UWy) and |Uy| < 3| X | holds. Moreover, assume

that
| (1d - A*A) (XXT - U UL | < cotp (X)), (44)
Vs Vow,| <c, (45)
p< R X)) 73, (46)
|U:W; ] < x| X (47)
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where ¢ > 0 is a small enough constant. Then it holds that
T
H ‘/X'l VUt+1 Wf+1 H

(1 - Zamm (X)) |V Vi, | +100u| (1d - A*A) (XXT - DU || +5000° | XX T - UU] |2

The next lemma will show that we have |U| < 3| X | for all ¢, a technical assumption which is
needed in the above lemmas.

Lemma 9.4. Assume that |Uy]| <

and

1
- 27X
| (A A-1d) (XX -UU]) | < | X
Then it also holds that | U1 || < 3| X|.

With these lemmas in place, we will be able to show that o, (U;W;) > ”7\/1%){) holds after
sufficiently many iterations. Hence, we can enter Phase II1, the local refinement phase.

The next lemma is concerned with this third phase. It shows that U, W, W, U} converges towards
X X7, when projected onto the column space of X. We are going to provide a somewhat more
general version of the lemma than what is needed in the proofs of our main results, since it may be of
independent interest. For that, let ||| be a matrix norm, which satisfies || ABC|| < || A||B]|||IC for all

matrices A, B, C. Furthermore, we assume that || A = [|A” | for all matrices A. For example, this
property is fulfilled by all Schatten-p norms.

Lemma 9.5. Assume that |U| < 3| X|| and that o min (UW;) > ﬁomm (X). Moreover, assume

that p < ck L Vo,w,| < ek™?, and

max {[|(1d - A*A) (XX -U.UL ),

(XXT-U0U") |} <ex”?|XXT - U,

where the constant ¢ > 0 is chosen small enough. Then it holds that

IVE (X7 VeVl < (1 om0 IVE (XXT 007 2 i, w o)

When applying this lemma in our proof, we are going to set ||| = | - | 7. However, we believe that
this lemma might be of independent interest, as it shows that U; U converges linearly towards X X
with respect to several different norms.

Having collected all the necessary ingredients, we can state and prove the main theorem of this
section.

Theorem 9.6. Let {U;} c R™" be the sequence created by the gradient descent algorithm. Assume
that i1 < cyk~4| X||72 for a sufficiently small constant c¢,. Moreover, assume that A satisfies the
restricted isometry property for rank-(2r, + 1) matrices with constant § < c1k -4 [\/T~. Lety >0 and
choose the iteration count t, such that opin (Up, Wy, ) > . Furthermore, assume that the following
conditions hold:

1U:, W, 1| <27, (49)
10 < 31X1, (50)
Omin (X)
SC——F T 5 51
7_C2min{r;n}n27 D
HV}(l VUt* Wy, ” < C2H_2' (52)
Then after
- 1 . X
-ty §———=n (max{l il } H |) (53)
HOmin (X) min {T ’I’L} Y

iterations it holds that
HUngT - XX F < il (min {r;n} - 7'*)3/8 ~A21/16
[ X2 ~ k3/16 |x|21/16
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Remark 9.7. The proof of Theorem 9.6 shows that the number of iterations needed to complete

Phase 11 is smaller than
1 in (X
t—t, < . ln(amln( ))
KO hin (X) Y
and that the number of iterations needed to complete Phase III is smaller than

t—t1 < ¥ln max+ 1; T | X1 .
pol. (X) min {r;n} -r.| =

Proof of Theorem 9.6. Phase II: In this phase, we will prove that oy, (V; Ut) is growing ex-

ponentially until it is at larger than ”m%x), while |UW; |

set

| stays grows much slower. For that,

Omin (X) }

We will prove by induction that for ¢, < ¢ < ¢; the following inequalities hold:

t1 := min {t >y ! Omin (V)?Ut) 2

1 1 t—t
mmJng)2§(1+§mﬁm(X» 7 (54)
t—t,
|UW 1| <2(1+80ucaoy, (X)) 7, 55)
”V}(Z VUtWt H < CQH_Q. (57)

Note that when the inequalities above hold, then from the definition of ¢; above and inequality (54)

we can derive that
1 min X
bt 10y, \/EUU | 58)
uarrlin (X) 2 Y

For t = t., we first note that inequalities (55), (56), and (57) follow directly from our assumptions. In
order to prove inequality (54) we note that

(a) 1 (]
Omin (V;Ut*) 2 Omin (V)?VU“W,,* ) Omin (Ut* Wt*) 2 §Umin (Ut* Wt*) 2 %7

where inequality (a) is a consequence of assumption (52) and inequality (b) follows from the
definition of . Assume now that we have shown these four inequalities for ¢. In order to prove them
for ¢ + 1 we note first that

| (A*A-1d) (XXT -U,U]) |
(a)
< (A A-Td) (XXT -UW W US) |+ | (A*A-1d) (UW, WU |

(b)
<SS XXT -uw WU |+ s|uw, WU
<6/ (I1X17 + | UWL?) + 8| U WL US|

(59)

(c)
<100/, | X || + 6 (min {r;n} —r.) |[U;W; ||

(d) 2(t—t)
<1061 K 20min (X)? + 46 (min {r;n} - r,) (1 + 801C20min (X)Q) 2

(e)

<10¢1 6 2 0min (X)? + 86 (min {r;n} = 7.) omin (X)l/4 AT/

()

<40¢1 K720 min (X)2 .
In inequality (a) we applied the triangle inequality and for inequality (b) we used the restricted
isometry property as well as Lemma 7.3. Inequality (c¢) is due to the induction assumption (56).

In inequality (d) we used the assumption § < ¢;x~* as well as the induction assumption (55). For
inequality (e) we used t < ¢; as well as (58) and for inequality (f) we used (51).
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Next, we observe that by Lemma 9.1 we have that

Omin (VX Uts1Wis1) = Omin (Vi Ups1)
> omin (VX Ura W)

2 Omin (VgUt) (]- + iuo'?nin (X) - Morzrlin (V;U))

Qs (Vi) (1 + ;uamm (X)) .

In (a) we have used that o, (V}; Ut) <

sumption, this implies inequality (54). Moreover, the inequality chain above shows that V; U1 Wi
has full rank. This allows us to apply Lemma 9.2, which implies that

O min (X ) 4 1 1 1 -
BVURE which follows from ¢ < ¢;. Using the induction as

[ Wi ol < (1= 5 10V |2+ OV Vi 112 + 2] (A" A=10) (XXT = GUT) ) JUWe|

)
(1 +80pca0? ( )) U, |

<2(1+80ucaots, (X))t+17t*

7

where in inequality (a) we used (57) as well as (59) and that the constant ¢; is chosen sufficiently
small. This shows inequality (55). Next, due to inequality (59), our induction assumptions, and
Lemma 9.4 we obtain that |U;,1 | < 3| X||, which shows inequality (56).

Next, we note that by Lemma 9.3 we have that

H V;i VUt+1 Wi H

<(1- Ko, (X)) IV Viaw, |+ 100u] (14 - AA) (XXT = GUT) | + 50022 | X X7 - U U]
(a)
< ( 7 Tmin (X)) IVE Vi, w, | +2000¢1 152 0min (X)* + 5000042 | X |4

©) T -2 2 -2

< cain X)) IV Vu,w, | +2000¢; k™" o min (X)) + 50000¢; puk amm (X)

(c)
< (1 P (X)) o2 + 2000 k2 0min (X)? + 50000 pk 202

4 mm

(X,

min

where in inequality (a) we used the induction hypothesis (56) as well as (59). Inequality (b) follows
from inequality (59) and our assumption on the step size . In inequality (¢) we used the induction
assumption |Vi£, Vir,w, | < cor™2. By choosing the constant ¢; > 0 small enough, this implies
inequality (57) and, hence, finishes the induction step.

Note that from the definition of ¢; and from inequality (54) the inequality (58) follows. Hence, we
obtain that

(a) t t*
U Wy 1| < 2(1+80pcaot, (X))

(©) c
<2 (Umin (X) /’Y)SO 2y

1/8
(S) 5 (O'mm (X)) y
Y

= 20min (X)1/8 '77/87

(60)

where inequality (@) follows from inequality (55) and inequality (b) follows from (58). Inequality
(¢) follows from choosing ¢o > 0 small enough. This finishes the proof of the second phase.

Phase III: In the third phase, we analyse the refinement of the signal U;. For that, we set

. N X 7/4
t::t1+[3m21n(5,{1/4 G I H4 )J ©1)
HOmin (X) 8 min {T; n} T 77/
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Similar as in Phase II, we are going to show inductively that the following inequalities are fulfilled
fort; <t<t

Omin X
Omin (UsW2) 2 0 (VU 2 ¢1(—o) 62)

t—t
[UW | < (14 80pca0t, (X)) U, Way 1|, (63)
1T < 3] X, (64)
Vs Vo,w, || € cor™, (65)

t—t1

VE (XXT 007 [ < 1007 (1- oo, (X)) X2 (66)

For t = t; we note the inequalities (62), (64), and (65) follow from the results in Phase 1. The
inequality (63) follows directly from setting ¢ = ¢;. For ¢t = ¢;, inequality (66) follows from the
observation that

IV (XXT =0, UL) [r = Vi (XXT = U, Wi, Wi UL e
<IXXT|p+ U Wi, WU 5
<V (IXXT ]+ U, W, WU
<10/ X%,
where we have used that Uy, Wy, | < |Uy, | < 3| X | by induction assumption (64).

For the induction step from ¢ to ¢ + 1, we note first that with similar arguments as in Phase 1 we can
show that

(A" A-10) (XXT - 007 |
3105\/ﬁ|\X|\2 +6 (min{r;n}-r,) HUtWt,LHQ

(a) 2(t—t1)

2 10¢1 520 min (X)2 +46 (min{r;n} —r,) (1 + 80C20min (X)Z) ' O min (X)l/4 77/4

(b - X 7/4 0(02)

<1015 20 min (X)? + 46 (min {r;n} - r,) §/{1/4 — 1] Omin (X)1/4 AT/
8 min {r;n} -r, ~7/*

(c)

< 4001/‘3720—min (X)2 s
where in inequality (a) follows from (63). Inequality (b) follows from (61) as well as the elementary
inequality In (1 + x) < . Inequality (c) follows from the assumption 7y < ¢y %

in a position to apply our technical lemmas. We note that by Lemma 9.1 we have that
Omin (Utst Wis1) > 0min (V5 Ue1) 2 Omin (Vy Uit Wi)

> Omin (V;Ut) (1 + i,uomin (X)2 — 1O min (V;Ut)z).

. This puts us

=(*)
Note that for oy, (V; Ut) < %O’min (X) it holds that (*) > 1 and thus it follows that (62) holds for
t + 1 in this case. In the case of %amin (X) < Omin (V}; Ut) we obtain that

(@) ®)
(%) 2 1 = pomin (VET,)® 2 1-9p) X2 5 4/5,
where in inequality (a) we used the induction hypothesis (56) and in inequality (b) we used the
assumption < ¢y~ | X || 2. Hence, we have shown that also in this case the inequality (62) holds
fort +1.

Note that the previous inequality chain also implies that V£ Uy, W, is invertible. Hence, in a similar
way as in Phase II for inequality (55) we can verify that (63) holds for ¢ + 1.

