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Abstract

Polynomial regression is a basic primitive in learning and statistics. In its most basic form the goal
is to fit a degree d polynomial to a response variable y in terms of an n-dimensional input vector
x. This is extremely well-studied with many applications and has sample and runtime complexity
O(n?). Can one achieve better runtime if the intrinsic dimension of the data is much smaller than
the ambient dimension n?

Concretely, we are given samples (x,y) where y is a degree at most d polynomial in an un-
known r-dimensional projection (the relevant dimensions) of z. This can be seen both as a gen-
eralization of phase retrieval and as a special case of learning multi-index models where the link
function is an unknown low-degree polynomial. Note that without distributional assumptions, this
is at least as hard as junta learning.

In this work we consider the important case where the covariates are Gaussian. We give an
algorithm that learns the polynomial within accuracy e with sample complexity that is roughly
N = O, 4(nlog*(1/€)(logn)?) and runtime O,.4(Nn?). Prior to our work, no such results were
known even for the case of r = 1.

We introduce a new filtered PCA approach to get a warm start for the true subspace and use
geodesic SGD to boost to arbitrary accuracy; our techniques may be of independent interest, espe-
cially for problems dealing with subspace recovery or analyzing SGD on manifolds.

Keywords: polynomial regression, index models, Riemannian optimization, phase retrieval, PCA

1. Introduction

Consider the classical polynomial regression problem in learning and statistics. In its most basic
form, we receive samples of the form (x,y) with x € R™ coming from some distribution and y is
P(x) for a degree at most d polynomial in . Our goal is to learn the polynomial P. Here learning
could either mean learning the coefficients of P or even finding some other function that gets small
prediction error (as in find Q with E[(Q(z) — P(2))?] < Var(y)).

Polynomial regression of course is one of the most basic primitives in statistics and machine
learning especially in the more general non-realizable case. For example, it is crucial in many
kernalization applications, and it gives the best known PAC learning algorithms for various central
complexity classes such as constant-depth circuits Linial et al. (1993), intersection of halfspaces
Klivans et al. (2004), DNFs Klivans and Servedio (2004), convex sets Klivans et al. (2008); Vempala
(2010a), the last of which even exploits intrinsic dimension as we do but for a different problem.

The basic bound for polynomial regression is that one can achieve good error with sample
complexity and run-time that are O(n?). This dependence is also necessary (the space of degree d
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polynomials is of dimension ~ n) even when y = P(xz). But often, such high complexity either in
run-time or sample requirements is not feasible for many applications.

This begs the question: can we formulate natural and useful scenarios where one can beat n¢
complexity? One such example is the work of Andoni et al. (2014) who study sparse polynomials
and achieve complexity that is f(d)poly(n, s) where s is sparsity (in a suitable basis).

Motivated by the rich body of work on phase retrieval (see, e.g., Candes et al. (2013, 2015);
Conca et al. (2015); Netrapalli et al. (2013) and references therein), work on multi-index models in
learning (see Section 1.2 below) and the above broad question, we study the question of learning
polynomials that depend on few relevant dimensions. We call such polynomials low-rank polyno-
mials:

Definition 1 A degree d polynomial P : R" — R is of rank r if there exists a degree d polynomial
p : R" — Rand vectors uj, ... ,u} € R" such that P(x) = p((uj,x), (us, z), ..., (uf,z)). We
will refer to p as the link polynomial and U* £ span(u?, ..., u}) as the hidden subspace.

In other words, even though the ambient dimension of the polynomial P is n, its intrinsic
dimension is only r. If we knew the subspace spanned by uj, ..., u;, then we could learn P with
sample-complexity that does not depend on 7 at all and run-time that is linear in n (and not n9).
Here, there are many natural notions of learning P one could consider. Arguably the two most
important goals are 1) to recover the hidden subspace U* spanned by uj,...,uy, and 2) to find a
polynomial g that is close to P?

Concretely, we are given samples (z,y) where y = P(x) and P is a low-rank polynomial. For
most natural distributions y, one can show it is information-theoretically possible to learn P with
sample-complexity that is only Oy ,(n). That is, the dependence on the ambient dimension is only
linear. Can we achieve this goal efficiently? Henceforth, by efficient we mean that the sample-
complexity and run-time are at most some fixed polynomial in n that is of the form O(f(r, d)n°)
for universal constant c.

As desirable as the above goal is, it might be too good to be true for general distributions.
For example, if = is uniform on the hypercube {1, —1}", then the above question can encode the
problem of learning k-juntas. There, we are given samples (x, f(z)) where z €, {£1}" and f
is a function of at most k variables, and the goal is to recover the indices of the relevant variables.
Despite much attention, the best algorithms run in time n‘*(*), and achieving f(k)poly(n) sample
complexity is an outstanding challenge conjectured to be computationally hard Mossel et al. (2003).
The connection to rank is that any k-junta is a polynomial of rank and degree at most k.

Nevertheless, it makes sense to ask the question for other natural distributions. The most basic
question in this vein (as we will further motivate later) is the case when z is Gaussian:

Question 1 Given samples (x,y = P(z)) where x ~ N(0,1,), and P is an unknown degree-d,
rank-r polynomial, can one approximately recover the subspace defining P efficiently? Can we
efficiently approximate P ? Further, what is the dependence on the error €?

Note that while we ask the question for isotropic Gaussian covariates, our guarantees immediately
carry over to general Gaussians, because the space of low-rank polynomials is affine invariant.
Before stating our results, we first briefly discuss different ways of looking at the above question.
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Learning Multi-Index Models While we motivated the above problem from the context of poly-
nomial regression, an equally valid way to introduce it is from the perspective of learning multi-
index models in Gaussian space.

Here, we are given samples from a distribution (xz,y) where z ~ N (0,1,,) and

Yy = g((u’{,x}, <u§7$>a R <ui,x>),

where g : R” — R is some unknown link function and uj,u3, ..., u, are unknown orthonormal
vectors, and the goal is to learn the subspace U™ spanned by u7J, ..., u;.

The main question we study is the case where the unknown link function g is a low-degree
polynomial. Most relevant to the present work is the recent work of Dudeja and Hsu (2018) which
we discuss next. There is a tremendous amount of work on learning multi-index models, and we
refer to Dudeja and Hsu (2018) for a detailed overview of previous work. Dudeja and Hsu (2018)

address the case where g is smooth in a Lipschitz sense quantified by a parameter R. They show:

1. For single-index models (i.e. when r = 1): an algorithm that takes O(n®(®)) + n/e?)
samples and computes a direction u that is e-close to the hidden direction.

2. For multi-index models: an algorithm that takes O(nC"E*)) 4 n/e?) samples and computes

a direction u that has at least 1 — € of its £5-mass in the span of the unknown uJ, u3, ..., uy.

Firstly, note that while most works on learning multi-index models assume some sort of Lipschitz-
smoothness of the link function, polynomials are a natural class of link functions that do not satisfy
such smoothness. More importanty, unlike existing works on multi-index models, our main goal is
to achieve near-linear sample complexity, run-time scaling with n¢ for ¢ independent of r, d, and
polylogarithmic dependence on the error €.

Generalizing Phase Retrieval Further impetus for the above problem comes from the vast liter-
ature on phase retrieval. Here, one is given samples of the form (z, (w, x)?) where z is typically
Gaussian for most provable guarantees Candes et al. (2013, 2015); Conca et al. (2015); Netrapalli
et al. (2013), and the goal is to learn w. Besides being natural by itself, the problem is extremely
important in practice: as is explained in the references above, in certain physical devices one only
observes the amplitudes of linear measurements (corresponding to (w, )?) and not the phase. In
this setting, the signal and the inputs are taken to be complex but the question is often studied over
the reals as well.

Note that the low-rank polynomial in question here is rank 1 and degree 2; moreover the link
polynomial p(z) = 22 is even known a priori. In this sense, the problem we consider in this work
is a substantial generalization, the study of which could potentially lead to new insights for phase
retrieval, especially over more general covariate distributions.

Connections to Tensor Decompositions Our work also broadly fits in the category of fensor
decompositions. A k-ary tensor in n-dimensions is a multi-dimensional array T € RIM*, More
relevant to the present work, one can also view a tensor 7" as a multi-linear map from 7" : (R")* —
Ras T(z', 2%, ..., 2%) = 3 i ciycipan Tlin iz, - - yik]aj 3, ... xf . For tensors, the term
“rank” has a different meaning: a rank 1 tensor is a tensor of the form v! ® - - - ® v*, and in general,
the rank of a tensor 7' is the least number of rank one tensors whose sum is 7.

The basic problem in tensor decomposition is to find a low-rank decomposition of a given tensor.

Tensor decomposition algorithms have received a lot of attention recently Anandkumar et al. (2014,
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2015); Ge and Ma (2015); Hopkins et al. (2015, 2016); Schramm and Steurer (2017); Ma et al.
(2016) with various works studying many different aspects. The connection to our polynomial
learning problem comes from the fact that a degree d polynomial can be viewed as a d-ary tensor.
Moreover, if a polynomial has rank r, then the corresponding d-ary tensor has rank roughly O(rd).

However, our goals and setting are quite different from those studied in the literature. For one,
we are not given access to the tensor directly but only implicitly in the form of evaluations of the
symmetric multi-linear form of the tensor on random inputs. Secondly, the central goal for us is to
exploit the implicit representation to run in time that is much less than the time to even store the
corresponding d-ary tensor. As far as we can tell, existing methods for tensor decompositions do not
have these properties, at least provably. It is an intriguing question to find further scenarios where
one could find tensor decompositions with much better run-time, for instance for constant-rank
tensors, when the tensor has a succinct implicit representation.

1.1. Main Result

Our main result is that we can indeed efficiently learn low-rank polynomials in Gaussian space. To
the best of our knowledge, no such results were known even for the rank-1 case. Before stating our
result formally, we have to introduce a definition to deal with degeneracy in the notion of low-rank.
To understand the issue, consider the example where the link polynomial p(z1, 22) = 21 + 22.
Then, if we look at P(x) = p({w7, =), (w3, x)), even though the polynomial is represented as a rank
two polynomial, it is really only of rank one and we cannot hope to recover the span of w7y, w3 but
only the span of w] + wj;. The following is necessary to overcome such non-identifiability issues:

Definition 2 (Informal; see Definition 9) A polynomial P is a-non-degenerate rank r if P is of
rank r and for any (r — 1)-dimensional subspace H, the conditional variance of P(x) given the
projection of x onto H is at least o - Var(p).

Intuitively, there should not be a (r — 1)-dimensional space that captures all of the variance of
P. We give an equivalent analytic definition in Section A. Note that any rank-1 polynomial satisfies
the condition with o = 1.

Theorem 3 There exists a universal constant co and for all r,d, «, there exists Cy(r,d, o) such
that the following holds. For all 6 > 0 and ¢ € (0,1), there is an efficient algorithm that takes
N = Co(r,d,a)(In(n/8))% - nlog?(1/€) samples (x, P(z)), where x ~ N(0,1,) and P is
an unknown a-non-degenerate rank r, degree-d polynomial defined by hidden subspace U*, and
outputs

1. Orthonormal w1, .. .,u, € S" ! such that dp(span(u1, ..., u,),U*) < e
2. Degree d, r-variate polynomial g such that E[(y — g({u1,2), ..., (uy, 2))?] < e-Var(y).