Note that from Lemma 9.4, induction assumption (56), and the assumption on the step size p it
follows that ||U;11] < 3| X||. Moreover, inequality (65) can be shown analogously as in Phase 1.
Next, we note that due to the restricted isometry property we have that

| (d-A*A) (XXT -UU]) |F <aix?|XXT - UU | P,
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which shows that inequality (48) is fulfilled (with ||| being the Frobenius norm | - || 7). Hence, we
obtain from Lemma 9.5 that

IV (XXT = UpnULY) | F

min X
min (X))

100 Wy WU e

< (1 - 2—’(“)‘()amin (X)2) WVE(XXT-TUT) |r+p

t—tq 2
M Omin (X)
<10Vr*( U“““( ))( 400“““()()2) 11+ =05

where in the last mequality we used the induction assumption (66). We note that this shows (66)
holds for ¢ + 1, if we can show that

[UWe WU s

5

S (1= oo (X)) 1P 7

HUtWt,thTLUgHF < 2 00

For that, we note that
|UW WU e < V/min{r;n} - UW, L
2t-t1)
<4y/min{r;n} —r, (1 + 804420 min (X)Q) ' Omin (X)1/4 77/4,

where in the last inequality we used (60) and (63). Hence, for co > 0 small enough, inequality (67) is
implied by

8 [min{r;n}-r., 174 1 =t
z ——  Omin (X) / 7/4 (1 70”11“ (X) ) HXH2

5 Ty 350
By rearranging terms and using the elementary inequality In (1 + z) > —%, we see that this in turn is
implied by
fotyc— 290 (2 I | X
— < n —_ . .
1 (O min (X)2 8 min {7’, TL} —Tx ,-Y7/4O.min (X)1/4

Hence, (61) shows (67), which shows inequality (66) for ¢ + 1. This finishes the induction step.

Conclusion: In order to finish the proof we note that

(a)
[UUF - XX 1w '€ 4|VE (XXT - UUT) |+ |UW; W UF |

t,L~t

Q (1 L 0?) e

_3/4
© 5 1/4 Tx | X7 2
N - X
< w—( s [t ) i

< 7/_1/8/{—3/16 (mln {’I"; TL} _ 7’*)3/8 721/16 HXH11/167
where inequality (a) follows from the triangle inequality and the definition of W;. Inequality (b)
follows from (66) and inequality (67). In (¢) we used the definition of .

In order to finish the proof we need to show (53). For that we note that

300 (5 = 1X |2 )
-ty < —2 |2 . .

fomin (X)? \ 8V min{rn} —r. 74 o (x)YA

_ 300 (5 x|
= | gk — o
U0 min (X) min{r;n} -r. =
300 - oo ) IXI
£ ———=In|min{l; — o
[0 min (X) min{r;n}-r. ) 7/

< 1 KTy 1 X
S————= In|min{1; .
HOmin (X) min {T’ n} Y
Combining this with inequality (58) shows (53). O

28



10 Proof of the main results

10.1 Proof of Theorem 3.3
Proof of Theorem 3.3. Set E = A*A(XXT) - XXT. From the spectral-to-spectral restricted
isometry property, which follows from Lemma 7.3 as well as from our assumption on the restricted
isometry property, it follows that

|E] =] (1d-A"A) (XXT) | < x| X|? = ch 20min (X)7. (68)

In order to finish the proof we will distinguish two cases:

Case r > 2r,: Due to (4) and (68) we can apply Lemma 8.7. Hence, with probability at least

1- 0O (exp (—cr)) after
P 2~ln(2/£2 S )
MO min (X) min {T,?’L}

iterations we have that

[T [ < 3]X1, (69)
Omin (Ut* Wt* ) 2 aff; (70)
2
|Ue, W, .| < 5 b, (71)
VXV, w, | < on™ (72)
with1 <6 S mi:?:n} . Our goal is to apply Theorem 9.6 with y = QTB. For that we need to check that
C20min (X) 0[6
— > = — 73
min {r;n} k2 7T 73)
holds. Note that since
tolX| X,

~

min{r;n} k38~ k'n

condition (73) is fulfilled, when the constant in (4) is chosen sufficiently small. Hence, by Theorem
9.6 after

t—t <1ln(ma {1' i }4”X”)
S 5 x11;—
[0 min (X) min{r;n} -r.| af

iterations it holds that

HUEUfT_XXTHF < rlf® (min{r;n}—r*)?’/8 ~A21/16

| X2 ~ 3/16 ' | X |21/16
B 18 (min {r;n} - 7‘*)3/8 (aﬁ)21/16
~ 3/16 | X |21/16
K81/16n21/167&/8 (min {r;n} - T*)3/8 Q21/16

(min {r; n})21/16 | X |[21/16

1/8
n21/16,€81/16r*/ 21/16

 (anin ryn) XV
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Note that for the total amount of iterations we have that

R 1 ) n KT« 41X
S ————= In| 2k —— | +In|max<1; —
L0 min (X) min {r;n} min{r;n} -r.| of
1 . X
= 21n(81—13 _n~max{1; - il } H ”)
L min (X) \/ min {r;n} min {r;n} —r, af
b) 1 . X
(S 2111(01/13 _n-max{l; - il } ” ”)
pomm () V win {rin) win {rin} v | o
< 1 2111( .C’mn -max{l; KTy } |X|)7
O min (X) min {r;n} min {r;n} —r, «

where in inequality (b) we have used 3 2 1 and chosen the constant C; > 0 large enough. This
finishes the proof of the first part.

Case r, <7 < 2r,: Asin the first case, we can apply Lemma 8.7. Hence, with probability at least
1-(Ce)" ™" + 0 (exp (—cr)) after

1 262/rn
[ 5 -In
HOmin (X) €

iterations the inequalities (34), (35), (36), and (37) hold with
Theorem 9.6 with v = O;—ﬁ. For that we need to check that

4

S B $ #7*. Again, we want to apply

£
T

C20min (X) O‘ﬂ
— 2>y =— 74
min {r;n} k2 77 74)
holds. Note that since
dalX| . erlX] x|

~

min {r;n} k38 ~ min {r;n} nk”  nk7
condition (74) holds true, when the constant in (7) is chosen sufficiently small. Hence, by Theorem

9.6 after
- 1 kre ) 41X
t—t, § ———=In|max{1; —_—
HOmin (X) LA Oéﬁ
iterations it holds that

T T
|U:U; - XX HF<T1/8(T—7‘*)3/8 ~21/16

BeE > 13/16 xR
P8 (= BB ()2
13/16 X |2/ie
0o \2Y1
1/8 3/8 81/16
<r S (r-r) kR () .
e |X]

Note that for the total amount of iterations we have that

. 1 2r2/rn kre | 41X
ts ———= |In| —— | +In{max{1l; —— ——
HOmin (X) € =T O‘B
w_ 1 ( St/ |X] )

Howmin (X)* -\ e(r=r)  af
(b) 1 Corrory/rn | X||
< In .
< 5 3

O min (X) e2(r-ry) o

1 Cokn? | X|
S P} In 2 : )
L0 min (X) e2(r-r.) «
where in equality (a) we have used ;- > 1, which follows from r. < r < 2r.. Inequality (b)

follows from = < /3 as well as from choosing Cy > 0 large enough. This finishes the proof.

O
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10.2 Proof of Theorem 3.4

Proof of Theorem 3.4. As in the proof of the second part of Theorem 3.3 we can show that with
probability at least 1 — C'e + O (exp (—cr,)) after

2
< 1 I ( 2k*\/n )

MO min (X) €
iterations the inequalities (34), (35), (36), and (37) hold with % $BS r'n Now define the matrix
;. by adding a zero column to Uy, , i.e.,

Ui, = (U, 0)eR™ (D),

Clearly, we can run gradient descent on Ut* instead of U;, with the same step size, which gives us

a sequence Ut*,ﬁt*+17 Utﬁg, ... to which we can apply Theorem 9.6 with v = CZ—B andr =r, + 1.
However, note that the last column always stays zero, which means that the results of this theorem
also apply to Uy, , Uy, 41, Uy, 12, - . .. Hence, after

R 1 X 1
=t S ———= In (4/<;r* 1X] ) S 5 In (4m’2 RS )
HOmin (X) Oéﬁ MO min (X)

iterations it holds that

U] - XX e (ap)™)
HXH2 ~ 53/16 ”X”21/16

<701/8 @ o 21/16
TR\ e X

o 21/16
1/8 81/16( )
=r, K .
e |X]

Note that for the total amount of iterations we have that

E—r (1 (Mf) (4’“‘2|a€|))
_ 1 " (8/<a rQ\/‘||X|)

HOmin (X)2 ae?
1 83n® | X|
< 5 In CE .
HOmin (X) € «a

This finishes the proof.

10.3 Proof of Theorem 3.5

We start by noting that in the special case r = n, the required assumptions for Theorem 9.6 are already
fulfilled at the initialization ¢y = 0. This means that in this special case we do not need to analyze the
spectral phase. This is shown by the following lemma.

Lemma 10.1. Assume that r = n and let Uy = U, where U € R™™ is an orthonormal matrix. Then
it holds that

VS Vugwo| =0
Omin (UOWO) =qQ,
1Uoll = «

Proof. Note that V; U € R™*" is an isometric embedding. Hence, a feasible choice for Wy is given
by Wy = UV, which implies that

UgWo = aUUTVy = aVyx.
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It follows that | V5L, Visyws, | = 0, which verifies the first equality. In order to see that the second
equality holds we note that
Omin (UOWO) = Omin (OéVX) = Q.

The third equality follows directly from the definition of Uy. This finishes the proof. O

Now we are in a position to give a proof of Theorem 3.5.

Proof of Theorem 3.5. By Lemma 10.1 we have that |V, Vir,w, | = 0, oumin (UsWo) = «, and
|Uol| = . This allows us to apply Theorem 9.6 with ¢y = 0 and y = «, which yields that after

. 1 kre ) 1 X
ts 721n max{l; 7} —_—
IO min (X) n—"ry «

U UL = XXT| g 8 (n—y,)® 21716
/ <

iterations we have that

1X2 ~ 13/16 | X [[21/16
ri/Sns/s o21/16
316 | X |21/16
This finishes the proof. O

11 Conclusion

In this paper we focused on demystifying the role of initialization when training overparameterized
models by showing that small random initialization followed by a few iterations of gradient descent
behaves akin to popular spectral methods. We also show that this implicit spectral bias from small
random initialization, which is provably more prominent for overparameterized models, also puts
the gradient descent iterations on a particular trajectory towards solutions that are not only globally
optimal but also generalize well.

We think that our results give rise to a number of interesting future research directions. For example,
one could extend our results to scenarios where the measurement matrices are more structured such
as in matrix completion [65] or in blind deconvolution [66]. Moreover, while our main results, e.g.
Theorem 3.3 do require early stopping, our simulations (e.g. Figure 7a) indicate that early stopping is
not needed. It would be interesting to examine whether we can remove the early stopping requirement.
It is also an interesting future avenue to examine whether the quadratic dependence of the sample
complexity m on r, in our results is really needed.

Moreover, while in this paper our main focus was on low-rank matrix reconstruction, we believe that
our analysis holds more generally for a variety of contemporary overparameterized machine learning
and signal estimation tasks including neural network training. This is a tantalizing future research
direction.
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A Proofs for the spectral phase

A.1 Proof of Lemma 8.1

Proof of Lemma 8.1. We are first going to derive a formula for U, - U,.

Claim: Set E; := pA*A(U;_1UL, ) U;_y. Then, for ¢ > 1 it holds that
0—Up= Y (1d+ pd* A(XXT)) 7 B, (75)
i=1
Proof of the claim: We will prove the claim by induction. For ¢ = 1 we note that
Uy = (Id+ pA*A(XXT - UyUy ) Uo
= (Id+ pA"A(XXT)) Uy - pA* A(UsUY ) Uo
=U, - B,
which proves the claim for £ = 1. Now suppose that the claim holds for some ¢. We obtain that
Uper = (d+ pA*A(XXT -U,U])) U,
= (Id+pA"A(XXT)) U, - pA* A(UU]) U,
= (d+pA*A(XXT)) Up - By,

where the last line follows from the definition of Fj,1. By using the induction hypthesis we obtain
that

t

U1 = (Id+ pA* A (X XT)) (Ut -3 (1d+ pA* A (X XT)) E) ~Ein

i=1
t .
= Uy = Y (1d+ p A A(XXT)) T By - By
i=1
- el . T\t 2
=Up1 -y, (Id+pA*A(XXT)) " E;,
i=1

which shows the claimed equation (75).

In order to estimate |U; — Uy | we note first that

| B = p A* A (Ui US) Uit |
< p| A A(UUL) Ui
<(1+61) p|Uina UL |« | Uica |

= (1+00) | Uia [ 51 Ui -

Moreover, we observe that

(1 p A" A (XXTY) B < J1d + pd* A(XXT) |
<(1+plAtA(XxT) )

< (L+ph (M) | B

E;

)

where in the first line we used the submultiplicativity of the operator norm and in the second line
we used the triangle inequality. In the third line we used that | A*A (X XT) | = A; (M). Hence, we
have shown that

|0 =T < 30 (1+ pAa (M) (1+61) p|Uica || Uia |- (76)
i1
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Note that for all 1 < i < t* we have that|U;_; — U;_1|| < |U;_1 ||, which implies that
Vs a2 Us ] < wim {0} [V 1|
<min {r;n} (Ui + 1 0ia - Usa])”
< 8min {rsn} [Ty |°
<8min {r;n} [Id+ pA*A(XXT) 1PV v
<8min {r;n} (1+pA (M) 2 ®|U|°.

In order to proceed assume now ¢ < t*. Then by inequality (76) and the previous inequality we obtain
that

¢ .
|0 =T < 3 (1+ pA) ™ (1+60) | Uia |3 Ui |
i=1

t . .
<8 (14 Ay (M) (1461 o (1 + pA)* 2 0¥ U

i=1
t .
=8’ pmin {r;n} (1+61) (1+pA (M) d(1+ ,u/\l)Q(l_l) lu|? a7
i=1
e (L (M)* -1,
Ul
(1+pA (M))" -1

o min {r;n} (1+01) (1+pr (M))*" U]

=8’ pumin {r;n} (1 +01) (1 + pA; (M))

<

4
A1 (M)
This shows the claim. O

A.2 Proof of Lemma 8.2

Proof of Lemma 8.2. First, we note that |U; || > HﬁtT’ul He . Then, we observe that
2
T
0, v1 = UL (1d+ pA*A(XXT)) v,

n t
=Uf (Z (1+ /,L/\Z‘)’Ui’UZ-T) v
i=1

= UOT i (1+ ,u)\i)t ’Uﬂ}iT’Ul
i=1
=(1+ ,uAl)t Ugvl.
This proves that |T,] > (1 + Ay (M))* ||Ugv1 Hzg' From this observation together with Lemma 8.1
it follows for all ¢ < t* that
U =Tl .4 (amin{r;n}
1O~ @)\ U],

)(1 +01) (1+pha (M) U,

In order to finsh the proof, we are going to derive a lower bound for ¢*. First we note that by the
definition of ¢* followed by elementary algebraic manipulations for ¢ < t* we have

4 o2 amin{r;n}
wan™ ozl

T
A (M) |Ug v,
2t 7713 1 .
= (1+pu\ (M) |U| <4a2(1+51)(amin{r;n}

! A1(M) UG vil,,
M 22 (1+6)[UE \ amin{rn}

210 (1+ phy (M))

)(1+51) (L+ A (M) U <1

12

—t<
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Therefore, we must have

A (M) ”U(?UIH
1n(4a2(11+51)|U|3 (amin{r;z’f}
t* >
2In (1 + pAy (M)

A.3 Proof of Lemma 8.3

Proof of Lemma 8.3. Proof of inequality (17): Due to Weyl’s inequality we have that
or, (ZUo + By) > 0, (ZUy) = | Et| 2 0, (V] Z,Uo) = | E4],

where the second inequality follows from the Courant-Fisher minimax theorem (see, e.g., [67,
Appendix A]). Now we note that

or, (VI 2:U0) = owin (VI 2V V] Uo)
> Omin (VI Z:V1) 0min (VI Uo)
= 0r, (Z¢) Omin (Vi Up)
= aoy, (Zt) omin (VI U).

This shows the second statement.

Proof of inequality (18): From Weyl’s inequality it follows that
or.+1 (200 + Ey) < 07,01 (ZUo) + | B (78)
Denote by U = VUEUWE the singular value decomposition of U. Then we can compute that

ZyUp) = i Z;U
7.1 (ZiUo) %) dimyer, +1 xe\I)r,lHlalflﬂzlﬂ el

max min | Z,Vy Ve Uz
V,dimV=r,+1 zeV,|z|=1

min | Z V| |U]

max
V,dimV=r,+1 zeV,|z|=1

max min || Zz|||U]|
V,dimV=r,+1 zeV,|z|=1

= aoy,+1(Z:) |U].

The first line is due to the Courant-Fisher minimax theorem and Uy = aU. The last line follows again
from the Courant-Fisher minimax theorem. Together with inequality (78) this implies the third claim.

=
=

<o

Proof of inequality (19): First, we note that
ZUo + By = ZVi VE Uy + 2,V VIR Uy + Ey.

—_—

—H
Note that since VLT Vi has rank r,, the matrix Z;Vy, VLT U must have rank r, as well. In particular,
since Z; VL VI U = Vi, VE Z, VL, VI'U this means that L is the subspace spanned by the left-singular

vectors of Z,V,VI'U corresponding to the largest 7, singular values. Due to Wedin’s sin 6 theorem
[68] we obtain that

H
VAL -
Or, (ZtVLVL Uo) — 041 (ZtUo + Ey)
) 1]
aoy, (Zy) Omin (VEUo) = 01,41 (ZeUo + Ey)

| H]|
< ;
oy, (Z) omin (VIU) = a0y, 1 (Z0) |U] - | B
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where in the last line we also used (18). (Note that the assumption (16) guarantees that the denominator
is positive, which is a necessary condition for an application of Wedin’s sin ¢ theorem.) Now we
observe that

|H| < | ZVes VAU + B < al ZVie [|U] + | Edll = aor, 1 (Z0) U] + | E4l.

Together with the previous inequality chain, this shows inequality (19). O

A.4 Proof of Lemma 8.4

Before proving Lemma 8.4, we are going to introduce some notation. Let Uy = ¥ _; ozuzv be the
singular value decomposition of U;. Define L; := Z;";l aiuiv;f and Ny := Y7 ot Oilli v . Denote by
L=V, X, Wgt and N; = Vi, X, W]:(;t the singular value decomposition of those two matrices.

We start by proving the following technical lemma. It says that if the subpace spanned by the columns
of X and L, are aligned, then also the subspaces given by I¥; and IWp: will be closely aligned.

Lemma A.1. Assume that |VL.Vy, | < 1/2. Then it holds that

20’m+1 (Ut) HV;i VLt H
ar, (Ut)

IWE Wi <

Proof. We note that

IWEWil = \/IWEW W Wiy

\/ IWEUTVx (VEUUT V) "VIUW L

-1
IOV (VEGUT V) VEU W)

\/ IWE NIV (VEUUT Vi) VEN W

=\ IWE W, S, VE Ve (VEUUT Vi)™ VEVi S WE, W |

-1
= \/”ZMVz@, Vx (VEUUI V) VEVN SN, |
Ew Ve, Vx|
Omin (V)’?Ut) .

In order to control the denominator we note that

Oumin (VEUL) = \/omin (VEUUT V)
= \/owin (VI (LLT + N.NT) Vx)
> \/owin (VEL LT Vy)
= Omin (Vs Lt)

> G (VEVi,) i (L)

> Omin (Lt) )
2

40



In the last line we have used the assumption | V£, V7, | < 1/2. Hence, we have shown that

o7 < A IV V]
t Omin (L)
20,0 (U) IV V|
B or, (Ut)
20, (U) IV Vi |
Or, (Ut)
20,1 (U) VA VL,
B or, (Ut) ’

which finishes the proof.

Now we are in a position to prove Lemma 8.4.

Proof of Lemma 8.4. Proof of inequality (20): First, we observe that due to Lemma A.1 and the

assumption |V, Vz, | < & we have that

2UT*+1 (Ut) va)j(1 VLt H
or, (Ut)

WL W < < 1/4.

Then, we note that
or, (UW)? =0, (WIUTUW,)
—or*( (L Ly + NN, We)
> o, (WL L)
> oy, (W WL,,) o, (Lt)*
= (1= IWEW?) oy, (U0

Using inequality (79) we obtain inequality (20).

Proof of inequality (21): Note that
-1
Ve Vow, = VaVuw, Vow, UiWe (Vi w, Ui We)

-1
= VL UW, (V] w,UWy)
By the triangle inequality it follows that

IWVEVow, | < [VE LWy (VEw, U | + [VIE Ny (ViE s, U) .
The second term can be bounded as follows.
|N: W

Or, (UtWt)
| NWn, W, W

or, (U:Wr)
01 (U) [WR, Wi

Or, (UtWt)

Ot (Ur) [WEW,
Or, (UtWt)
e (U) W Wi
- or, (Ur) .

-1
Ve NeWy (Vi UsWe) | <
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In order to bound the first term, we note that

-1 -1

Ve LW (Vi w, UWe) || < IV VL LW (Vi w, UWe) |
(a) -1 -1
< NVEVL ([0 (Vi UW) ™ |+ [N (Vi U2) ™ )
= [V (1+ 1N (Vorow, Ui) ™ )

© 7 | N: W]
< V J.V 1+7
% |( RLLCE
T
(c) T Or,+1 (Ut) HWLLWt H
< Vs J.V 1+ t
|Vx. Vi, I( P GATA
< vt Lt (U W5 Wil
1 +
S or (U)

(d)
< 3|V L.

In (a) we have used the triangle inequality and inequality (b) follows from inspecting the inequality
chain (80). In (¢) we used inequality (20) and (d) follows from (79). Combining our results we
obtain that

or.+1 (U2) [WE W]
Or, (Ut)

o7 (U) [V VL,
o2 (Ur)

IV Vo, | <3|V VL, | +2

<3|\ VEVL, | +4

<7V VL,

where in the second line we used Lemma A.1. This shows (21).

Proof of inequality (22): We note that

|UsWe,o

| <[ LW o || + [ N:Ws |
< LeWe || + [Nt 81)
= | LWy | +0r, 41 (Ur) .

Observe that || LW, , |

= | LWy W/ |. Then we compute that
LWy W, = Ly (14 - UTVy (VIUUT V)™ VIU)
= L, (- LTV (VIUUT V) VEU)
= L (W, W] - LTV (VEOUT V) VD).
Next, we note that
VeUU " Vx = V§ LiLI Vx + V& NN/ Vx
= Vi LW, WL L{Vy + VNN Vy

-1 -1
=ViLWr, |Wd+ (VELW,) VENN/Vx (WL LI Vx) |W[ L Vx.