The run-time of the algorithm is at most O(r¢Nn?).

This will follow from Theorem 5 and Theorem 34 later in the paper. Here, dp(U, U*) denotes
the Procrustes distance which is one of the standard measures for quantifying distances between
subspaces. See Definition 22 for the exact definition.
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Note that the run-time of the algorithm is essentially O,. 4(n%(logn)°(®) — a fixed polynomial
in n as desired'. The sample complexity is also essentially linear in the ambient dimension n and
poly-logarithmic in 1/e. No such result was known even for the rank 1 case.

Remark 4 A word about the constant Cy(r, d, o) in the theorem. Our proof involves a compactness
argument and as a result does not give an explicit upper bound on this quantity. Bounding this comes
down to an extremal problem for low-degree polynomials in r variables. For instance for r = 1,
Co(1,d, 1) is essentially the inverse of

sup inf(E[1(p(9)|> m)(g° = 1)),

where g ~ N(0,1) and the infimum is over degree d polynomials of variance 1. We believe that
this quantity is at least 9-Cd’ (as achieved by a suitably scaled degree d Chebyshev polynomial).
In general, our arguments can potentially yield a bound of C(r,d, o) ~ 20(”‘1)2)/@@(1).

Also, we study the noiseless case where Y = P(X). It is possible to modify the first part of
our argument (Theorem 5) to get a version tolerant to some noise in'Y, but we do not focus on this
here. In any case, one of our main technical emphases is on getting run-time and sample complexity
scaling with poly(log(1/€)), which would not be possible in the presence of noise.

1.2. Related Work

Filtering Data by Thresholding Our algorithm for obtaining a warm start (see Theorem 5) relies
on filtering the data via some form of thresholding. This general paradigm has been used in other,
unrelated contexts like robustness, see Shen and Sanghavi (2019, 2018); Diakonikolas et al. (2019a);
Li (2018b); Diakonikolas et al. (2019b, 2017) and the references therein, though typically the points
which are smaller than some threshold are removed, whereas our algorithm, TRIMMEDPCA, is an
intriguing case where the opposite kind of filter is applied.

Riemannian Optimization It is beyond the scope of this paper to reliably survey the vast liter-
ature on Riemannian optimization methods, and we refer the reader to the standard references on
the subject Udriste (1994); Absil et al. (2009) which mostly provide asymptotic convergence guar-
antees, as well as the thesis of Boumal Boumal (2014) and the references therein. Some notable
lines of work include optimization with respect to orthogonality constraints Edelman et al. (1998),
applications to low-rank matrix and tensor completion Mishra et al. (2013); Vandereycken (2013);
Ishteva et al. (2011); Kressner et al. (2014), dictionary learning Sun et al. (2016), independent com-
ponent analysis Shen et al. (2009), canonical correlation analysis Liu et al. (2015), matrix equation
solving Vandereycken and Vandewalle (2010), complexity theory and operator scaling Allen-Zhu
et al. (2018), subspace tracking Balzano et al. (2010); Zhang and Balzano, and building a theory
of geodesically convex optimization Zhang and Sra (2016); Hosseini and Sra (2015); Zhang et al.
(2016).

We remark that the update rule we use in our boosting algorithm is very similar to that of
Balzano et al. (2010); Zhang and Balzano, as their and our work are based on geodesics on the
Grassmannian manifold. That said, they solve a very different problem from ours, and the analysis
is quite different.

1. One can save a further factor of n as the n® comes from computing the top 7 eigenvectors of a matrix which can be
done better, see e.g. Allen-Zhu and Li (2016). We do not belabor this issue here.
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Single/Multi-Index Models and Other Link Functions As mentioned above, the problem of
learning low-rank polynomial is a special case of that of learning a multi-index model, for which
there is also a large literature which we cannot hope to cover here. In addition to Dudeja and Hsu
(2018) other works include those based on a connection to Stein’s lemma Plan et al. (2017); Neykov
et al. (2016); Brillinger (2012); Li (1992); Plan and Vershynin (2016); Yang et al. (2017), sliced
inverse regression Babichev et al. (2018) as introduced in Li (1991), and gradient-based estimators
Hristache et al. (2001b,a); Dalalyan et al. (2008). Other works consider specific link functions or
families of link functions:

* z — sgn(z), i.e. one-bit compressed sensing Plan and Vershynin (2013); Ai et al. (2012);
Gopi et al. (2013).

* ZH> ]2]2, i.e. phase retrieval Candes et al. (2013, 2015); Conca et al. (2015); Netrapalli et al.
(2013).

* z — F(z) where F' : R” — R is computable by a constant-layer neural network Ge et al.
(2017); Bakshi et al. (2018); Janzamin et al. (2015); Ge et al. (2018); Goel et al. (2016); Goel
and Klivans (2017).

o z — 1 -sgn(z;) Vi€ [r]] for signs e € {£1}", i.e. intersections of halfspaces Vempala
(2010b); Klivans et al. (2009, 2004); Khot and Saket (2008); Vempala (2010a); Diakonikolas
et al. (2018).

* z — F(z) for some function F' : R” — {0, 1}, i.e. subspace juntas Vempala and Xiao
(2011); De et al. (2019).

That said, none of the above seem to imply the guarantees for learning low-rank polynomials
that we want, namely a run-time that is a fixed polynomial in n and poly-logarithmic in 1/e.

2. Outline of Algorithm and Analysis

A natural first step is to try to adapt the various techniques from the phase retrieval literature or
existing works on multi-index models to the problem. But this seems challenging even for rank
1. For example, the phase retrieval problem corresponds to the polynomial p(z) = z2, which
is rather special (see below), and if we don’t even know the polynomial, then there are further
difficulties. The works on multi-index models such as Dudeja and Hsu (2018) also seem to be
difficult to apply off the shelf. For one, they require smoothness of the link function. While it may
be possible to circumvent the strict smoothness condition, it seems hard to find useful notions where
the smoothness would not grow with the degree, leading to inefficient algorithms.

We present a different line of attack, inspired by ideas of Dudeja and Hsu (2018), Candes et al.
(2015), Balzano et al. (2010). Let P(x) = p((uj, x), (us, z), ..., (u}, z)) be the unknown a-non-
degenerate rank r polynomial. For the remainder of the paper, let D denote the distribution (x, y)
where © ~ N(0,1,,) and y = P(x). Let U* = span(uj, ..., u}) be the hidden subspace. Without
loss of generality assume Var(y) = 1.2

Our approach has two modular steps:

2. We can do so as our algorithms only need a good lower and upper bound on the variance y which can be obtained
easily.
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1. Warm start: Obtain a “good” approximation to the true subspace U™* by a modified PCA.

2. Boost accuracy: Use the subspace computed above as a starting point to boost the accuracy
by Riemannian stochastic gradient descent.

We next explain the steps at a high-level. The methods to carry out each of the steps could
potentially be useful elsewhere especially for problems dealing with subspace recovery.

2.1. Getting a Warm Start

The first step is to find a good subspace V' of dimension  that e-close to U* (i.e., dp(V,U*) < €) in
O,.q(n/e?) samples. Note that identifying the subspace U* is the best we can do as the individual
directions are not uniquely identifiable.

Rank-One Case: To motivate the algorithm, let us first focus on the rank 1 or single-index case.
Here P(x) = p((u*,z)) where u* € S"~! and our goal is to find some u € S~ close to u*.

To do so, we propose a modified PCA by estimating a matrix of the form M¢ = E[¢(y)zx
E[¢(y)]E[xxT] where ¢ : R — R is a suitable “filtering” function. The intuition behind looking at
M? is that the matrix has kernel of dimension n — 1 corresponding to directions orthogonal to u*.
Thus, the non-zero eigenvalue of M?, if any, could help us approximate or even identify u*.

But what should the function ¢ be? For example, for phase retrieval where P(z) = (u*, z)?,
taking ¢(z) = 22 suffices. The key issue is that this choice of ¢ does not work for general link
polynomials. For example, if the link polynomial p is p(z) = 2> — 3, the matrix M® for this
particular choice of ¢ is identically zero.

We propose overcoming this by instead applying a simple thresholding filter for ¢. Specifically,
for a parameter 7 > 0 to be chosen later, let

T]_

M™ 2 E[1(|y|> 7)(zz — I)].

We show that for all d there exists 7 = 7(d) that only depends on d such that M7 is a non-zero
matrix. Note that this by itself is not enough for our purposes: if the least non-zero eigenvalue of M7
were extremely small, then this would affect our sample complexity in estimating M". We show
there exists 7 such that M™ has an eigenvalue with magnitude at least Ay > 0 for some constant
depending on d only. As argued before, the corresponding eigenvector is u*. The intuition behind
the proof is that conditioning on |y|> 7 makes x more likely to be large in the relevant direction.

The above structural statement is enough to get a warm start for «* by looking at the empirical
approximation of M7: for N samples, let

—

1 N
Téﬁz (lys|> 7)(wixl —1I).

We can now use standard matrix concentration inequalities to argue that for N = Og4(n/e?)
samples, the top eigenvector @ of M7 satisfies ||u* — u[[< e.

Higher-Rank Case: Extending the above to higher ranks seems much more challenging.

A natural attempt would be to look at a matrix M ™ as above for a suitable 7. It is once again
easy to argue that M7 has n — r vectors in its kernel corresponding to the vectors orthogonal to U*.
We would now like to say that for some suitable 7 = 7(r, d), the top r eigenvalues of M ™ are at
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least A, 4. If so, we can proceed as before to get an approximation to U* (the non-zero eigenvectors
are in U*). While we can currently show that there is at least one such eigenvalue, we do not know
if the matrix M7 has rank at least r and it seems considerably more challenging to prove. The
difficulty is that unlike the rank 1 case, while conditioning on |y|> 7 should intuitively bias z to
have large norm in the relevant directions, it is not clear if it does so in every relevant direction.

Instead, we follow an iterative strategy where we identify one direction at a time in U*. This is
similar in spirit to the standard technique of computing the eigenvalues of a matrix by first comput-
ing the top eigenvector, projecting it out, and then iterating.

Concretely, suppose we have identified orthonormal vectors V' = {vy,va,...,v;} for £ < r
that individually have most of their mass in U*. Let Iy, be the projection operator onto the space
orthogonal to vy, ..., vy. Then, to compute the next direction we look at the top eigenvector of

MO 2 Ly E[L(y|> )11 {os @) < 1, Vi < O)(aa” - 1)y

As before, we argue that the top eigenvector of the above matrix will have most of its mass in
U™ and this gives us our next vector vy4 1. While the sequence of matrices we look at are a bit more
complicated, standard random matrix concentration inequalities still allow us to identify the new
directions with sample complexity O, 4(n).

In summary, we get the following:

Theorem 5 For all r,d, o, there exists C(r,d, ) such that the following holds. For all 6 > 0
and € € (0,1), there is an efficient algorithm that takes N = C(r,d,a)nlog(1/5)/€* samples
(x, P(z)) for x ~ N(0,1,,) and unknown P which is a-non-degenerate of rank r, and outputs a
subspace U such that with probability at least 1 — 9, dp(U,U*) < €. The algorithm runs in time
O(r(Nn?% + n?)).