=:A
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Now observe that
IVENN Vx|

Orsin (VELWL,)’
[V Vv |2 Ve [
" min (VEVL, ) 0min (Lt)?
IVEVLPor, 1 (U,)?
" Omin (VEVL) 00, (U2)?
IVEVE, [P (U)
Omin (VEVL,) ov, (U)
IVEVL, P00 (U)°
(- IVEVLR) o (U
<1/2.
In the last line we have used the assumption |V, V7, || < %. To continue note that we have
LTvy (VEUUT vy ) VED,
LTV (WELTV) " (d+ A (VEL,WL, ) VEU,
=W, (d+ A) " (VELwL,) VED,
Wy, (d+ A W+ W, (d+ A) (VELWL,) T VEN,
W WE - Wi, A(ld+ A WE + Wy, (d+ ) (VELWL,) ™ VEN,.
Note that in the last line we used that | A| < 1/2, which we have shown above. It follows that

LW, W], = LW, A(ld+ A WE = LWy, (1d+ A (VELWL,) ™ VEN,.
In particular, by the triangle inequality it follows that

_ _ -1
LWt | < | LW, A(Qd+ A) WL |+ |LeWr, (d+ A) " (VELWL,) VEN,.  (82)

|4l <

Bounding (7): In order to b;ElIn)d the first term, we note that Y
LW, A(ld+A) ' Wi
LWy, (VELWL,) VENNIVx (WELTVK) ™ (1d+ A) " W
LW, (VELWL,) " (VEVL,) VENNTV (WE LTV )™ (1d+ A Wi
Vi, (VEVL)  VENNI VY (VEV)  (WELTVL,) ™ (1d+ A) 7 Wi
It follows that

- Vi N,NI'V.
| LW, A(d+A) W | < |VE NeN Vx|

Omin (VEVL,) Ormin (14 + A) i (WI LTV, )
IVE Vi 121V 2
omin (VEVL,) (1= 4] 0. (U7)
IVEVL2or (U
owmin (VEVL,)” (L= A]) o, (U1)
IVEVL o (U)°
omin (VEVL,)” (1= Al o, (U1)

Or, +1 (Ut)
2
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In the last line we have used the assumption |V, V7, | < £ as well as | A < 1/2.

Bounding (I7): We observe that
LWy, (Id+ A (VELWL,) T VEN,
LWy, (VELW,) " VEN, - LW, A(Id+ A) ™ (VELWL,) " VEN,
Vi, (Vi) VEN,
— LW, (VELWL,) VENNT VY (WELEVy) ™ (1d+ A (VELWL,) T VEN,
Vi, (Vi) VEN,
Vi, (VEVL) VENDNTV (WE LTV ) (1d+ A (VEL, WL, ) VEN,
Vi, (VEV2) " VN, (1d- NV (WE LT Vi)™ (s A) 7 (VELW,) VEN,).
It follows that
|LW, (d+ A) " (VELWL,) ™ VEN,)

MVEV, v, (U) (1 T (U V| )
T o (VIVL,) (1= A]) oy, (U)? amin (VEVL,)?
MV Viilor.a (U (1 N orir (U2 [VEIVL, |2 )
Tmin (VEVL,) (1= A]) oy, (U)? amin (VEVL,)?
SO-T*-Fl(Ut).
2

In the last line we have used the assumption |V, VL, || < § as well as |A| < 1/2. Hence, from
inequality (82) it follows that | LW, , | < 0,41 (Uy). Inserting this result into inequality (81) we
obtain inequality (22), which finishes the proof. O

A.5 Proof of Lemma 8.5

Before we can prove Lemma 8.5 we will need a technical lemma. In order to state it, recall that L
denotes the subspace spanned by the eigenvectors corresponding to the 7, largest eigenvalues of the
matrix M = A*A (X X T) and that V7, € R™"™ is an orthogonal matrix, whose column span is the
subpace L. The following lemma, which follows from standard matrix perturbation theory arguments,
shows that for if A4*.A (X X T) is sufficiently close to X X7 in spectral norm, then L is aligned with

the column space of X. Moreover, it says that the eigenvalues of X X are close to the ones of M.

Lemma A.2. Suppose that M = A* A(XXT) = XX + E with | E| <0),, (XXT) and § < 1/2.
Then it holds that

(1-0) A (XXT) <M (M) <(1+6) M (XXT),
Aror1 (M) <6, (XXT),
Ar, (M) > (1-08) N, (XXT),
[V V| < 26.
Proof. The first three inequalities are a direct consequence of Weyl’s inequality. In order to prove the

fourth inequality, we denote by L the subspace spanned by the eigenvectors corresponding to the r,
largest eigenvalues of M. From the Davis-Kahan sin © theorem [69] it follows that

IE| @ § ®
A (XXT) =B~ 1=0 =
Inequality (a) follows from the assumption | E| < 6\, (XXT). In (b) we used that § <

[V Vi <

1
5
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This allows us to prove Lemma 8.5.

Proof of Lemma 8.5. Due to the assumption (23) we have that y < 1/2, if ¢ is chosen small enough,
and hence we can apply Lemma 8.3. Hence, we obtain that

(a) o
or, (Ut) 2 aoy, (Z4) omin (VEU) = | B > 50 (Z4) owmin (VEU), (83)
oro1 (Ur) < vaor, (Zy) omin (VL U), (84)

where in (a) we used that y < 1/2. Moreover, we also have that

aor,+1 (Z2) U] + | B <
aoy, (Zt) omin (VIU) = a0r 1 (Z) U] = || ~ 1=

IVEVL] <

Now note that
IV VL ] = IVEVX = Vi, VL

<IVEVE = VeV |+ IVeVi = Vi, Vi |

= IV VL] + IV VL

<26+ 7 ,

L-v

where in the last inequality we applied Lemma 8.3 and Lemma A.2. Hence, by our assumptions on §
and v we can apply Lemma 8.4. Together with the inequality (83) we obtain

1 «
Omin (UsWy) > 0. (U;) > 2o (Z4) ommin (VL U)

as well as

HV)?lVUfo H < 7HV§LVL,{ ”
§7(85+ 7 )
L-v

<56(6+7).

Moreover, it also follows from Lemma 8.4, inequality (84) and our assumption on +y that
|UeWe L]l < 200, 41 (U)
< 2yao,, (Zt) omin (VL U)

I€_2

< g aon (Z4) owmin (VEU).
This finishes the proof. O

A.6 Proof of Lemma 8.6

Proof of Lemma 8.6. In order to apply Lemma 8.5, we need to show that iy < €+ ~2 for an appropri-
ately chosen ¢, = t. We are going to show the stronger statement y < c3x~ 2, where c3 is a sufficiently
small constant depending only on ¢, which will be specified later. Note that by the definition of ~y it
suffices to check the following two conditions.

C: —
or1(Z2) U] < 530” (Zt) omin (VEU) K 2) (85)

C -
1Bl < 5 a0r, (Ze) owmin (VI U) 57> (86)

By using the identity Z; = (Id + uM )t and by rearranging terms we see that the first inequality is
equivalent to the inequality

212U ( L+ e, (M) )
30min (VEU) ~ \1+pAr 1 (M) )
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Hence, if we set

(21U L Lrer ) )T
t*_[l (C3O’min(VgU))(1 (1+/,L/\T*+1 (M))) ]7

=0

we see that condition (85) is satisfied. Let us check that this choice is feasible, i.e. ¢, < t*. By Lemma
8.2 and the definition of ¢, it suffices to show that

1 m( W (n))
2 - 402 (1+61)[|U|3 ar
m( 262U )(m( 1+ i, (M) )) ) .

C30min (VEU) 1+,U/)‘T*+1 (M) 81I1(1 +/L)\1 (M))

Next, we note that

In(1+pA (M)) In(1+pr (M))
Lepdr, (M) ) Ay (M)=Ar, 11 (M)
ln(lmAw(M) ln(l & he o () )
LT+pAr, (M)
MO s an (87)
S T ALOD AL (M)

T+pA g 41 (M)

_MON A+ pAL (D)
A, (M) =Ny (M)~

where in the first inequality we have used the elementary inequality 17— < 1In (1 +z) < z. in the last
inequality we used our assumption on the step size i, Lemma A.2 as well as our assumption on 6 > 0
with a sufficiently small constant ¢;. Hence, ¢, < t* is implied by

2:2|U| 1 AL (M) |Ug o,
Infl—————<—1In - .
C30min (VEU) 9’%2 da? (]- + 51) ||UH3 amin {’I"; TL}
By rearranging terms we see that this inequality is equivalent to
—9K2
oo n0n (U, 22|V
a” < .
4(1+0) U] \ amin{r;n} |\ csomin (VLU)

Since by assumption &; < 1 and since by Lemma A.2 we have A (M) > | X |?, we observe that
this inequality is implied by

- Ii2 b K,z
o (Ol V(e N e (1Tl (2o )T
- 16HU”3 amin {T;n} C30min (VEU) 16HUH3 min {r;n} C30min (VEU) 7

which follows from assumption (27), which shows ¢, < t*.

In order to show condition (86), we recall that by Lemma 8.1 (which we can apply since we just
showed t, < t*)

|E:. | < o min {r;n} (1+61) (1+pAy (M) U

4
A1 (M)
Hence, inequality (86) is implied by the inequality

o?min {r;n} (1+61) (1 + phy (M) |U|P < e3 (1 + pAr, (M) omin (V/U)x™.

8
A1 (M)
This, in turn, is equivalent to

2 cah (M) owin (VIU) |:1+,U)\n (M) ]t*
~ 8min {r;n} (1+4d)rx2|U|3 (1+u)\1(M))3 .

(88)
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In order to proceed, we note that

[m] E exp (=3t In (1+ pAy (M)))

6In (1+ pA (M))

in (755 )

>exp|-o

Hence, using (87), we have shown that
ty
1+ pAr,, (M
[M] > exp (—120/@2) .
(1+pA1 (M))
Inserting this into (88) and using the definition of ¢,, we have shown that inequality (86) holds, if
—12x2
2 ol XPomn (VEU) [ 262|U]
- 327‘HHU”3 C30min (VEU)

holds, which is precisely our assumption on «. In particular, we have shown that v < c35~2, which
allows us to apply Lemma 8.5. We obtain that

«
Omin (Ut* Wt*) 2 ZUT* (Zt* ) Omin (VEU) )

-2

K
HUtWt*,lH < ?aam (Zt,) Omin (VLTU)a

(a)
IVEVu, i [ €56(6+7) < er™?,

where inequality (a) follows from setting ¢; and c¢3 small enough. Setting [ :=
or, (Z1,) omin (VI U) shows inequalities (29), (30), and (31). It remains to verify that |Uy, |,

t., and [ have the desired properties. We start with ¢,. Note that
L+ pA,, (M) ) 2

Inl ————————< | <In(1+pA,, (M) <pr, (M) <p(1+6)o,, (X

(o B0 ) <t in, (0) <, (0 £ (L4 8) o ()

as well as

( 1+ i\, (M) )> $An, (M)
1+ ,U/)\r*+1 (M) 1 +,U/)\n (M)

Here we have used the inequalities {7~ < In(1+z) < =z, A, (M) < 60min (X)Q, and

(1=0) omin (X)* < A, (M) < (1+6)0,, (X)? from Lemma A.2. Hence, these estimates show
that ¢, has the desired property.

1
~iArn (M) 2 oy, (X)7.