2.2. Boosting via Geodesic-Based Riemannian Gradient Descent

The results from the previous section give us a way to find a subspace U that is e-close to the true
subspace U* with sample complexity O, 4(n/€?).

However, the dependence on € above is problematic and quite far from what is achievable, e.g.,
for the special case of phase retrieval. There, results starting with work of Candes et al. (2015) show
that one can get exact recovery of the unknown direction with sample complexity O(n); in this case,
while the sample complexity is O(n), the run-time to get within error e scales with log(1/¢)). In a
similar vein, the result of Netrapalli et al. (2013) shows that one can find a vector w that is e-close to
the unknown vector with sample-complexity O(n log(1/¢)) and a similar run-time. We address this
issue next and give an algorithm that achieves error ¢ with sample-complexity O, 4(nlog?(1/€))
and run-time Oml(n2 log®(1/e)). In the proceeding discussion, we will use some basic terminology
from differential geometry in motivating our algorithm, though we emphasize that the algorithm
itself is stated solely in terms of matrices, and its proof only involves, e.g., linear algebra and
concentration of measure.

First, it is important to understand what fundamentally changes when going from phase retrieval
to the more general problem of learning an unknown, low-rank polynomial. At a high level, there
are two closely related challenges:

1. Unknown r-variate polynomial: Unlike in phase retrieval where we know that the link
polynomial is h(z) = 22 a priori, in our setting we are not given the coefficients of the true
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polynomial. The natural workaround is to simply run gradient descent jointly on the space
of coefficients and the space of n x r matrices V. As we will see in Section 2.2.1 next, this
poses novel difficulties even in the rank-1 case.

2. Identifiability only up to rotation: A more fundamental issue is the number of inherent
symmetries in the problem, which explodes as r increases. Indeed, there is an infinitely
large orbit of parameters ©* = (c*, V*) which give rise to the same underlying low-rank
polynomial P, parametrized by the group of all rotations of the underlying subspace. Whereas
for r = 1 it is easy to quotient out most of the symmetries by simply running projected
gradient descent on the unit sphere, as we will see in Section 2.2.2, to define the right quotient
geometry we will need to run gradient descent on a manifold for which the corresponding
optimization landscape is far less straightforward. In addition, as we will see in Section 2.2.3,
these symmetries also pose problems for defining and analyzing a suitable progress measure.

In light of 2), it will be good to give a name to the set of parameters ©* = (c*, V*) which
correspond to the underlying low-rank polynomial.

Definition 6 For a collection of coefficients c* of a degree-d r-variate polynomial, and a column-
orthonormal matrix V* € R™ ", we say that the parameters ©* = (c*,V*) are a realization of
D if the polynomial p.(z) 2 3, ¢5¢1(2) satisfies P(z) = p.(V* " z) for all z € R", where {¢1}
are the (normalized) tensor-product Hermite polynomials of degree at most d over r variables (see
Section A.3).

2.2.1. NOoT KNOWING THE POLYNOMIAL: A TOY CALCULATION

The issue of not knowing p manifests even in the » = 1 case. Below, we examine at a high level
where the calculations for analyzing gradient descent for phase retrieval break down for us.

Let us try to imitate the approach of Candes et al. (2015). Let ©* = (c*,v*) be one of the
two possible realizations of D for which v* € S"~!, and suppose we already have a warm start
of © = (c,v), where the coefficients ¢ and c* define the univariate degree-d polynomials p(z) =
S0 cigi(2) and pa(z) £ 4| ¥ hi(z2) respectively. Given samples (2!, 1), ..., (2N, yN) ~ D,
a natural approach would be to analyze vanilla gradient descent over R%*! x R™ for the empirical
risk

N
£ D (Fi(0) —yi)®  for  Fy(©) 2 p(V' ).

i=1
To show that this converges linearly from a warm start, the first thing to show would be that the
negative gradient at © is correlated with the direction in which we would like to move, a property
that sometimes goes under the name local curvature. Noting that JVL(©) = + sz\i 1(FLi(©) —
F,i(0%)) - VF(2")(©), using the fact that we initialize at a warm start in order to linearly approx-
imate F;(©) — F,(0*) by VF,(0*) - (© — 0*), and explicitly computing the gradient of F, (see
Proposition 36), one can check that

=
2
>

N
D (VE,:(0%),0 - 0%)?
=1
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The expectation of this quantity is
* * * 2
12 E, (00" ) (0" ) + (0 = p) (0, 9))°]

Write v —v* = a-v*+ f-v' for vt € S*~! orthogonal to v*, where o = (v, v*) —1 &~ —||v—v*||2.
By some elementary calculations which we omit here, one can show that

d
p= 2 Ep @+ Y (@l +1) e+ ay/TH DT D) ey - cz)Q. 0
=0

In the case of phase retrieval, p(z) = p.(2) = 22 = V2 + V2 - ¢2(2),s0 ¢ = ¢* = (v/2,0,V?2)
and we simply get that
p=12a% + 46% > 4||v — v*||3.

In other words, the correlation between the negative gradient and the residual direction v* — v in
which we would like to go is positive and scales with the squared norm of the residual. This simple
calculation lies at the heart of the proof that vanilla gradient descent converges linearly to v* from a
warm start for phrase retrieval.

More generally, if c* = c, then the quantity in (1) will enjoy this positive scaling with ||v* —v||3,
and one can also show linear convergence of vanilla gradient descent. But it is apparent that when
c* # c, i can be arbitrarily close to zero, e.g. by taking 5 to be much smaller than «. So when
c* #£ ¢, we may get stuck at spurious infinitesimal-curvature points of the optimization landscape
and fail to make sufficient progress in a single step.

The basic underlying issue is simply that vanilla gradient steps can move us in unhelpful di-
rections, e.g. we might end up moving mostly in the direction of v when we should be moving in
directions orthogonal to v. And whereas this evidently does not pose an issue when ¢ = c*, which
corresponds to the case where we know the underlying polynomial and only need to run gradient
descent to learn the hidden direction, in the case where ¢ # ¢* and we must run gradient descent
jointly on v and c, the usual analysis of vanilla gradient descent fails.

2.2.2. NON-IDENTIFIABILITY: WHICH SPACE TO RUN SGD IN?

The workaround for the issue posed in Section 2.2.1 is clear at least in the rank-1 case: to avoid
moving in the wasteful directions which are orthogonal to the current iterate v, simply compute
the vanilla gradient and project to the orthogonal complement of v. We would also like to ensure
that our iterates themselves are unit vectors like v*, so the following two-step update rule would
suffice: 1) walk against the projected gradient and then 2) project back to S"~!. In fact, one can
show that this algorithm actually achieves linear convergence for learning arbitrary unknown rank-1
polynomials.

It turns out there is a principled way to extend this approach to higher rank. Indeed, the above
mentioned projected gradient scheme is nothing more than (retraction-based) gradient descent on
the Riemannian manifold S”~!: the orthogonal complement of v is precisely the tangent space of
S™~! at v, and the projection back to S” ! is a special instance of a retraction, roughly speaking a
continuous mapping from the tangent spaces of a manifold back onto the manifold itself. We do not
attempt to define these notions formally, referring the reader to, e.g. Absil et al. (2009).

The rank-r analogue of S"~! is the Grassmannian G(n, r) of r-dimensional subspaces of R™.
However, while various retraction operations, e.g. via QR decomposition, can be constructed,
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retraction-based Riemannian optimization is somewhat more difficult to analyze in our setting. In-
stead, we appeal to an alternative formulation of Riemannian gradient descent via geodesics.

Roughly, geodesics are acceleration-free curves on a manifold determined solely by their initial
position on the manifold, initial velocity, and length. Gradient descent on a Riemannian manifold
M via geodesics is then very simple to formulate: at an iterate p € M, 1) compute the gradient V
after projecting to the tangent space at p, 2) walk along the geodesic that starts at p and has initial
velocity V and length 1, where 7 is the learning rate.

We now see what this would yield in our setting. Let © = (c, V') be an iterate. For now, we will
keep c fixed and describe how to update V', regarded as a column-orthonormal n X 7 matrix of basis
vectors for the subspace V', by following the appropriate geodesic on G(n, ). Given a single sample
(7, y), define the single-sample empirical risk LE(V) = (F(0) — y)2. Let VLS(V) € R™ " be
the vanilla gradient, where LS(V) £ L,(©). It turns out its projection to the tangent space at V' is
simply V = H‘L/ -VLS(V) € R™", where H‘L/ denotes projection to the orthogonal complement of
V (note that this is a natural generalization of the tangent spaces for S*~1).

The geodesic I' with initial point V' and velocity V, and length 7 has a simple closed form in
terms of the SVD of V, which is made even simpler by the fact that in our setting, V turns out to be
rank-1. We defer the details of the exact update, which can be computed in time O(n), to Section C.

2.2.3. TRACKING PROGRESS IN BOTH C AND V

In the previous section we sketched our approach for updating our estimate V' for the subspace given
an estimate c for the coefficients of the polynomial, but did not explain how to update c. As c just
lives in Euclidean space, we can simply update ¢ to some ¢’ via vanilla gradient descent on LY,
where LY (c) £ L(©), and this is the approach we take.

To analyze such an approach, one would want to show that each step (¢, V) — (c¢’, V') con-
tracts some suitably defined progress measure. Indeed, the natural progress measure one could try
analyzing is

. * (12 * (|2
(c*,V*)lgglizing ’DHC - H2+HV -V ”F @
The key difficulty here is that the minimizing realization (c¢*,V*) could change with each new
iterate, and tracking how this changes is tricky as there is no clean non-variational proxy for (2).

Our workaround is to have our boosting algorithm alternate between two phases. For an iterate
V € R™ ", we run the following algorithm, GEOSGD, which alternates between two phases: 1)
recomputing a good c, and 2) updating V' using that c. An informal specification of this algorithm
is given in Algorithm 1 below.

We will defer an exact specification of GEOSGD and the subroutines REALIGNPOLYNOMIAL
and SUBSPACEDESCENT until Section C.

To analyze this scheme, rather than track progress in (2) we can simply track progress in
dp(V,V*) = infy«||V — V*||%, where V* ranges over n x r matrices whose columns form an
orthonormal basis for the true subspace. This progress measure is, up to constants, simply the Pro-
crustes distance between our current subspace V" and the true subspace V*, and can be approximated
by the chordal distance which has a simple closed-form expression amenable to analysis.

Roughly, we will show the following:

11
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Algorithm 1: GEOSGD (informal)
Input: Sample access to D, warm start V() € R"*4_ target error e, failure probability &
Output: Estimate (c(”), V(7)) which is e-close to a realization of D
for 0 <t<Tdo
Run REALIGNPOLYNOMIAL using V®_ That is, draw samples and run vanilla gradient

descent with respect to empirical risk LV over those samples to produce c(*) which
approximates the “best” choice of ¢ given fixed V().

Run SUBSPACEDESCENT initialized to V() and using c®). That is, draw samples and,
starting from V®), run a small step of geodesic gradient descent with respect to empirical
risk L, for each of those samples . Call the result V(41

end
Output V™),

Theorem 7 (Informal, see Theorem 38) [f'V is sufficiently close to the true subspace in Procustes
distance, then running REALIGNPOLYNOMIAL using V will yield c such that for the realization
(c*,V*) of D where dp(V,V*) = ||V — V*¥||p, |lc — c*||2~ dp(V — V*).