Next, we are going to prove the desired bound for |Uy, ||. We obtain that
U < al Ze MU + | Ex, |

=a(1+ph (M) U] + B, |
(a)
< 2a (1+pAy (M) U]

In(1+puX (M))

< 2aexp (40/—@2) 1l

where (a) follows from (85) and in the last line we used inequality (87). Hence, by inserting the
definition of o we have shown that

4K>
2
[0, <20 —2W0L )y
c30min (VEU)

_9x?
@ QJ 2l X2 uin (V V) ( 20|01 )

- 2min{r;n} &|U|| \ c30min (VLTU)

<2aexp| 20 U]

<3]X]
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where in inequality (a) we have used the assumption on «. This shows inequality (28). Now let us
check that (8 has the desired property. For that, note that

B=(1+pAr, (M) Omin (VEU) = 0min (VEU ) exp (£ In (1 + ph,, (M))).
By inserting the definition of ¢, and using inequality (87) we can show the upper bound for (3 in

inequality (32). The lower bound follows immediately from the definition of 5. This finishes the
proof. O

B Proofs for the saddle avoidance phase and the refinement phase

B.1 Proof of Lemma 9.1

Proof of Lemma 9.1. Let W; and W, , be defined as before. We note that
ViUt Wy =Vy (Id+ pA* A(XXT - UUT)) U W,
=Vy (d+p (XX -UU") + p[(A*A-1d) (XX -T,U])]) U,
VY UWy + puE5 Vy UWy = pVi U UFUW; + uVi [(ATA-1d) (XXT - 0,U]) U W,
=(Id + u2%) Vy UW, - pVx UW W UL UW, + pVy [(A*A-1d) (XXT - 0,08 | U W,
= (Id + u=% ) Vi UW; = uVy UW WUV Vi U Wy = Vi U W WU Ve VLU W,
+uVy [(AA-1d) (XXT -U,U1) | U,
=(Id + p2% ) Vi UW; (1d - uW] UV VEUW,) = pVi UW, WU Vil VE U W,
+uVy [(ATA-1d) (XX - U0, | UW, + 1° S5 VE U W WU Ve VE U W,
=(I1d+ u2% ) VR UW, (Id - piW UV VEUW,) - pVR UUT Ve VL U W
=A;
+uVy [(A*A-1d) (XXT - US| UW, + 1?85V U U Ve VR U W

=:Ag =:A3
First, we want to bring all A; into the form P,VEU, W, (1d - uW{ U Vx VEUW, ) for i e {1;2;3}.

Rewriting A;: Now let the singular value decomposition of Uy, W; € R™"™ be given by
Vo w, 2u,. W, ngwt with V,,,w, € R"*™. This allows us to compute
VEUW, = VEUW, (VEUW,) ™ VEUW,

=V Vow Vo, w, UWe (Vi Vo,w, Vi w, UtWt)_l VEUuw,

=VEVuw, (VEVuw,) " VEUW,.
We compute that

viv,urvx. vEow,

=VEU UV VE Vo, w,
VXU UV VE Vo, w,
=VIivurvs Vi Vuw,
=VEU UV VE Vo, w,

T - 1
VX VUt, Wy

T
VX VUt Wi

vEiu,w,

Vi UWe (1d - pW/ UV VE UtWt)_l (Id - W/ UV VL UWY)
(- pVEUW WUV ) VEUW, (1 - pW UV VEUW,)
- (1d - ungtUtTvX)*lv)?UtWt (1d - WUV VEUW,).

-1

T
VX VUt Wi

T
VX VUt, Wy

~—~ ~~ —~
~— ~— ~— ~—

=P
(89)
Rewriting A,: We observe that

-1
UtWt = VUtWt V[}:Wf UtWt (V),?VUf‘/Vf VUJ—;Wf UtWt) V;Utwt
-1
= VUtWt (V;VUtWt) V)?UtWt
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Hence, we can write
Vi [(AA-1d) (xXT -0,U]) U,

VI [(A*A-1d) (XXT - U,UD) ] Vow, (VEVo,w, ) VEUW;

VI [(AA-1d) (XXT - 007 Voo, (VEVo,w,) " VEUW, (1d - pWE UV VEU W)™
(- pWl UV VIUW,)

VI [(A*A-1d) (XXT - U,UD) | Vow, (VEVo,w, ) (d - pVEU, W, WU v ) VEUW,

P
A(1d - pWrUl v vEiawy) .
Rewriting A3: Note that
Y3RVY U UM VX VEUW,
=3 VR UW WU VX VEUW,
=S3 Vs UW W/ U Vx VI UW, (Id - pW] UV Vi UtWt)_l (Id - wW/ U Vx VL UWY)
=23 Vs U:W, (1d - quUfVXV§UtWt)_1 WUV Vi UW, (1d - uW] U VX VEU W) .

Py
Hence, we have computed that
Vi Ui Wy = (Id + pX% = pPy + pPs + (1 P3) Vi UWy (1d - W] U Vx VEUW,) . (90)
It follows that
Omin (Vx U1 W7)
>0min (Id + pX% = pP1 + pPs + (1 Ps) 0in (Vi UW, (1d - uWI U VX VEUW))
D i (1d + 5% = uPy + pPy + 112 Py) 0anin (VEUIW) (1 = po2 (VEUW))

(
=0Omin (Id + HE§( - ,uPl + /J,Pg + /,L2P3) Omin (V};Ut) (1 - ,u0'2 (V;Ut))

(b)
Y (0nin (144 15%) =l Pul - 0 Pal = 21 Pl e (VAL (1= i, (VETR))

= (1 02 () = | Pr| = il Pl = 12| P3|)) i (VEUL) (1= i (VL))
Equality (a) can be obtained by using the singular value decomposition of V}; U, W, and the fact that

w<l/ (\/§ IvVEu, HQ) which follows from our assumption on . For inequality (b) we used Weyl’s
inequality. In order to proceed, we are going to estimate | Py |, | P |, and | P3| . First, we note that

oD

(a) -1 -1

|P| < VR UW WU Ve VE Ve, wll (VR Vow,) 1 (d = pVETU V) |
-1 -1
< |UW NIV UW IV Vow, [ (VE Vow,) I (1d = gV UU V) ||
-1 -1

<O IV Vow, 2] (Vi Voow,) I (1d = pVX U V) |

) |2V Vo, |

Omin (V;VUtWt)Umin (Id—uV;UtUtTVX)

) |02 VE Vw1

omin (V¥ Vow,) (1 - plVEU?)

(b)
<A|UWP VI Vow, |

(c)
< 36HXH2HV),€J-VU1W1 ”2

@ 1
< Omin (X)2.
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For inequality (a) we used the submultiplicativity of the spectral norm and the fact that V£ U,
VEUW,WE. In (b) we used the assumption |VE Vy,w,| < cvt and p < 1| X[ 2572 <
c|VEU|72/9. In inequality (c) we used the assumption ||U;| < 3| X|. Inequality (d) follows
from the assumption ||V, Vir,w, | < ¢!, where the constant c is chosen sufficiently small.

Al

In order to estimate | P,|| we note that

(a) _ _
<[ A 1) (XX T OO (VE Vo) 1 (1= V007 V) |
[ A1) (XXT - 00|

 Omin (V};VUtWt) (1 - MHV;UHP)

Qal[ara-10) (XXT - 0.0

| 2|

In (a) we used the submultiplicativity of the spectral norm. In inequality (b) we used the assumption
IWVEVG,w, | < v and p < e| X | 2672 < ¢| VLU, | 72/9. Next, we are going to estimate | Ps | by
-1
|Ps]l < IS% NIV UWe || (1d = uW UV VR UW:) - WU Vx|
_ X PV U2
1 p|VEU W2
21/ T 2

<2 X7V U W

< 2| X|?| U |?

<18 X%

In the last line we used the assumption |U;| < 3| X|. Inserting our estimates for | P; |, | P2, and
| Ps| into (91) we obtain that

i (VEU172) 2 (14 S p0min (X)7 - 4] [(A" A =10) (X XT - 007 - 1871 X
Omin (V;Ut) (1 - /’60-12nin (V;Ut))
(;) (1 + %Mafmn (X)) Omin (V;Ut) (1 - :u0-12nin (V;Ut))

1
e (VEUL) (1 S0 (X)? (1= 02, (VEUL)) = 0 (VETL))

D oin (V) (1 b 0 (X) = 0 (ngt)) .

Inequality (a) follows from assumption (43) and the assumption p < ck~2| X | 72. Inequality (b) is a
consequence of our assumption on the step size p and the assumption |U; | < 3| X||. The final claim

follows from the observation that o, (V; Ut+1) > Omin (V; Ui Wt). ]

B.2 Proof of Lemma 9.2

Before we can prove Lemma 9.2, we first need the following technical lemma.

Lemma B.1. Suppose that the assumptions of Lemma 9.2 are fulfilled with a small enough constant
c > 0. Then we have that

IV Vol < 20V Vow, | +2u] (A A(XXT -T0.0])) |- (92)
In particular, it holds that |V£. Vi, . w, | < 1/50.
Proof. We note that
U Wy = (Id + pA* A(XXT - UU)) U,
Let Vy,w, Xu,w, Wgt w = U W, be the singular value decomposition of U, W;. Set

Z:=d+pA*A(XXT -UU)) Vow,.
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Since Xy, w, Wgt w has full rank by assumption, the matrix Z = VzX ZW; has the same column
space as the matrix U1 W;. In particular, it follows that

VNV aw | = VX V|
< |VEVZSWEI(S2WE) |
= |V§.Z|1Z27)
viz|
Omin (Z)
By Weyl’s inequality it holds that
Omin (Z) 2 Owmin (Vu,w,) — il (A A(XXT - 0U])) Vow, |
=1-p| (A A(XXT -U,U)) Vu,w, |
=1-pu| (AAXXT -0,UT)) |
>1/2,
where in the last inequality we used the assumption on the step size . Moreover, note that
IV Z) < IV Vow, | + ul (A A(XXT - UU)) .
This implies inequality (92). Using the assumptions on | V£, Vi, w, | and p1, where the constant c is
chosen small enough, it follows that |V, Vi, ., w, | < 1/50, which finishes the proof. O

With all ingredients in place, we can give a proof of Lemma 9.2.

Proof of Lemma 9.2. As a first step we are going to establish a formula for W7 Wy, ;. Recall that
V3 U1 Wiaa,, = 0 due to the definition of Wy, . Since W, W' + W, W/, =1d we obtain that

ViU WoW Wiar ) = -V Ut We W[ Wi,
or, equivalently,
-1
W Wiirs == (VR UpaWe) VR Upd We S Wi . (93)

Now recall that we want to bound |Upe1 Wi )
have

| from above. Note that using V)?Uﬂl Wis1,1 =0 we

T T T
Ut+1Wt+1,J_ = VXVX Ut+1Wt+1,J_ + VXLVXLUHlWHLJ_ = VXLVXLUtJertJrl,J_;

which implies that | U1 Weir,, | = |V U1 Wis1 s

. Due to W, W} + W, lWEl = Id we have that

ViU Wi, = Vs Upad WeW Wy 1+ VU We W W (94)

=(a) =(b)
We are going to consider the two summands individually.

Summand (a): We note that from (93) it follows that
-1
VU WeW Wiy 1 = VR Upad W (VEUpaWe) VR Upad We . W/ W 1

Let the singular value decomposition of U1 Wy € R™ " be given by Vi,,, w, Xv,.. w, Wg,; w, With
Vu,.,w, € R, By assumption we have that V; Ui+1 W4 is invertible, which also implies that
U1 W, has full-rank. Hence, we can compute that
T T -1 T T T T -1
ViUt Wy (ViU We) = Vi Vu,w, Voo, Ut Wi (Vi Vu,aw, Vi,aw, U Wy)
T T T “1oT -
=V Vuaw, VUMW,, U Wi (VUMW,, Ut+1Wt) (VX VUMWf,)

T T -1
= VXJ'VUt-%-th (VX VUt+1Wt) )

1
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which shows that
-1
Ve U WW W = -ViVuaw, (Vi Viaw,) VA U We l W, Wie .
Moreover, we note that
Vi Ui Wy, = VR U W, + Vs [ATA(XXT - 0,0 [ UW,

=VIUW,, +pVy (XXT - U ) UW,, + Vg [(AA-1d) (XXT - U U | U W,

@ WIUUTUW,, + pVE[(ATA-1d) (XXT - U,UT)| U W,

=uwVy [FUU] + [(AA-1d) (XXT - U U ]| UWs .