Theorem 8 (Informal, see Theorem 52) [f'V is sufficiently close to the true subspace in Procustes
distance, If V and c are such that ||c — c*||ax dp(V — V*)for the realization (c*,V*) of D where
where dp(V,V*) = ||V — V*||p, then running SUBSPACEDESCENT initialized to V and using c

will yield V' so that the progress measure dp(V, V™) contracts by a factor of 1 — O, 4(1/n).

Having defined the “right” gradient descent subroutines, the proofs of Theorems 7 and 8 will
be based on showing the same kind of estimates alluded to in Section 2.2.1. That is, for instance
we must show that the steps in both subroutines have good correlation with the direction in which
we want to go. Showing this holds with high probability will then entail exhibiting the appropriate
second moment bounds. In the case of Theorem 7, we can then invoke standard hypercontractivity-
based tail bounds to show concentration. In the case of Theorem 8, concentration will be more
delicate as each small step of SUBSPACEDESCENT will be a geodesic gradient step with respect
to a single-sample empirical risk LS. For the analysis to be doable, it is crucial that these risks
be single-sample so that the geodesic steps are rank-one updates. But then, to show concentration
over a sequence of small geodesic steps, we must invoke non-standard martingale concentration
inequalities, see Section A.2.2. Intuitively, if we take the sizes of these small steps to scale with
O(1/T), the corresponding martingale does not move away from its starting point by too much,
and the sum of the martingale differences ends up behaving more or less like a sum of iid random
variables (see the beginning of Section E.2.2). We refer the reader to Sections D and E for the
complete proofs of Theorems 7 and 8 respectively.
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Organization In Section A we introduce notation and miscellaneous technical facts that we will
use in our proofs. In Section B, we give our algorithm TRIMMEDPCA for obtaining a warm start.
In Section C, we give the formal specification for our boosting algorithm GEOSGD, and in Sec-
tions D and E we prove guarantees for its key subroutines. We complete the proof of correctness
for GEOSGD in Section F. In Section G we give the martingale concentration inequalities we will
need, and in Section H and Section I we complete proofs deferred from the body of the paper.
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Appendix A. Notations and Preliminaries

Throughout, n will denote the ambient dimension, 7 the rank of the polynomial, and d the degree.
Given a vector space U, let II;; denote the orthogonal projection operator onto U, and let U~
denote the orthogonal complement of U. We will often abuse notation and also use U to refer to a
set of column vectors {ug, ..., ug}, in which case span(U) denotes the span of these vectors, II;
denotes (1), and Iy denotes I, 7). Given vector spaces U C V/, V\U = VNU* denotes

the orthogonal complement of U in V. Given v € S~ 1, we willuse IT, £ vv " and IT> £ T —votoP
to denote projection to the span of v and its orthogonal complement, respectively. More generally,
given V' € R™ " whose columns are orthonormal, we will use II;y £ V'V T and H‘l/ 21-VV'to
denote projection to the span of the columns of V' and its orthogonal complement, respectively.

Given matrix M € R™*™, let || M ||r denote its Frobenius norm, and || M |2 its operator norm.

Let St} denote the Stiefel manifold of n x r matrices with orthonormal columns, and let G(n, )
denote the Grassmannian of r-dimension subspaces of n. G(n,r) can be regarded as the quotient
of St under the natural action of O(r), that is, given any subspace U € G(n,r) and any V' € St
whose columns form a basis for U, we can associate U to the equivalence class [V] £ {V -0 : O ¢
O(r)}.

For r > 0, let B} C R" denote the Euclidean ball of radius r centered at the origin. When the
context is clear, we will suppress the superscript n.

For polynomial p : R” — R, define Var[p] = E[(p — E[p])?]. Given indices j £ (j1, ..., j¢) €
[r], and z € R" we will use the shorthand

0

Ay
Dyp(z) £ 55 n(e)

3)

Similarly, for F' : R™*" — R, indices i € [n]’ and j € [r]’, and V € R™ ", we will use the

shorthand 5
D F(V) 2 F(V). )
! 8%17j1 T 8Vie,jz

A.1. Non-degeneracy

Recall the notion of a-non-degenrate rank r polynomials introduced in Definition 2. While that
notion is intuitive, it is less amenable to analysis. It turns out that the notion is essentially equivalent
(up to scaling « by d) to the following and we will use this going forward.

Definition 9 A polynomial h : R" — R is o non-degenerate if M = Ey o 1,) [Vh(g)Vh(g)T]
satisifes M = « - || M||21,.

We say a rank r polynomial P : R™ — R is a non-degenerate if P is non-degenerate in the r-
dimensional space corresponding to the relevant directions. That is, there exist orthonormal vectors
Ui, ..., up such that P(x) = h({u1,z), ..., (uy, x)) and h is a non-degenerate.

While it is not clear immediately from the definition, the notion above does not depend on the
specific basis chosen. Henceforth, fix constant angg > 0. we will let Pg":gd denote the set of
all angg non-degenerate rank r polynomials P of degree at most d in n variables that satisfy the
normalization conditions E y . x(0,1,,)[P(X)] = 0 and Eg a1, [VRh(9)Vh(g)"] = I,. We write

«

ndg Qndg
Pya- for P15

Finally, we will use the following elementary property of non-degeneracy.
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Fact1 If P € P.", then anag/d < Var[P(X)] <.

n,r,d’

Proof It suffices to consider n = r. For the upper bound, we have Var[P] < E, [[|Vp.(9)|3] <
by taking traces in the definition of non-degeneracy and invoking Lemma 19 below.

For the lower bound, we have Var[P] > E, [||Vp.(9)||3] /rd > andg/d by taking traces and
invoking Lemma 18 below. |

A.2. Concentration Inequalities

In this section we record some concentration inequalities. Let (1, ..., (7 be independent atom vari-
ables which each take values in Euclidean space.

A.2.1. STANDARD CONCENTRATION

We will need the following matrix concentration inequality in our analysis of TRIMMEDPCA.

Lemma 10 (Vershynin (2010)) Let ¢ : R — [0, 1] be any function. Let M = B, xr(0,1,)[¢(2) -
(zx" = D] If 21, ...,onx ~ N(0,L,) for N = Q({n Vv 1og(1/6)}/€?), then

Pr

1
HM N Z(ﬁ(ﬂﬂi) Sz 1)

26] < 4.
2

Proof This follows from standard sub-Gaussian concentration; see e.g. Remark 5.40 in Vershynin
(2010). |

In our analysis of GEOSGD, we will also need the following standard consequence of Fact 6.

Lemma 11 Let 71, ..., Z1 be iid scalar random variables which are each given by polynomials of
degree d in (1, ..., (t respectively. If Var|Z] < a2 for each i € [T), then then for any t > 0,

Pr > 1T . O(log(1/8))2 - ¢ | < 5.

Vs

Additionally, we will need the following concentration inequality for sums of random variables
which only satisfy one-sided bounds. This is a specialization of the martingale concentration result
of Bentkus (2003) to the iid case, though we also need that result in its full generality for Lemma 14
below.

Z(Zi —E[Z;])

1

1 I
T =

7

Lemma 12 (Special case of Bentkus (2003)) Ler Z1, ..., Z1 be iid, mean-zero random variables.
Let c,s > 0 be deterministic constants for which Z; < c with probability one and Var|Z;] < s for
alli € [T). Let 0 = ¢V s. Then for any § > 0,

T

1 1
P f§jzi>7.\/§1015. < 6.
rTz‘:1 VT s1/0)-7| <
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A.2.2. MARTINGALE CONCENTRATION

We now generalize the two scalar concentration inequalities of Section A.2.1 to the martingale
setting. In this section, let Y ({1, ..., (r') be a real-valued random variable depending on the atom
variables (1, ..., (7 which each take values in Euclidean space. Define the martingale differences
Zi(¢) £ E[Y|C1, .-, ] — E[Y (A, .., Gi—1]. When the context is clear, we will suppress the paren-
thetical . For brevity, we will use the acronym MDS throughout to refer to martingale difference
sequences.

The first lemma is the martingale analogue of Lemma 11, with the slight twist that the moment
bounds only hold with high probability. The bounds are slightly weaker than those of Lemma 11
but will suffice for our applications.

Lemma 13 There is a constant ¢y > 0 for which the following holds. Let o > 0, and suppose
the atom variables (1, ..., (r each take values in R"™, and suppose the martingale differences {Z;}
are such that for any realization of (1, ..., G;i—1, Zi(C) is a polynomial of degree at most d in (;, and
moreover Pr [E[Z2((1, ..., Gi—1] < 0%] > 1 — B for each i € [T). Then for any t > 0,

14

>

i=1

Pr [max > (2log(1/6) - )4 - VT -a| <6+T-B.

Le[T)

The second lemma is the martingale analogue of Lemma 12, again with the twist that the bounds
on the differences only hold with high probability.

Lemma 14 Let {c;};c [ and {s;};c|) be collections of positive constants, and let ; be the event
that Z; < c¢; and E[Z?|(1, ..., (1] < 2. Let 0; = ¢; V s;, and define o* = iaf. Then if

Pr[&|Ci, ..y Ci—1]) = 1 — B for each i € [T, then for any § > 0,

T
> Zi>2log(1/6) -0

i=1

Pr <64+T-5.

A.3. Hermite Polynomials and Gradients

1
(172

abilist’s) Hermite polynomial. {¢,(z)} forms an orthonormal basis for La(R) with respect to the
Gaussian inner product.
The following elementary identities will be useful.

For every ¢ € Z>¢, define the oscillator ¢y(z) = Hey(z), where Hey is the degree-¢ (prob-

Fact 2 (Derivatives) Forany0<i <k, ¢! =, [ - Shie

Fact 3 (Recurrence Relation) Forany k >0, 2 - ¢(2) = VE + 1opy1(z) + Vi - pp_1 ().

Fact 4 (Linearization Coefficients) Foranya,b,c € Z>q such that a+b > ¢, a+c > b, b+c > a,
and a + b + cis even.

Vval!-b!-c
EgNN(O,l) [qba(g)gbb(g)qbc(g)] = (a+g_c) . (a_g_;,_c) . (—a—;b—l—c) !

For all other a, b, c, this quantity is zero.
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Corollary 15 Forany 0 < a <),

Egnonlg- ¢a(9)tp(9)] =1b=0a+1] - Va+1

(a+1)(a+2)

Eyono,1)[#2(9)Pa(g)dn(g)] =1 [b=a+ 2] B T 1[b=a]-av2

Fact 5 Forany v,v' € S" L and (,0' € Z>,
Egn(o,) [0e((vs9) - ¢ (v, 9))] = 1 [0= T - (v, 0)".
We also record some basic facts about gradients and moments of polynomials in Gaussians.

Fact 6 (Hypercontractivity) For a polynomial f : R" — R of degree d, and integer q > 1,

E[f(9)]"/* < (g — 1)?E[f(9)*]"/?,
where the expectation is over g ~ N (0,1).

Corollary 16 For any integer ¢ > 1, By nr(0.1,, [Hg”2 NVa < (g—1)-(m+1).

Proof By Fact 6 applied to f(g) 2 ||g||2 and d = 2, we have that E[||¢]|3%]/? < E[||¢||4]"/2. But it
is straightforward to compute E[||g||3] = m? + 2m, from which the claim follows. [

Corollary 17 For any polynomial p € Ry[z1, ..., 2], j = (j1, ..., je) € [r]’, and integer ¢ > 1,
Ey[(D;p(9)""? < (g — 1)¥?- a7 - Var[p]'/?

Proof By Fact 6,
Ey[(Dyp(9))%]"/* < (q — 1)7*Ey[(D; p(9))*]"/?

Write Dj p as 7&0&18 5o P> where a; is the number of entries of j equal to ¢, and write p in the
.9zl

tensored Hermite basis p = ), ¢;¢;. By Fact 2,

o' a;
D;p(z) = mp( ZCT H ¢[ ' ZCI H (1: —az) T Pri—a; (%) |

i€(r] I i€(r]

so by orthogonality and the fact that a; + - - - + a, = ¢, we see that
Ey[(D;p(9))Y] = i~ ] I Ty S 2o [T av =d - valp)
I ie[r] O O R
from which the claim follows. |

We can use Corollary 17 to bound the moments of || Vp(g)||3.
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Lemma 18 For any polynomial p € Ry[x1, ..., x,] and any integer ¢ > 1,
E[|Vp(9)|I29/ < rd- (2¢ — 1)*- Vi
VPl < rd-(2g = 1)% - Var[p]

Proof We have

E[|Vp(9)ll3) < 7 E[|Vp(g) 5] = r* 1Y E
i=1

2q
(8iip(g)> ] grq'(2q—1)d‘1-dq'Var[p]‘1,

where the first inequality follows by Holder’s, and the last step follows by Corollary 17. |
It will be useful to give a corresponding lower bound for E[||Vp(g)]|3]:
Lemma 19 For any polynomial p € Ry[z1, ..., x,], Eg[||Vp(g)||3] > Var[p).

Proof Again, write p in the tensored Hermite basis p = ) | 7 cr¢r. We know that

2
2E [(ai“”) ] =Y k= Y = varl)
i ¢ Ji

i I#£0
from which the claim follows. [ |

The following more careful estimate gives something better than what Cauchy-Schwarz, Corol-
lary 16, and Lemma 18 imply.

1/2

Lemma20 Forany p € Ryfa1, ...z}, By [lgl*|Vp(9)I3]"/* < O(rd) - Var{p] /2

Proof Take any i, € [r]. Let ¢/ denote the polynomial [Leeqrpesi; @1.(xe). 1f ¢ = j, then

gi - <aij (9))2

E

_ 2
=F (Z cr - q}l(g) : \/.71 i ¢I¢1($i)>

1

2
=E ( cr- q?’(g) VI - (\/fz o1, (gi) +/1i — 1- ¢Ii—2(gi)>>
7

<2 (Z P+ LI - 1)) < 4d? Var[p],
1 I
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where the second step follows by Corollary 4, and the third step follows by the elementary inequality
(a+ b)2 < 2a? + 2b2. Likewise, if i = j, then we have that

o N\ | o i
E | g? ((%p(g)) =E (; cr-ap’(9) g b1.(9) VI - %—1(91))
~E (Z e a7 (9) - (VIF1- 614100) + VT 61,-1000)) - VT - @j_l(gj))
I
<2 (Z - (Li+DIL+) - IZ-IJ-> < 4d(d + 1) Var[p] < 5d? Var[p).
I I
The lemma follows upon summing over i, j € [r]. [ |

The following basic inequality will also be useful.

Lemma 21 Let S denote the collection of all multisets I of size at most d consisting of elements of

(). Then B[ (X1 61(9)%)°] < (),

Proof We have that

2
| (o) | <isiz [ o
I I

where the first step follows by Cauchy-Schwarz, the second by Fact 6, the third by orthonormality
of {¢1}, and the last by the fact that |S|= O(r)“. [

= |S[9" Y "E [61(9)?] = |S]*9" = O(r)*,
I

A.4. Tail Bounds

We will need the following elementary estimates for Gaussian tails and correlated Gaussians. Define
erf(3) £ Pryaro,1)[|h|< 8] and erfe(B) £ 1 — erf(8) (note we eschew the usual normalization).

It is an elementary fact that under this normalization, for all z > 0 we have that erfc(z) < =22,

Fact 7 (e.g. Proposition 2.1.2 in Vershynin (2018))

I < < —. .
(t t3> vl sl s e

Fact8 Let p € (1/2,1). For vectors v,v' € S*~! for which (v,v') = p, we have that
P L) [>1 A [, )< 1] <O(1 = p? 5
B (el 1A )< 1] < 0(VI= ®
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Proof We will bound the probability that (v,z) > 1 and (v',2) < 1, from which the desired
probability bound in the claim follows up to a constant factor.

First, we may write v = p - v/ + /1 — p? - v+ for v+ € S"~! orthogonal to v'. Then (v/, z)
and (v*, x) are independent standard Gaussians ¢’ and g*. Also define g £ (v, z) so that g, ¢’ are

p-correlated Gaussians. Provided ¢ > 1 and ¢’ < 1, the conditional density of ¢’ relative to g is
l1—pg

given by [V * * N(0,1, ), where N(0,1,z) denotes the density of the standard Gaussian at .

When g > 1/p, this integral is simply 3 - erfc <\}Ipig2> < fexp (—gl(l‘f%)
—p

We will also crudely upper bound the probability that 1 < g < 1/pand ¢’ < 1 by the probability
that 1 < g < 1/p, which can be upper bounded by i (% - 1) =0(1-p).
We conclude that the quantity on the left-hand side of (5) is at most

0o )2 0o 2
ot -n+3 [ o (5L ) =0t -n+; [ow (~rph) w
SO0~ p)+; Vor Vp P -1
=0(1=p)+0(V1=p*) =0(1=p?,
where the first step is by shifting the integrand, the second by standard Gaussian integration. |

A similar argument to the above shows the following:

Fact9 Let p € (1/2,1). For vectors v,v' € S"~! for which (v,v') = p, and an arbitrary unit
vector v, we have that

Epno1y) [(v,2)° [ {v,2)]> 1 A [, 2)[< 1] = O(1).
A.5. Subspaces and Subspace Distances
Definition 22 Given V, V' € St}', the Procrustes distance dp(V, V") is given by

dp(V,V') £ min |V —V'O|p.
0€eO(r)

Let0 < 0 < --- <0, <m/2be the principal angles between V and V'. Then we also have that

, 1/2
dp(V,V') =2 (Z sinz(ﬁi/2)> :
i=1
Definition 23 Given V, V' € St?, the chordal distance dc(V, V') is given by
do(V, V') 2 (d = [VTV'|[7)

Let 0 < 6y < --- <6, < 7/2 be the principal angles between V and V'. Then we also have that

. 1/2
de(V, V') = (Z sin? 92-) .
=1
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Fact 10 (Triangle inequality for Procrustes) Given any V1, Vs, V3 € St.,
dp(V1,Va) +dp(Va, V3) > dp(V1, V3).
Lemma 24 dp(V,V')?/2 <dc(V,V'")? <dp(V,V')2

Proof This follows immediately from the elementary inequality 2 sin?(#/2) < sin?(6) < 4sin?(6/2)
for 6 € [0, 7/2]. [ |

Next, we give a more refined estimate for dp(V, V)2 — dc(V, V')2.
Lemma 25 dp(V,V')? —dc(V,V')? < dp(V,V")*

Proof From the elementary inequality 4sin?(6/2) — sin?(#) < sin*(6) for @ € [0,7/2], we see
that

T 2 T 2
dp(V,V')? = do(V,V')? = (Z sin’ 9Z-> < (Z sin? m) = dc(V, V') <dp(V,V")*
=1 i=1
as claimed. |

The following consequence of Lemma 25 will be useful in our analysis of GEOSGD.

Lemma 26 For V,V* € St we have that |[I—V "V*||2< ||V = V|| If V, V* additionally satisfy
that |V — V*||p= dp(V,V*), then we have that |1 — VTV*|o< dp(V, V*)2

Proof It suffices to upper bound || — V" V*| . Note that

IT-VIV*% =d—2Te(VIV*) + |[VTV*|3
= |V = V*[}—de(V, V)2 < ||V, V*||%,

from which the first part of the lemma follows.
For the second bound, note that

IV = V*|[5=de(V,V*)? = dp(V,V*)? = dc(V,V*)? < dp(V, V"),
where the final step follows by Lemma 25. |

The following says that if a set of r orthogonal unit vectors all have large component in U*,
then their span is close to the true subspace in the sense of either of the distances above.

Lemma 27 Let II denote orthogonal projection to a subspace Uy € G(n, (). Let vy, ...,vp € S*1

be orthogonal and satisfy |1lv;|2> 1 — € for all i € [r]. Let Uy £ span({v;}). Then dc(Uy, Us) <
e-Land dp(Uy,Us) < V/2¢ - L.
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Proof Let V; € Stj be any frame with columns forming a basis for Uy, and let V5 € St} be the
frame with columns given by {v; };c(. Observe that

L
Ao (U, Uz)? = €= Vi Vallp= £ = Tr (VT TIV) > £ = 37 T lo=e - .
=1

as claimed. |
We will also need the gap-free Wedin theorem of Allen-Zhu and Li (2016):

Lemma 28 (Allen-Zhu and Li (2016), Lemma B.3) Let ¢,~, n > 0. For psd matrices A, A €
R4 for which |A — A||2< €, if U is the matrix whose columns consist of the eigenvectors of A
with eigenvalue at least u, and U is the matrix whose columns consist of the eigenvectors of A with
eigenvalue at most ji — =, then ||[UT U||2< €/~.

Claim 1 For any M € R™"™ and projectors 111,11y € R™ " to subspaces Uy,Uy € G(n,¥),
L MLy — Iy MTLz|l2< O(|| M ||2-de(Ur, Uz)).

Proof We bound ||(TT; — ) " MTI;||5 and ||TIj M (IT; — II3)]||2 and apply triangle inequality.
By sub-multiplicativity of the operator norm and the fact that projections have spectral norm 1,
||(H1 — HQ)TMﬂlHQS ||H1 — H2”2‘||M”2. Finally, note that

T — o [o< |y — || p= V2 - de (U7, Ua),

from which the claim follows. [ |

Lemma29 LetU* € G(n,r), V € St, and € > 0. Suppose the columns v; of V satisfy | yv;||2>
1 — € for every i € [{]. Then there exist orthogonal vectors v}, ...,v; € U for which (v;,v}) >
1 — €202/2 for every i € [/].