In equality (a) we used that ViL U, W, , = 0 and XTUW, , = 0, which follows from the definition of
W,,.. Hence, we have shown that

Vs Unn WeW Wiy,
-1
::U"/),J(1 VUt+1Wt (V;VUtJert) V

b -1
(=)MV):(FL Vioow, (VX Vuaw,) V.

[UU] - [(A*A-1d) (XX - UU) [JUW, W Wi

N =

[UU Vs = [(A*A-1d) (XX - UU]) | Vs [VEUW W Wiy

>

=M

-1
=V Voaw, (Vi Voaw,) MV UW W Wi,

In equality (b) above we used that Vi V; UiWy,, = 0, which is a consequence of V; UW,;, =01t
follows that

-1
IV Ua WeW Wear | < plVEVuaw I (VA Viiaw,) M|V UWe,

-1
<V Vo w Il (VX Voaw,)  HIML IV UW,
_ MHV):(PLVUMWt M VEUW L

Omin (VEVU,w,)

In order to proceed we note that by Lemma B.1 it holds that | V£, Vi, w | < 1/50. This implies that

Wi W
|

Omin (V;VUHJ Wt) = \/Umin (VI};HWt VXV;VUt“Wt)
= \/Umin (VI}:ﬂWt (Id - VXL V)?i) VUt*-th)
= \/1 - ||V£+1WtVXiV§LVU¢+1Wt H

= \/1 - ||V;lVUt+1Wt H2
>1/2.

Hence, we have shown that

IV Ucd WeW ! Wiy | < 26| VS Vuow, | [ ML | VU W,

We can estimate | M | by

| € IVEUUT Ve + | [(A" A= 1) (XXT - UUF)] V|
O WU, w, Wl Ul V| + | [(A*A-1d) (XXT - 0,07)] V. |

< [VRUW [V UWe| + [ [(AA-1d) (XXT - UU)] V-]

< \VEUWNVEUW, + | (A A-1d) (XXT - U,UF) |

< VR UW VS Vo,w, U] + | (A*A-1d) (XX - 0,0 ) |

< VEVow, U2 + | (A" A-1d) (XX - U,U]) |
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In inequality (a) we used the triangle inequality and in equality (b) we used that ViU, =
V; UW, WtT. Hence, we have shown that

VU d WeW Wi 4|
<2 (VX Vow UW? + | (A*A=1d) (XXT = UUT) D) IV Vo w, [V UeWe L |
)|
|

<2 (IVEVow UWe | + [ (A" A-1d) (XX = UU) ) IV Vo aw, [ [UWeL

<20 (VX Vo, 1 X7 + | (A" A-1d) (XX - U.U,") | |
|

|Vv)1(1 VUt+1 Wy H HUtWt,L

(a) .
Cap (IVE Vo, [1X 17 + | (A*A-1d) (XXT - U,UT)

IV Vo w |+ pl (A" A) (XX - UU) 1) [UWe
<Ap IV Vow, [1 X2 + [ (A" A=1d) (XXT - U] ) )
(VR Vo, |+ pl (A" A1) (XXT = OU) | + | XXT = OU] ) [UWe L

)
)

®) .
<Ap (IVEVow 1 X2+ (A" A=1d) (XXT - U] ) )

(IVE Vo w |+ pll (AT A-1d) (XXT = OUF) |+ 100 X)%) [UWeL |

c) "
<OV Vow, 1 X112 + | (A A=1d) (XXT = TUL) ) [UWau

where in inequality (a) we used Lemma B.1. For inequality (b) we used the assumption |Uy|| < 3| X |
and for inequality (c) we used assumption ||V, Vir,w, || < ¢k~ and the assumption on the step size
1 with a small enough constant ¢ > 0.

(

Summand (b): First, we compute that
ViU Wt

VoUW, + 1V (XXT - UUD) U Wy + pVias [(ATA-1d) (XXT - 0,U]) U W,

VoUW, - Vs U UL U Wy |+ pVi [(A*A-1d) (XX - UU]) |UW;,,

Ve UWy, - pVi U U Ve VU W, + Vi, [(ATA-1d) (XX T - U,UT) | UWs

=(Id - pVEUU Vs = pVE [(ATA-1d) (XXT - UUD) | Vs ) VEU W,

=V UW, - pVi UW, W UV VEIUW, - pV U W, WU Va VLU W,
+ Vi [(A*A-1d) (XXT - U,U]) | Vi VAL U,

=(Id - pVL UW WU Vs + pVi [(AT A1) (XXT - U] ) Vi ) VU, (1d - WL UF U
-2 (VL UWe W U Vs = Vi [(ATA-1d) (XXT - U0 ) Ve ) VL UWe W U U

Set for brevity of notation M, = VEUWWIU V.  and  M; =
VE (A*A-1d) (XXT - UtUtT) Vx.. Hence, we have computed that
ViiUpia W,

=(Id = puMy + pM3) Vi U Wy, (1d - pW USUW L) = 02 (Mo = M3) VEUW W UTU W,
=(Id = pMy + pM3) VU Wy, (1d - pW U Va VLU W) = 2 (Mo = M) Vi U W W UT U W
Hence, we obtain that

IV Upa We S W Wi |

<| (1d - pMa + pM3) VLU Wy, (1d = W, U Ve VELUW, L)
= * (My = Ms) Vi U W W[ US U L IW, Wi L

<| (1d = pMy + pM3) Vi U W, (1d = pW U Vel VEUW )
- p? (Mo - M3) V. UW, WU UW |

<| (1d - pMa + pM3) Vi U Wy, (1d = pW UVl VU W, L) |
+ 17| (Ma = M3) V.U W W U U |
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In order to proceed, we compute that
| (1d = M + pMs) Vi, UWe, (1 = pW UV VEUWL) |

(a)
<1 = pMy + pMs ||V U Wy, (1 - pW U Vo VU, L) |
®,

[ — My + pMs| | VEUW,

(1= VR UWe L ]?)

(©)
< (1 = Mz + p| M) [V UWe, o

(1= u|VEUW: L ]1?)
@) VEUW, ?)
= (1+ pl Ms ) [UW, L] (1= 1| U )?)
<JUW | (1= | UWe |2+l (A*A=1d) (XXT = UU) Ve | = 1 | M| [UWL]1?)
<JUW | (1= | UWe | + | (AT A=1d) (XXT - OUL) Ve |)
<NUWe | (1= p UL + ]l (A" A-1d) (XXT - 0,0]) ).
The inequality (a) follows from the submultiplicativity of the spectral norm. Equality (b) can be
seen be using the singular value decomposition of V3£, U;W; | and the assumption y < ¢1 | X |7 <
1/(V3|VE.UW; 1 |?). Inequality (c) follows from the triangle inequality. For inequality (d) we
used that 0 < Id - puViL, U W, W UT' Vx. < 1d, which again is a consequence of our assumptions on
wand |U;| <3| X|. For the O (,uQ)—term we note that
| (Ma = M3) V. UW, W UTUW, |
=| (Ma - M3) V. UW, W UV VU W, |
<My = M| |V Uy W P
< (| Mz + | M3 ) | VLU L |
<(IVEUW? + | Ms]) |V UWy o
<(IViVuw, 21U |2 + | Ms]) [V UWe,,
=(IVE Vo [PIUWe? + [ M5]) [UW .|

(1= p| VX UWe s

3

| 3

| 3

=(IVE Vo, w, PIUW? + | (A*A-1d) (X XT - UU]) Vxe|)) UL P
<V Vow, IPIUWV? + | (A*A=1d) (XX - U U8 ) ) 1UWe L.
It follows that
12| (Ma = Ms) Vi, UW, U UW |
< (IV Vo, PIUWV | + | (A A-1d) (XX - 0,08 ) |UW,L )P
(a) )
<P (X + ) (A*A-1d) (XXT -0 U5) ) U WL P
(b)
<CIUw,. P,

In (a) we used that |Uy| < 3| X||. In (b) we used our assumption on the step size x. This implies that

IO <IUWeal (1- 510+l (A A= 1) (XX 007 ).
Conclusion: Putting things together it follows

Ve Ui Wit 4|
<[ (@) +1(b)]

(1= BITWL I + 9l VE Ve L IX 2+ 20 (A A1) (XXT = D07 ) ) [0 Wi

This finishes the proof. O
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B.3 Proof of Lemma 9.3

We define the inverse of the square root of a symmetric, positiv definite matrix A = V4X 4V by
A2 =y Y 1 2VA , where (E 1/ 2) = \/T We will need the following technical lemma, which
gives a bound on the first order Taylor-approximation of the matrix inverse square root.

Lemma B.2. Letr A be a symmetric, positiv definite matrix such that | A|| < 1/2. Then there holds

| (d+ A) M 1d+ %AH <3]A%

Proof. Since A is symmetric, this can be readily deduced from the (one-dimensional) Taylor’s
theorem. Indeed, we have that for |z| < 1/2 that

—1+—|< sup ’f (1+2) 52 2|

|\/1 +x lzl<1/2 8

< 322,
O

The next technical lemma shows that the orthogonal matrices W; and W, span approximately the
same column space.

Lemma B.3. Assume that the assumptions of Lemma 9.3 are fulfilled. Then it holds that

IWE Wi < X))+ |UW | U

JIVE Vv, + 4u [(1d - A" 4) (XXT - 0.07)] |
(95)

(
min (

and
Omin (WtTWt+1) > 1/2.
Proof. Due to VU1 = ViEU .1 Wi 1 WL | we observe that

~1/2
W Wl = W UL Vs (VR U UL V)7

We note that
Vi Ui Wi s
=V (d+p(XXT -UUD))UW,, - pVy [Id- A*A) (XXT - U008 | UW,
= - Wi U UL UW,, - Vi [(1d- A" A) (xx"- UtUtT)] UWi .
= - pVx UW W UL UW,, - pVy [(d- A*A) (XXT - 008 | U W,
== WV UW WUV VILUW, - pVg [(Jd - A A) (XXT - U0 UWy,
== WV UW WU Vo,w, Viw, Ve Ve UWe - pVi [(1d - A A) (XXT - .U U,
It follows that

1/2
HWtﬂWHl I <pel] (V)?UHIUTlVX)

#p [(1d = A7) (XXT = U U [OWe || (VEU U V)
/2
) 1

Vs UW WU Vo, w, Viw, Ve Vi Uy

=u] (VX U Ul Vx Vs UW WU Vo, w, Viw, Ve Vi U

H [(1d - A*A) (XXT - UUS) U L
Omin (VEUr1)

<l (VEU UL, Vi) 2 VEU W [0 WU

H [(1d- A*A) (XXT - UUT) | [|UW, .|

Omin (VEUts1) '

Vo
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‘We note that

(VIU UL, Vi) PVIUW, = (VEUMUEL, Vx) P VEULW,
— p (VEU UL V) VA A(XXT - U,UT ) U W,
It follows that
| (VU UL V) P VED W
< (VEU UL V) P VEU Wi+l (VEU U5, Vi) 2 VEA A(XXT - U0 ) U Wi

-1/2 -1/2 "
) VR U] + pl (Vi U U Vx) 7 Ve AA(XXT -UUT) U

< (VXU UL Vi
-1/2 .
1+ | (VEUUZ, Vi) P VEA A (X XT 00T ) UW)
|A* A(XXT - UUT) | |UW|
Omin (V;Ut+1) '

Hence, we obtain that

<1+

A" A(XXT - UU) [|UW]

W W | <p (1 + o (VUi ) UV U LIV Ve, w, |
min x Yit+l
(96)
i | (1d - A*A) (XXT - OU]) | [UWe |
Omin (V)?Ut+1) .

70‘“‘"(5 We) We note that

Next, we are going to show oy (V; Ut+1) >

Omin (VX Uts1) 2 omin (V Urt W)
= Omin (Vi (Id+ p[(A*A) (XX -U,U1)]) UWL)
= oin (Vi (1d+ 2 [(A*A) (XXT - U,UD)]) Voo, Vi, UsW2)
Omin (Va (Id+p[(A*A) (XXT - U,UD)]) Voow,) omin (Vi w, UsW2)
omin (VX Vouw, + pVy [(A"A) (XXT - UUS) [ Vo,w,) omin (UW2)
(omin (VX Viw,) = p] VX [(A*A) (XXT = TUF) ] Vi,w, ) omin (U2

Il v

[\

We observe that due to our assumption on | V5L, Vi, w, | we have that

3
min (VX Voow,) = /1= [V Vow, [ 2 7.

Next, we note that due to assumptions (44), (46) and |Uy|| < 3| X | we have that

u|VE [(A*A) (XXT -0 U5 Vow, | < ul (A A) (XXT -0,U]) |

. 1
<10a|X |+ o] (- A"A) (XXT - 0,07 | < 7.

Tmin (Ut Wi
2

Hence, we have shown that o, (V; Ut+1) > ) This implies due to inequality (96) that

XXT-0,U8) ||UW]

T W < 1+ 2 AAL OO Wes [ IVE Vi |
o Umin(UtWt) ' o
I A (XX GUE) U
K Jmin(UtWt)

(a) *
<V Vo w, NUW U W, |+ 4p] (1d - A*A) (XX - 0U]) |
+4p?) (AT A) (XXT - UD) ||UW Ve Vo, w, |-
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In inequality (a) we have used the assumption that |U;W; | || < 20, (U;Wy). In order to proceed,

we note that
| (A" A) (XXT -0 ) | < [XXT -0 | + ] (1d - A" A) (XXT - 00 ) |
<11 X2,

where we used the assumption |U;W;| < 3|X| and |[(Id-A*A)(XXT -UUT)]| <
comin (X )2. Hence, we obtain that

1 %
W Wl <t (g omin (O + 10AVTWe | ) IV Vi, | + 40 (d - A7) (XXT = UUF ).

where we also used p < cx2| X |72. Hence, we have shown inequality (95).

In order to finish the proof we note that

T (a) 1 9 . ,
W Wensl 2 (g omin OO+ IO U1 IV Viraw ]+ o (X)
() 1
< 2 (ma—min (X)2 + 9HXH2) HV;LVUtWt H + 4C:uamin (X)2

(c)
< c.

In inequality (a) we used the assumption | (Id - A*A) (XX ~ U,UF) | < comin (X)*. In in-
equality (b) we used |U; Wy, || < 3| X | and |U;W¢| < 3| X|. To obtain inequality (c¢) we used the
assumption 1 < ¢| X |72. By choosing ¢ > 0 small enough we obtain that |W;', W1 || < 1/2. Note

that this implies that
Trnin (W Wear) = /1= [WE Wi |2 > 1/2,

which finishes the proof. O
Now we have provided all the technical preliminaries to prove Lemma 9.3.

Proof of Lemma 9.3. In order to simplify notation, we define M := A* A (X xT-uuf ) Hence,
we may write
Uiy = (Id+ pM) Uy.

Now we note that
U1 Wi = (Id + puM ) UWi iy
= (Id + pM) UW, W Wig + (1d + pM ) U W, W] Wi 97)
= (Id + ) VU,,WV(};WUtWtWtTWHl +(Id + ud) UtWt,LWtTLWt+1-

Note that Vg: W, U W, WtT W41 is invertible, since Vg: W, U, W, is invertible by assumption (45) and
WtT W41 is invertible by Lemma B.3. Hence, we see that

(Id + pu M) UtWt,thTth+1
-1
= (1d+ pM) UW, . Wi W (Vi w, UWW Wi ) Viw, UsWi W Wi
-1
(Id + pM) UWe W Wi (Vi w, UW W Weir) Vi, Vow, Vi, w, UWW Wi

=P
=(Id+ puM) PVy,w, VLjf:Wt UtWtWtTWt+1-

Hence, by inserting the last equation into equation (97) we obtain that

U1 Wi = (Id + pM') (Id + P) VUtWtVlg:Wt UtWtWtTWt+1
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Recall that V,}: W, UW; WtTWHl is an invertible matrix. This implies that the span of the left-singular
vectors of

Z = (Id+,uM) (Id+P) VUf,Wf,

is the same as the span of the left-singular vectors of Uy, Wyy1. Let VX ZWZT be the singular value
decomposition of Z. From these considerations it follows that

VeV awen | = IV V] = [V VW .
Next, we note that

VoWE = z(272)

-1/2
= (1d+ M) (1d + P) Vi, (Viw, (1d+ PT) (1d+ pM)? (1d + P) Vi, )
We note that

(Id+ uM) (Id+ P) =Id+ uM + P+ uM P
——
=B

=ld+p (XX -UU") + p(A*A-1d) (XXT -U,U])

=B, =:By

-1
+U W W Wear (VO w, UWW Wit) Vi, + nMP.
——

=:Bj =By
Hence, we have that

z(z7z)"?
~ 14+ B) Vo, (Vihw, (144 B+ BT + B"B) Vuy,)

= (1d+ B) Viw, (14 + VZ . BViraw, + V. B Viow, + VEw BT BVyaw,) .

It follows from Lemma B.2 that

(1d+ VE v BViaw, + VEw, BT Viaw, + VEw, BT BVi,w,)

1
-ld- o (VI w, BVuw, + Vid.w, BT Vu,w, + Viw, BT BVy,w,) + C,
where C'is matrix, which satisfies

ICI <3|V w, BVu,w, + Viw, BT Vo,w, + Viw, BT BVy,w, |%. (98)

It follows that

z(272)?

1
=(Id+ B) Vu,w, (Id -5 (V0 w, BVuw, + Viw, B Vo,w, + Viw, BT BVy,w, ) + C)
_ 1 T T

=Vu,w, + BVu,w, - 3 (Id+ B) Vo,w, Vi, w, (B+B") Vu,w, - D,

where we have set

1
D =(Id + B) Vy,w, (§V£ w, BT BVy,w, - C) . (99)
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Hence,

vEz(27z)"
1 1
=Vi. (Id +B- ngtth[}:Wt (B+ BT)) Vu,w, - EV)?lBVUtWLVUTtWt (B+B")Vy,w, - Vx. D

1
=Vx. (Id + B - SV, Viw, (Br + B{)) Vu,w,

=(I)

1
+ VL (32 - ivUtth[}:Wt (By + BQT)) Vo, w,

=(IT)

1
+ VL (33 - ivUtth[};Wt (B3 + BgT)) Vu,w,

=(III)

1 1

+ Vi (34 - EVUtWtV[}:Wt (By+ ij)) Vu,w, - iv)?iBVUtWt Viw, (B+B") Viy,w, - Vi.D.
N——

=(VI)

=(IV) =(V)
Estimating (I): We observe that
Vi (Id + B - %VUtWt Vihw, (B + BlT)) Vu,w,
=V (1d+ (- Vo,w, Viw, ) (XXT - U0,U)) Vo, w,
Ve Vow, + 1V (1d = Vo,w, Vi w, ) (XXT - U,U8) Vi,
Vi Vuw, + 1V (d = Vo,w, Vi w,) XX " Vu,w, - 1V (1d = Vo,w, Vil w, ) UU Vo,w,
Ve Vow, - WV Vow Vo w, XX Vo,w, - 1V (1d = Vo,w, Viw, ) UsUf Vo,w,
Vi Vu,w, = WV Vow, Vi w, XX " Vow, - 1V (1d = Vo,w, Vihw, ) UWe WL U Vi, w,
=V Vu,w, (1d= pVi w, XX Vi,w, ) = uVis (1d = Vo,w, Vi, w, ) UWe, W U Vo,

Vi Vuw, (1d= pViw, XX Vi, ) - Vi (1d = Vo,w, Vi, w, ) UWe W U Ve VE Vo,
It follows that

DI <IVEVow, | (1 = pomin (Vi,w, XX Vo)) + ul Vi Vow, [ U

IV (1= i (07 4 ulVE Vv, 110

Ve (1= S omin (007 + Ui 12)
VE Vv, (1= S o (X)?).
Bounding (77): We observe that

1
V)j(l (B2 - §VUtWt VI};Wt (BQ + B;F)) VUtWt

= uwVi ((d-Vow, Vi w, ) (AT A-1d) (XXT - U,U")) Vi,
1t follows that

VE. (B2~ SVow Vi, (Ba s BY)) Vowa | <l (1= A°A) (XXT - 0,07 ) |
Estimating (/77): First, we recall that
By = UW, W Wi (VEw, UWeW I Wi )™ Vil
= UWo , WE W (WEWiat) ™ (VEw, UW) ™ Vi

59



Before we proceed further, we need to understand ng Wi+1 and WtT Wis1. By Lemma B.3 it holds
that

W7 Wil < g5 72am (O + [UW U

<55 ) IVE Vv, + 4p] (14 - A7 4) (XXT - 007 |

and
Omin (WtTWt.,.l) > 1/2.

It follows that

B < IWE,Wear [[UW e || (W Wear) ™ 1 (VEw,UW) |
i W Wt | |0
* Oumin (WE W) Omin (ViE 4y, UsWe)
W W | [T
" Omin (WEWiir) Orin (UW2)
AW Wi .

Hence, we can conclude that

1
HV)?L (B3 - §VUtWtVl£Wt (B3 + Bg)) VUtWt ”
<2|Bs||
SSHWELWHIH

(a) 1 *
“(@"mm (X) + 8jT: Wil ) VI Vi, | +32u] (1d - A* A) (XXT - U,U7) |

() 1 *
< oo i (X) [V Viw, | + 320 (14 = AA) (XXT - TU]) |

Inequality (a) follows from Lemma B.3. In (b) we used the assumption |U;W; | | < ck™20min (X)
and |U, 1] <3 X

Bounding (/V'): We start by noticing that

WA A(XXT - 0,UT) | < p(IXXT U7 |+ (ld = A*A) (XX - 0,UT) [)
< 11X

<1lek™2,

where we have used the assumption U | < 3| X[, (44) and (46). Hence, we obtain that

1
V. (34 -5 Vow, Viw, (Bs+ B4T)) Vu.w, |
<2[ By
=2u|MP|
<pu| A A(XXT -UU8) || Bs|
<22¢k7?| Bs|

(a) _
< w0 (X) [V Vi, | + 352eu] [(1d = A" ) (XX =007 )] |-

Inequality (@) follows from similar arguments as when we were bounding (I17) and by choosing
the constant ¢ > 0 small enough.
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Bounding (V): First, we want to estimate | B|. We note that

(a)
IBI < ulM]+|P[+p|MP|

®)
< | M + | Bs| + pl M| Bs|

O p A AXXT - UUT) | + (14 u A AXXT - UUT) ) | B3

(d) .
< pl A A(XXT - U |+ 2] Bs|

(e) . 1 %
< pAAXXT U |+ i o (X) [V Vouw, | + 320 [(1d - A%A) (XXT - 0,U])]|

1
< /j‘HXXT UtUTH + mﬂ Umln (X) HVXLVUtWt H + 33#” [(Id "4 "4)( XT - UtUtT)] H

In (a) we used the triangle inequality and in (b) we used B3 = P and the submultiplicativity of
the spectral norm. To obtain equality (c) we inserted the definition of M. For (d) we used that

p|A*A(XXT - UUL) | <2, which follows from assumption (44) and (46). For inequality (e) we
used our bound for | B3|, which we have derived when bounding (117). Hence, we have shown that

|B| < u| XXT - UtUTH+mu i (X) IV Vu,w, | +33u] (1d - A* A) (XXT -U,U]) |.
(100)
We obtain that

1
SV BVuw Vi, (B + BY) Viw|

1
<3 IBIIB+B"|
<|B|*
(a) 1 .
S (1XXT U7 I+ o T () IVE Vi, |2 + 332 (10 - A°) (X X7 - 0,07 ) 12)
(b) -4
L3P | XXT - UUT P+ Sek o2, (O IVE Vi [P+ 5207, () (14 - A°4) (XXT - 0,07 )|

2 4()02 Tmin

3 .
(X) [V Vo,w, I? + S CHA Had-AA) (xxT -0 |,
(101)

(c)
<3| xxT - Ut H2+3c o,
2. 4002

where in (a) we used inequality (100) combined with Jensen’s inequality. For inequality (b) we used
(44) and (46). Inequality (c) follows again from (46).