Proof Let U £ span({v;}). By Lemma 27, dp(U, U*) < € £, so there exists a frame V* € St” for
U* such that ||V — V*||p< e £. Note that ||V — V*||2.= 20 - 2Tr(V ' V*) = 2 Zle(l —(v3,v})).
As v;, v} are unit vectors 1— (v;, v}) > 0 for every i € [¢], so we conclude that (v;, v}) > 1—€2%/2
for each i € [/]. [ |

Appendix B. Warm Start via Trimmed PCA

The main result of this section is the proof of Theorem 5. Let D denote the distribution (X, Y") where
Y = P(X) is a  non-degerate polynomial of rank 7 and degree at most d as in the hypothesis of the
theorem. Let U* be the true hidden subspace defining P. The proof follows the outline described
in the introduction closely. To this end, for a threshold parameter > 0 and a collection of unit
vectors V' = {vy,..., v}, define the matrix

My 2 Ty - (Bgagyon [1HIy1> 7} A {l{o2)| <1, Vi€ (0] - (@2 = D)) Ty,

We will show that the above algorithm satisfies the guarantees of Theorem 5. The core of its
analysis will be the following main inductive lemma.
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Algorithm 2: TRIMMEDPCA(D, ¢, 9)
Input: Sample access to D, target error e, failure probability ¢
Output: Frame for a subspace U with dp(U, U*) < ¢, with probability at least 1 — §

Vo « 0.
7 71(r,d, ) // Lemma 30)
for0</<r-—1do
Draw N = O, 4(n) samples (z1,%1), ..., (N, YN) // Theorem 5)
Compute an empirical approximation M to M. v, by drawing N = Oy.d.¢(n) samples from

the distribution D.

Let v**1 be the eigenvector with the largest eigenvalue of M.
Vig1 < VU {01

end
Output V.

Lemma 30 There exists T = 7(r,d, &), a constant C = C(r, d, ) such that the following holds.
LetV = {v1,..., v} for { < r be orthonormal vectors such that | +v;||> 1 — p, and M a matrix
such that | M — M ||< p. Then, the largest eigenvector v of M satisfies | IIy+v|> 1 — C0?p.

Before proving the lemma, we first show how the main theorem follows from the above.
Proof [Proof of Theorem 5] Let C, 7 be as in the above lemma. For a pg to be chosen later, let
per1 = ClPpyfor ¢ > 0. Let N = O(nlog(r/8)/p?).

We will show by induction that || I« vg||> 1 — py. Suppose we have the statement for vy, . . ., vy
computed by the algorith/nl. Then, in the next iteration, by Lemma 10, with probabili{y at least

1 —§/r, we will have |[M* — M7, ||< py. In this case, the top eigenvector vz of M satisfies

|Piv-vea||> 1 — Clp)* =1~ Clpg.

By a union bound over the r events, we get that with probability at least 1 — §, we would
have computed orthonormal vectors vy, . .., v, such that ||IIy«v;||> 1 — p,. Now, by Lemma 27,
dp(sp(vi,...,v.),U*) < O(p,r).

As p. < C"r?" pg, the lemma follows by setting pg = €/(Cr)?". The overall sample complexity
willbe N = O(r - nlog(r/d)/pg = C(r,d,a)nlog(r/§)/e? as stated in the theorem.

Each iteration of the for loop takes time O(n?N) to form the matrix M and further O(n?) time
to compute the top eigenvector. So the total run-time is O(r(n?N + n?)). [ |

B.1. Proof of Lemma 30

We next prove the Lemma 30 which allows us to identify one direction at a time. The proof proceeds
as follows:

1. We first show a lower bound on the largest eigenvalue of the matrix M{, when the vectors
v1,...,0p lie in the subspace U*. This is the heart of the proof and follows from a com-
pactness argument. This essentially gives a proof of the lemma when V' C U* (and M
approximates M7,). See Lemmas 31, 32.
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2. The second step is to reduce to the above case. Given V' as in the lemma, we find orthonormal
vectors V* = {v],...,v;} € U* such that ||v; — v}||< O({p). We then do a perturbation
analysis (using elementary linear algebra) to argue that perturbing the vectors V' slightly will
only incur a small error in the matrix M{,. Specifically, we will show that || M{, — M. ||<
O(Lp'/*). See Lemma 33.

For brevity, in the remainder of this section let IT* denote orthogonal projection to the true subspace
U* C R".

First, we show that if the vectors in V* = {v], ..., v} were vectors in the true subspace, then
the top eigenvector of M7,.. will be a new vector in the subspace orthogonal to the preceding ones.

Lemma 31 There are absolute constants T = T, 4., i > Oand X\ = A\ gq, i > 0 for which the
following holds. Suppose V* = {v},...,v;} C S"~! are orthogonal and is in U*. Then

1. The kernel of M. contains span(vy, ...,v}) as well as the orthogonal complement of U*.

2. The top eigenvalue of MY, is at least X and corresponds to a vector in U*\span(V*).

Note that Lemma 31 already gives a nontrivial algorithmic guarantee for £ = 0: given exact access
to M, we can recover a vector inside the true subspace by taking its top eigenvector.
Proof Let {v}};c[q to an orthonormal basis {v} };c|, of U*, and let p*((V*) " x) be a realization of
the true low-rank polynomial, where the frame V* € St]' consists of these basis elements.

(Proof of 1) Certainly span({v; }ie[é}) lies in the kernel of MJ,. by definition. Moreover for any
v € S"~! orthogonal to U*, because (v}, x), ..., (v¥, ), (v, x) are independent Gaussians, call them
g1y gry g1 ~ N(0,1), we have that

v "MTv = E [L[{|p"(g1,-.90)[> 7} A {lgil< 1V € [)] - (oF — 1)

=EL[{lp* (g1, 90)1> 7} A {lgil< 1Vie[G}]-E[(g7 —1)]
—0.

(Proof of 2) The fact that the top eigenvector lies in U*\span({v; };c[q) follows immediately from
the fact that it must be orthogonal to both span({v; };c[¢ and the orthogonal complement of U*.

To get a bound on the top eigenvalue, define the quantities Z; £ v*iT Myi.v7 for £ <@ < r.
Again using the fact that (v}, z), ..., (v}, ) are independent Gaussians g1, ..., g,, we have

S Zi=E [1[{[p" (91, 9)> 7} A {Jgsl< 10 € [0}]- (ng—v—z))].

i=0+1 >0

We would like to lower bound this quantity, at which point by averaging over ¢ we conclude the
proof of the lemma.

Let K C R" denote the set of all points = for which |z;|< 1 forall 1 < i < ¢ and for
which Y7, ;27 < 2(r — {). For any p € P:;dg, define ||p||k= sup,ck|p(z)|. By compact-
ness of K, ||p||x< oo for all p, and furthermore ||p||x is a continuous function of p. If we take
7 = T(Qndg, 1, d, £) 2 SUP, ¢ e |lp|l x, then by compactness of Proj("idg, is some finite quantity de-

pending only on angg, 7, d, and . For this choice of 7, we conclude that if a point (g1, ..., g,) € R”
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satisfies |p*(g1, ..., gr)|> 7 and |g;|< 1 for all 7 € [¢], then it must lie outside K. We conclude that

> Ziz(r=0)-Pr[{|p*(g1, - 9> 7} A {g € K},
i=+1

In particular, there exists some ¢ > ¢ for which Z; > Pr[{|p*(g91,...,9-)|> 7} A {g & K}]. The
right-hand side is a continuous function in p, call it A,. For any p, there must exist some point
x ¢ K for which p*(x) > 7, so again by compactness of 73? ("fg, we see that Z; > A for some

strictly positive constant A depending only on aygg, 7, d, £. |

Henceforth, for brevity, we will denote the constants 7. 4 i and A, 4 o
and ) respectively.
We next show that the above lemma implies Lemma 30 for the case when V' C U*.

., from Lemma 31 by 7
ndg

Lemma 32 Given orthonormal vectors V* = {v},...,v;} C U*, and a matrix M for which
IM — M7, |[2< p, the top eigenvector v of M satisfies

1/2
T 00> <1 — Afp) >1-(2/\)p.

Proof By Lemma 33, the top eigenvalue of MYy, is at least that of M. minus p. Let V* € St ,

*

be the matrix whose columns consist of vy, |, ..., v;. Invoking the first part of Lemma 31, let B be

the matrix whose columns consist of a basis (v, ..., v}, W41, ..., wy ) for the kernel of M7, so that
v*v*' + BBT =1,,. (6)

By applying Lemma 28 to Ml and M7,. with = v = X\ — p, we get that [[v " - B|[< /\Lip. By (6),

1/2 1/2
T 17+ T 2 P
v :(1— -B) >(1- -2 ) .
o7 v ll= (1= o) 2 (1= 2
Note that || TT*v||a= [|v" - V*||2. The lemma now follows. [ |

Finally, we show that for orthonormal vectors V' = {v1, ..., vy} which all have large component
in U*, the matrix MY, is spectrally close to some My, for V* = {v},...v;} in U*.

Lemma 33 There is an absolute constant co > 0 for which the following holds. Given orthonormal
vectors V. = {v1, ..., v} for which ||IT*v;||2> 1 — ¢ for some 0 < & < 1 for all i € [{), there exist
orthonormal vectors V* = {v}, ..., v;} C U* such that | M}, — MJ... |, < coel®.

Proof Let V* = {vj,...,v;} be orthonormal vectors in U* guaranteed by Lemma 29 such that
(v, vF) > 1 —g20%/2.

For each 0 < a < ¢, define the hybrid collections of vectors V(@) £ {vl, o vi_q,ve, - v}y
and also define the hybrid matrices

T a .
M©® £ (1) (Bgyen [1[{sl> 7 A 100 2)< 1V [0)] - (2T -D)]) 11,
Note that V(©) =V and V¥ = V*, and similarly M(©) = \Y KP

We will bound || M©@+Y) — M(@)|, for every 0 < a < ¢, and then bound || M) — M7, ||. The
lemma will then follow by triangle inequality.
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Claim 2 Forany 0 < a < ¢, |[M@+D) — M@ |[,< O(el).

Proof We will bound vT(M(“H) — M(a))v for any v € R"; without loss of generality, we may
assume v is orthogonal to vy, ..., vy.

Let £ denote the event that |(v,, z)|> 1 and {|(v},z) < 1} or vice-versa. Now, note that the
indicator events in the definitions of M(®) and M (¢*+1) only differ when & occurs. Therefore,

’UT (M(a+1) o M(a))

IN

E[L(&) - ((v,2)* +1)]
< B[L(E)] - (1 + Bl(v, x)[€])
= O(Pr(€]),
where the last inequality follows by Fact 9.
Finally note that by Fact 8,

Pr(&] < O(y/1 = (vi,vf)) = O(pl).
The claim now follows. |

To bound |M ) — MF,.||2, we will use Claim 1. We note that the matrix
E@y~p |LHlyl> 7} A {[(vi,2)|< 1Vi€ [} - (zaT =)

has spectral norm at most ||E[zz ]||2+1 = 2. Soif U £ span(vy, ..., v¢) and U’ £ span(v%, ..., v}),
then by Claim 1,
IM© = M. [[2< O(de (U, U")) < O(e - £),

where the last step follows by Lemma 27.
Lemma 33 follows by applying the above inequality, Claim 2 for all 0 < a < ¢, and triangle
inequality. |

We now put Lemmas 32, 33 together to prove Lemma 30.
Proof [Proof of Lemma 30] Choose 7 to be as in Lemma 31. We will choose C' = C/¢?/\ for ) as
in the lemma and C' a universal constant.

Let V* be the set of ¢ orthonormal vectors in U* as in Lemma 33 so that

|M7 — M- < O(pf?).