Bounding (V' I): We are first going to show that | B| < 1. Indeed, we have that

(a) *
IB < 10p X[+ — - o (X) [V Vi, | +33u] (1d = A*A) (X XT - U,U]) |

400

(®)

< 10p X[* + g o (X)) + 33cporyy (X)

400
94,

where in (a) we used inequality (100) and the assumption ||U| < 3||X |. For inequality (b) we used
(44) and for inequality (c¢) we used assumption (46). We note that from inequality (99) it follows that

1
Dl <(1+]B]) (5HBH2 + IICH) <2(I1BI*+]cl). (102)

In the first inequality we used the triangle inequality and in the second inequality we used | B]| < 1.
Note that from (98) and again | B| < 1 it follows that

2
ICl <3(21Bl+|B]*)" < 27| B (103)
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Hence, we obtain that
1D

(a)
<'56] B|?

(t)
<56 (3u IXXT -U,Ur|? + 3¢

e (O Vi [+ S (10 - 4°4) (XXT 007 ).

Inequality (a) is due to the inequalities (102) and (103) and inequality () follows from (101).

Combining the estimates: By combining our results we obtain that for small enough ¢ > 0 we have
that

H‘/)j{1 VU1,+1Wt+1 H
<IOI+1AD]+IELD |+ [V [+ 1D+ (VD]

(1 - Zamm (X)) Vs Vo,w, | +100p] (Id - A*A) (XXT - UU") | +500p% | X XT - U] .

This finishes the proof. O

B.4 Proof of Lemma 9.4

Proof of Lemma 9.4. We observe that
Uper = U+ (XXT - DU U+ p[(A*A-1d) (XX -U,U]) | U
= (Id-pU U Uy + pX X U+ p[(A*A-1d) (XXT - U UT) ] U

Note that || (Id - pU UL ) Uy|| = (1 - p|U:|?) | U due to po < 5= X[ < 1| Uy||*. Hence, by the
triangle inequality and submultiplicativity of the spectral norm we obtain that

Uil < (1= U1+ ] X[ + o] (A" A1) (XXT - GUT ) ) U],
Hence, by our assumption on | (Id — A*.A) (XXT - UtUtT) | we obtain that
[Ueer | < (1= p U + 20 X1?) UL (104)

Now assume that 2| X || < |Uy| < 3| X . Then it follows from the last inequality that |Us.1| < | Uy,
which due to the assumption |U|| < 3| X | implies the claim Uz | < 3| X |. However, if |U;| <

2| X | holds, then by combining inequality (104) with the assumption p < IXI ”7 we obtain that
[Uss1] < 3| X| as well, which finishes the proof. O

B.5 Proof of Lemma 9.5

Lemma B.4. Under the assumptions of Lemma 9.5 it holds that
[vs.oof | < sve (xx* - o) + [loawe WL Uf |
as well as
[xx™ - oo < afve (XXT -0+ v w LU
Proof. We notice that by the triangle inequality and submultiplicativity it holds that
VAU < [V UUL V|| + [V U U Vi
= Vi (X XT - UU) Vx| + |V UU Ve
=|vi (xXx" -0,U])| + ||V UU Vi)
In order to bound the second term we compute that
ViU U Ve || < Vs UW W U V.
= |Vx. 0w W U V.

VAU WUV
o WEOT)
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In order to bound the first term we note that

V.UV WU Vi

= |||V),1(—‘J' VUt Wy VU’{ W, UtWtWtTUtTVXJ_
- H‘VELVU"W" (V),?VUtWt)_l V;VUtWt V[};Wt UtWtWtTUgVXi

< WVEVow ll (VEVew,) ™ IIVEViaw, Vi U W UT |
Vi Vo,

* Opmin (VEVuw,)
IVEVo,w.

 Omin (V)?VUtWt)
IVEVu,w.|

" omin (VEVUW,)

<2fvy (XX7 - 0.0/ ).

IVEUUf vy

Ve (XX* -0,U]) Vs

v (xx* - oo/

Hence we can conclude that

[vx.o:v/ ] < 3fvy (xx* - vol)| + owe, v, o

|,

which shows the first inequality in the lemma. In order to prove the second inequality, we note that
by the triangle inequality and submultiplicativity it holds that

lxx™ - vuf| < vy (Xx* -vUf)| + V. 0U] ||
<d|vi (xx" -0,u!)| + oo WU

)

where in the last line we used the previous inequality. This finishes the proof. O
After having provided the necessary ingredients, we are in a position to prove Lemma 9.5.

Proof of Lemma 9.5. Recall that
Upsr = Up + n[(A*A) (XXT - 0,U]) ] U,
Next, we compute that

XXT -UpnULy =XXT -UU] - p[(A*A) (XXT -0, U0 |00 - n U [(A*A) (XXT - U,U)]
-2 [(AA) (X XT -uuD) |0 u! [(AA) (X XT - 0,07
=XX"-0U! -p(XXT-U,U)UU - wU U (XXT - UL
+p[(d-A*A) (XXT - UD) | GUF + p0U) [(1d- A*A) (XXT - U0
— 12 [(AA) (XXT -vUu) U] [(AA) (XXT - 0,07)]
=(d-pu,U1) (xXT -0,U)) (1d - pU,UF) + p[(1d - A*A) (XX - U,U,) | U U

=(I) =(IT)
+uU U [(1d - A*A) (X XT -0, 00)] - ?UUy (XX -0 U8 ) U U

=(111) —(1v)
- P [(ATA) (XXT - )| u U [(A*A) (X xT -0 0]

(V)

We are going to deal with each summand individually.
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Estimation of (I): We note that
Vy (Id-p0US) (XXT - 0,U]) (1d - pU,Uy)
=Vy (Id-p0 U Vi Vi (XXT -0 U7 ) (1d - pU,UY)
+Vy (Id - pU U5 ) Ve Vi (XXT - 0,0]) (1d - pU U )
=Vy (Id - pU U ) Vi Vi (XXT - U0, (1d - pU U + wVE U U Ve VLUUT (Td - pU,Us)
=(ld- pVi U U Vx )V (XXT -0 U8 (1d - pU U + wVE UUT Ve VELUUE (1d - pUp U
Hence, we obtain that
l(1a - pVEUUT V) VE (XXT - 007 (10 - w07}
<1 (1d - pVETUT V) [VE (XX - 00 (d - 07 ) |
< (1d - pVi U U V) [|Ve (XXT - 000
= (1= powmin (VX DU V) [V (XXT - 0,07 )|
< (1= ponn (VX UW)) [V (XXT -0

Next, we note that

O min (VX UtWt) 1211111 (V_gVUtWt V[ZWt UtWt)
2 arznm (V;VUtWt) Omin (UtWt)
2 % rznln (UtWt)
1

2 %Umln (X)
where in the last line we used the assumption o2, (U, W;) > 110 02, (X). Hence, we have shown
that
|(d - Vi U U Vi) Vi (XXT - 00]) (1d - p, U )| < ( 2—Oamm (X)) v (xx* -u.0)].

Next, we note that
Vi UUf Ve VEDUE (1d = nUU)||
Vi U Vi VL OO |1 - pU U |
ViU Vi VL UUE |
Jvivww U v VEUUE
gHV)?UtWtH|‘V;iUtWt‘|“|V§LUtU?‘|’
SAARN AR \||||V§LUtUtT|||
OIX IV Vo, w |V U US|
OIX P IVEVw, | BIVE (XX =GO )|+ |U:We . WU

).

where in the last line we used Lemma B.4. Then, using the assumption |V, Vir,w, | < cx™2 it follows
that

|||V§ U U Vx: VL UUT (d-UU ||
Toin (X)

<100 Trin () VE (XXT =0T )|+ it 2 Ui, WL U

Hence, we have shown that

IV i) (X7 U7 0|

min )
(1= 22, (0) IVE (37 - v+ w2 O, w )
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Estimation of (I7): We note that
V¥ [(d-A*A) (X X" -U,U)) |07 < [|(1d - A*A) (XX T - 0, U810
s[l(d-axa) (xx” -v,u8)|1x)?
min (X) XX - 00|
omin (OO (VX (XX - 0O )| + [U:We WL U] -

<ca

In the second inequality we used the assumption |U| < 3| X | and in the third inequality we used
assumption (48). In the fourth inequality we applied Lemma B.4. Hence, by choosing the constant
¢ > 0 small enough, we obtain that

[V [(a-A4) (X X" -vvf) |00/ < X) (Ivx (xx* - vl + [loewe LU )

1000 7min

Estimation of (/77): In the analogous way as in the estimation of (I1) we derive that

. 1
vy 0 [(1d - A7 A) (XXT = OO € 15550mm CO (Vi (XXT =000 + 0w . WL

Estimation of (I1): We note that it follows from submultiplicativity of the spectral norm that
[VEUUT (XXT - 00T YU < U)X XT - 0]
sIxPlxx” -oul]
S IXIVE (XXT -TU)] + 1X 1 [0We P

where in the second line we used the assumption |Uy|| < 3| X |. In the third line we used Lemma B.4.
Then using the assumption p < cx~ 2| X |72 it follows that

(X
2o COIVE (X7 007 Yo Ze KDy, wr o

P IVETUT (XXT - 00T U s L Ty

mln

Estimation of (V'): We first note that
llca4) (xx* - o) < [xx™ - v + [ (d - A A) (XX -0 ]
<(1+er?) | XXT -UU
<o xxT U0,

where we have used Assumption (48). In a similar manner, again using Assumption (48), we can
show that

| (A" A) (XXT -0 U] ) | <2 X X7 - U U | <2(1X 17 + [T 7).

Hence, it follows that
V¥ [(4*4) (x X" - o) uuf [(AA) (XX -0,00)]|

<JlAa ) (XXT - 008 NIV (A A) (x X7 - 00T |

slxx” - v 1o (AmA) (XXT -0 |

shxx™ - v Ui o (117 + 1))

sflxx” - ix)

s(vx (XX7 - n.0)| + [Joewe WL O 1X

where in the third and fourth line we used the estimates from above. The fifth line is due to assumption
|U¢]l < 3| X |. In the last line we used Lemma B.4. Hence, it follows that

2|||V§ [(A*A) (xx" -uuf) oy [(A*A) (xx"-uuh)]|
) VE(XXT - U UL + Lo (X) [T, W UT

|,

1000 Tmin 400 7min
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where the last inequality is due to due to the assumption p < ck~2| X | =2 for a sufficiently small
constant ¢ > 0.

Combining the estimates: By combining the estimates, it follows that

2 X
IVE (X7~ UiV < (1 - tacotan CO)IVE (X7~ 007 )+ 2 O, w7,

which finishes the proof. O
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