Thus, we have || M — M7..||< O(pf?). The lemma now follows by applying Lemma 32. [ |

Appendix C. Boosting via Stochastic Riemannian Optimization

In this section we describe our algorithm for boosting a warm start to arbitrary accuracy and defer
the details of its analysis to Sections E and D.
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Theorem 34 (Error Guarantee for GEOSGD) There is an absolute constant c¢g > 0 such that
the following holds. Let U* be the true subspace of D. Given V) ¢ St spanning a subspace U
for which dp(U,U*) < (c3 - dr®)~%=2, if in the specification of GEOSGD we take

=" log(1/e€) - poly(In(1/andg), 7, d, In(1/5), In(n))?, (7)

Qndg
then GEOSGD(D, V) ¢, §) returns (C(T), V(T))for which there exists a realization (¢*,V*) of D
such that dp(V "), V*) < e and ||c(T) — c*||2< e.

Theorem 35 (Complexity of GEOSGD) Let Ty = O(rd*)%+1-1log(1/e€), B = O(log(T1-T/6))%,
and Ty £ (r/andg)? - O(d - log(T'/8))*19. Then GEOSGD draws

nlog?(1/e)
3

N2T.(B- Ty +T3) =0
ndg

-poly(In(1/cungg), 7, d, In(1/6), ln(n))d>

samples and runs in time n - rOd) . N time.

C.1. Preliminaries

Let M = r9@ be the dimension of the linear space of polynomials of polynomials of degree d
over 7 variables. For ¢ = {c;} € R, where I ranges over multisets of size at most d consisting
of elements of [r], and V' € St7, let parameters © = (c, V) correspond to a rank-r polynomial
F.(©) 23, c;¢7(V Tx) in the variable x. Given a sample (z,y) ~ D, let L,(0) = (F,(©) —y)?
denote the empirical risk of a single sample.

We will often regard F}, and L, as functions solely in c (resp. V) for a fixed choice of V' (resp.
c): given a fixed V (resp. a fixed c), define F (c) and LY (c) (resp. FS(V) and LE(V)) in the
obvious way.

Let VF,(©) denote the gradient of F}, as a function on Euclidean space, and let VV*°F,(©) £
VES(V) and Vf F,(©) £ VEY (c) denote its components corresponding to V' and c respec-
tively. We can compute their gradients, indeed all of their higher derivative tensors, explicitly:

Proposition 36 For any x € R", a,b € Z>o, and © = (¢, V),
[Ty @i ) - pP(VT2) ifa=0

Fy(©) = b2 ) - dB V) ifa=
dcyay -+ Ocp@OViy gy -+ OV j, ©) oz )-or(Vie) fa=1

8a+b

0 otherwise
From Proposition 36 we conclude that
VY F,(0) =z (Vp(V'z)" and V<IF,(0) = {¢/(V 2)}/.

It will be important to consider V'~ F,,(©) £ IT{; V¥ F,(©) the projection of V' [, (0), to the
tangent space of G(n, ) at the point [V].

Lastly, we record here an elementary estimate which will be used repeatedly in the proceeding
sections and defer its proof to Appendix I.1.

Lemma 37 For any integer m > 1 and { = ({1, ...,0p) € [d + 1™,

11 (VI“IF.(0), (0" - @>®“>]

v=1

lc —c*l2

E < 2™ (2mdr?) "V ey b <1 +
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C.2. Gradient Updates: Vanilla and Geodesic

GEOSGD alternates between one of two phases: updating c or updating V. Our updates for ¢ are
straightforward: at iterate © = (¢, V') and given a batch of samples (xq, yo), ..., (xp—1,y5-1) ~ D,
we fix V' and take a vanilla gradient descent step using % Zf:ol Lg‘c/;, (c). For learning rate 7coef, this

leads to the update

B—-1 B-1
1 1 N
¢ = o1 = 2eoes * 7 D (Fuy(0) = o (07) - 61(V ) 2 ey = =) (Ac@o’e;>] VI (8
1=0 =0

The updates for V' will be less standard. At iterate © = (c, V'), and given a sample (z,y) ~ D,
consider the geodesic ' on G(n,r) with initial point [V] € G(n,r) and initial velocity I'(0) =
IV LE(V), where LE(V) £ L,(0).3

Define the vectors h©% € R, VO € R” by
hO® £ 9(F(O) — Fp(0)) - -z and VO 2 Vp(V 'x) )

so that T'(0) = h®% . (V9*)T. Geodesics on G(n,r) are determined by the SVD of the initial

velocity I'(0), which is simply given by
0(0) = o - h®* . (VOT)T,

where

. h@@ N V@,x
Sz 4 Ora VT 097 & [h0F||vO.

~ [1n®e] V=]

Walking along the geodesic with initial velocity I'(0) for time 7yec then yields the following
update rule (for the details, see the derivation of equation (2.65) in Edelman et al. (1998)),

~ ~ ~ ~ T
V2V~ (cos (0%7hec) = 1) VIO (VO T —sin (omec) 5O (VO7) 2 V=A02. (10)

One readily checks that the columns of V'’ are orthonormal.

We are now ready to state our boosting algorithm GEOSGD, which is composed of two alternat-
ing phases, SUBSPACEDESCENT and REALIGNPOLYNOMIAL which execute the updates (8) and
(10) respectively. In the next two sections, we will analyze these two phases.

Appendix D. Guarantees for REALIGNPOLYNOMIAL

Before we can describe our main result of this section, we require some setup.

Henceforth, fix a frame V' € St;'. The aim of REALIGNPOLYNOMIAL is to approximately find
the r-variate, degree-d polynomial p for which p(V ") is closest to the true low-rank polynomial.
Suppose V' was (-far in subspace distance from the true subspace for some 3, or equivalently, that
there was some frame V* € St for the true subspace for which ||V — V*||p= /. By working

3. We emphasize that technically this is not well-defined as this velocity depends on the choice of representative V;
indeed, F; (V') cannot be regarded as a function on G(n, ), as ¢ is fixed so that different rotations of V' will actually
yield different values. But as our goal is simply to produce an update rule, we can freely ignore this point and see
where this line of reasoning leads.
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Algorithm 3: SUBSPACEDESCENT(D, V() ¢§)

Input: Sample access to D; frame [AQNS St"; coefficients ¢ € RM, failure probability &
Output: V(1) ¢ St which is slightly closer to the true subspace than V', provided (c, V(U))
satisfies certain conditions (see Theorem 52 for formal guarantees)

Define iteration count 7" according to (24).

Define learning rate nyec according to (23).

0 (¢, V)

for 0 <t<Tdo

~ @(t)ﬁwt ~ o(t) 4t ,

Sample (z¢,y!) ~ D h <« m and V < ”gmiw,zt” // equation (9)
o ||h@(t)’xt|]-HV@(t)’xt||.; vt  y®) — A\%(ct>’xt // equation (10)
O+ (¢, VD)

end

Output V(D).

Algorithm 4: REALIGNPOLYNOMIAL(D, V¢, §)
Input: Sample access to D; V' € St'; target error ¢; failure probability §
Output: ¢ € RM for which (c(T), V') is close to a realization of D (see Section D for details)

Define batch size B according to (13).
Define iteration count 7" according to (12).
Define learning rate 7coef according to (11).
c® 0.
0O « (c V).
for0 <t<Tdo
Sample (z},4}), ..., (z'5, y5) ~ D.
t
For every I, c(ItH) — c([t) -+ f;?)l (Ai’:{)l // equation (8)
et {Aﬁ”}j and 1) « (c(t+1), 1)
end
Output ¢,

with V" instead of V*, we obviously cannot hope to produce p for which p(V " z) is exactly equal
to the true low-rank polynomial p, (V*TSL'). But it is reasonable to hope for a p for which the error
incurred by p is comparable to the inherent error 8 contributed by the misspecified frame V. The
main result of this section is to show that REALIGNPOLYNOMIAL can find such a p given V:

Theorem 38 There are absolute constants cy, c5, cg, c7,cg > 0 such that the following holds for
any €,0 > 0. Let V € St7, and let (c*,V*) be the realization of D for which dp(V,V*) =
|V = V*| p. Suppose dp(V,V*) < (cg - drr3)~(d+1)/2,

Define c¢T) = REALIGNPOLYNOMIAL(D, V, ¢, d), where in the specification of REALIGN-

POLYNOMIAL we take
)d-‘rl

an

A 4
Ncoef = (CGTd
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Algorithm 5: GEOSGD(D, V) ¢, §)
Input: Sample access to D, VO e St7", target error ¢, failure probability d
Output: © = (c(D), V(1)) € M for which dp(VT), V*) < eand ||c — c*||2< € for some
realization (c*, V™) of D
Define iteration count 7" according to (7)
8+ /(2T +1)
for0 <t<Tdo
c®) « REALIGNPOLYNOMIAL(D,V® €/2,)
VD « SUBSPACEDESCENT(D, V() c®) )
end
c(T) <~ REALIGNPOLYNOMIAL(D, V(1) ¢/2,§")
Output © 2 (¢, V(1)

T2 cs (cgrd))™" - log(1/e). (12)
B 2 (cg - log(T/6))%. (13)
Then with probability at least 1 — 0, we have that
et = e*ll2< (14 7 - (codr®) @D/ e v dp(V, V). (14)
Furthermore, REALIGNPOLYNOMIAL requires sample complexity
N £ O(B-T) = poly (log(1/6), 7, d, loglog(1/€))" - log(1/¢)
and runs in time n - 194 . N.

Before turning to the proof, we set some conventions. Henceforth, fix any V, VV* satisfying the
hypotheses of Theorem 38. Given coefficients c corresponding to the r-variate polynomial p, define
8¢ £ py — p. In light of (14), it will be convenient in our analysis to quantify, for an iterate c(*), the
extent to which ||c®) — ¢*||, differs from dp(V, V*) via the (unknown) parameter

dp(V,V*)
le® — >’

(1>

Pe(®)

For both . and p., we will sometimes omit the subscript when the context is clear.

Note that we would like the eventual output c(”) of REALIGNPOLYNOMIAL to have large p.
The proof of Theorem 38 thus comes in two parts: 1) when p. ) is small, the next p.(:+1) is larger
by some margin, 2) when p_«) is large, p,+1) may be smaller but will still be no smaller than the
bound we are targeting in (14). Formally:

Theorem 39 Suppose dp(V,V*) < O(dr®)~@+D/2 For any § > 0, let c be an iterate in the
execution of REALIGNPOLYNOMIAL, and let ¢’ be the next iterate, given by
B—-1
ALY 1 @,mi
=Cc— B coef
=0

C

as defined in (8) for iid samples (2°,y°), ..., (xB71, yB71) ~ D. If coer = O(dr*) =41, then with
probability at least 1 — & over the samples {(z*, yi)}ie[B],
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L. If pe < 1, then pe > (1 + Qdr*)=01) - pe.
2. If pe > 1then po > 1 — O(dr*)=(@+D/2,

We quickly verify that Theorem 39 implies Theorem 38.
Proof [Proof of Theorem 38] Take any iterate ¢ in the execution of REALIGNPOLYNOMIAL.
Taking 0 to be 1/7 times the error probability in Theorem 39, we have by a union bound over all 7'
iterations of REALIGNPOLYNOMIAL that with probability at least 1 — 9,

Pelt+1) = {1 — O(dr4)7(d+1)/2} A {pc(t) (14 Q(d?A)*d*l)} ,
for every 0 < t < T, which can be unrolled to give
Pe(T) > {1 _ O(dT4)_(d+1)/2} A {pc(o) . (1 + Q(d?”4)_d_1)T} )

We can rewrite this inequality as

dp(V,V*)
) * P\V,
lc c’l2< {1 _ O(dr4)_(d+l)/2

} v {||c<0> — et for(1 4 Q(dr4)*d’1)’T} .

As we are initializing ¢(?) = 0, we have that ||c(?) — ¢*||s= ||c*|]2< . The theorem follows
from taking 7' = O (dr*)?*! - log(r/¢) = O(dr*)?*! - log(1/¢). |

As Theorem 39 suggests, we just need to analyze REALIGNPOLYNOMIAL on a per-iterate basis.
Henceforth, fix an iterate c; we will sometimes refer to the pair (c, V) as ©. Let (z°,¢°), ..., (B~ 1,y
D be the batch of samples drawn for the next iteration of REALIGNPOLYNOMIAL. v

We first show that it suffices to prove that with high probability, the step —=% f; _01 AZ . is
both 1) correlated with the direction ¢ — ¢* in which we want to move, and 2) not too large. 1) and
2) can be interpreted respectively as curvature and smoothness of the gradient of the empirical risk

in a neighborhood of our current iterate. Quantitatively, we claim that it suffices to show

Bfl) ~

Lemma 40 (Local Curvature with High Probability) Foranyé > 0and~y > 0, if B = Q(log(1/6))%¢-

7_2, then we have that

1 t N .
=2 (Bl — ) 2 08 feoes - [le — 1 (15)

1

o

Il
o

for
o 21— e — lle = &b (0G/2d) - o2 + O V2 - pe1 + pe)

with probability at least 1 — .

Lemma 41 (Local Smoothness With High Probability) For any 6 > 0, if B = Q(log(1/6))%,
then we have that

2
<O Maelle — €13 for vt £ O (1 p).
2

B-1

1 v
E Z Aféef

1=0

with probability at least 1 — 0.
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We verify that Lemmas 40 and 41 are enough to prove Theorem 39.
Proof [Proof of Theorem 39] (Part 1) By (8) we have

LB 2 | B
EZAgoef _2<BZA§oef7c_c*>'
=0 2 =0

If the events of Lemmas 40 and 41 occur, then we get that

/

I" = 3~ lle - c*[I3=

le" = "3~ lle — " 13< lle — €[5 (Meoefve” — néoerve™)
If pc < 1, then we have that
Ve =1 =7 = fle = e [2:0(pe) - O(dr®) D2 = 1 — 5 — O(dp(V, V7)) - O(dr®) D2,

so if we take v = 1/4 and dp(V,V*)y < O(dr®)~(@+1)/2  then we ensure that v$¥ > 1/2. Addi-
tionally, p. < 1 implies that vS™ = O(dr*)4*1. So if we take fcoer = O(dr*) %1, we conclude
that

le" = € 3< (1 = 1coet/3) - le = €* 3= per > pe - (1 = ncoer/3) 72

(Part 2) By triangle inequality,

le” = ¢[l2< [le = ¢l +

1 B-1 )
E Z Agoef
i=0

2

If Lemma 41 occurs, then we get that

e/ = "2 fle = €l (1 + ost - /08 = [l = € - (1 + ost - O(dr") /2 - )

or equivalently,
—1
per > pe - (1 + Neoef - O(drt)dH1/2. pc) : (16)

For our choice of Ncoef = @(dr4)_d_1, note that the quantity on the right-hand side of (16), as a

function of pe, has minimum value (1 + O((ir‘l)*(d“)ﬂ)f1 over pe € [1,00), attained by pe = 1,
from which Part 2 of the theorem follows. |

We now proceed to show local curvature and smoothness.

D.1. Local Smoothness

In this section we show Lemma 41.

First, by Jensen’s,
2

= | B
i vo2
E Z Aioef < E Z HAfoef”Q?
i=0 9 i=0

so to show Lemma 41 it suffices to bound the expectation and variance of the random variable
| AZ_ ¢|13 with respect to z ~ N(0,1,,) and invoke Lemma 11.
We will need the following helper lemma which is a straightforward consequence of Lemma 37

and whose proof we defer to Appendix H.1.
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Lemma 42 Forany © = (c,V) and ©* = (c*,V*), E[(F,(0) — F,(0*)4'/? < O(dr?)d+1 .
IV = V*ptlie —cl2)*

We now use this to bound the expectation and variance of || AZ, ¢||3.

Lemma 43 E[[| AL 3] < n2oer - O(dr) - (|V = V¥ pt]le — c*[l2)".

coe

Proof By Cauchy-Schwarz,

57 1/2
T E [185gl3] <E[(F(0) - F(0)'] T E| [ Y or(vT)?
Teoef T
<O@H™ - (|V = V¥ ptle = el2)?,
where the second step follows by Lemma 42 and Lemma 21. |

Lemma 44 E[[|AZ |3 < nl .- O@drt)? 2 (|V = V*||pt]c — c*[l2)™

coef

Proof Note that (F,,(©) — F;(0*))? and >_; ¢;(V "z)? are degree-2d polynomials in z. So by
Cauchy-Schwarz,

411/2
1

1677::10ef

E (1A% ) < 2 [(7(0) - F@)]

E (Z ¢1(v%)2>
1

2
<3'.E[(F,(0) - F.(6")"] ‘E (Z ¢I(VTQ:)2>
1

< O(dr > ™2 (||V = V¥ ptlle — e*ll2)",
where the second step follows by Fact 6, and the third step follows by Lemmas 42 and 21. |

We are now ready to prove Lemma 41.

Proof [Proof of Lemma 41] Note that || AZ__||3 is a polynomial of degree 2d in . So by Lemma 11,
Lemma 43, and Lemma 44, we see that

19 1
5 2 NATIBS e - OWr) ™ - (V= V7 [ ptle — e*[[2)* <1 VB 0<10g<1/5>>d> :

i=0
so the lemma follows by recalling that ||V — V*||p= dp(V, V*) so that

IV = V*lrtle = c2)® < 4llc = ¢*[3-(1V p2)

and taking B = Q(log(1/4))%?. |

We note that this is one of the first of many places where the fact that one cannot obtain a c
whose error is much smaller than the “misspecification error” dp(V, V*) incurred by the subspace
V' manifests: here, our bounds on the magnitudes of the gradient steps | AZ || inherently depend
on dp(V, V™), yet we require that the gradient steps have norm bounded by ||c — c*||.

37



LEARNING POLYNOMIALS IN FEW RELEVANT DIMENSIONS

D.2. Local Curvature

We begin by outlining our argument for proving Lemma 40. It will be helpful to first decompose
(Acoef, ¢ — ¢*) into “dominant” and “non-dominant” terms.

Proposition 45 For every monomial index I and any x € R", let
( /coefx)f = —2Ncoef - <VF£B(6)7 O _®> ¢I(VT1’) and ( /c/oefx)f £ _277coef'mx'¢[(VTx) VI

Then A*

coef

= A,coefm + AN I‘

coef

Proof A/ *and A " correspond to the first-order and higher-order terms in the Taylor expan-

sion of AZ_ . Concretely, recall that
(Afoef)f = Mcoef - (Fr(e) - Fm(@*» ) ¢I(VTx>-

We can decompose AZ__. by Taylor expanding the factor F,(0) — F,,(©*) around ©* = O to get

coef
d+l 4
Fo(0%) = Fy(©) = (VF,(0),0" — 0) + RO for RO £ )" i <V[£]Fm(@), (0 — @)®f> ,
=2 "
a7
from which the proposition follows. |

Motivated by Proposition 45, for any x € R" define

ve L < /coefxﬂc - C*>7 and E* £ < /c/oefx’c - C*>'

To show Lemma 40, we will show that the random variables % Zf; 61 Y and % Zi 61 E™ are

respectively large and negligible with high probability. Eventually we will invoke the concentration
inequalities of Lemmas 11 and 12 to control them, so we will compute the expectations (Sec-

tion D.2.1) and variances (Section D.2.2) of their summands next.

D.2.1. LocAL CURVATURE IN EXPECTATION

In this section we give bounds for puy 2 E,[Y?] and pr £ E,[E*] in the following two lemmas.
Throughout this section, we will omit the superscript x when the context is clear.

Lemma 46 Hy > 2’rlcoef . HC — C*||2~ (HC — C*||2—O(T3/2d) . dp(V, V*)2)
Lemma 47 115|< 2ncoes - O(dr®) @TD/2 - dp(V,V*) - [lc — ¢*[|2:(dp(V, V) + |lc — c*||2).
In this section we will give the proof of Lemma 46; we will defer the proof of Lemma 47 to
Appendix H.2.
Proof [Proof of Lemma 46] We have that

(AL ¢ — ) = —2ncoef (VF,(0),0" — ) - 8(V ') (18)
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Writing

(VE,(0),0" —0) = (VY [,(0),V* = V) + (V°fF,.(0),c" —¢)
=z (V= V)V+8(V'x)
=2 GV = V)V + 2 Ty (V= V)V +8(V )
=g IpV* V42 Iy - (V = V)V+8(V '), (19)

we see that (18) is given by 21cqef times
T 42 T T T Tl
(6(V 2) +8(VTa)- (g: Ty (V* — V)v) +8(VTa)- (m va*v) (20)
® ©

Note that "Iy, and :UTH‘% are independent Gaussian vectors with mean zero and covariances
1Ty and H‘l, respectively. So we readily conclude that

Observation 1 For any V, the expectation of (C) with respect to x vanishes.
The following is also immediate:
Observation 2 E[@)] = E; n01,)[6(9)%] = |lc — c*[|3.

We now turn to bounding E[(B)]. We will make use of the following helper bound whose proof
we defer to Appendix H.3

Proposition 48 If ||V — V*||= dp(V,V*), then

E, [(mTHV(V* - V)Vp(vTx)ﬂ v < dp(V,V*)2. O(r*/2d).

Lemma 49 E[®)] < O(r*/2d) - dp(V,V*)? - |lc — c*|2.
Proof Note that

1/2
<E, [5(9)%]

2

B, [(gTVT(V* - V)Vn(9)) }
< e = ¢ [lzdp(V,V*)? - O(r*/2d),

where the second step follows by Cauchy-Schwarz, and the third by Proposition 48. |

Lemma 46 now follows from (20), Observations 1 and 2, and Lemma 49. |
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D.2.2. LocAL CURVATURE WITH HIGH PROBABILITY

In this section, we complete the proof of Lemma 40 by establishing high-probability bounds for Y*
and E”. That is, we argue that with high probability, the dominant term given by Y is large and the
error from Taylor approximation is small. Specifically, we will show:

Lemma 50 Forany > 0and~y > 0, if B = Q(log(1/6))% - O(y~2), then

o

-1
Y 2 eoet (e = ¥ |3=0(*2d) - dp(V, V)2 - fle = & [la=y - dp(V, V") - e = ¢z
1

1
B 4
7

Lemma 51 Forany 6 > 0, if B = Q(log(1/6))?, then

=
il B
EpS

We defer their proofs to Appendices H.4 and H.5 respectively. We can finally deduce Lemma 54,
completing the proof of Theorem 39 and thus Theorem 38.
Proof [Proof of Lemma 54] By Lemmas 50 and 51, and the earlier calculation showing that for any
x, (Afoef, V —V*) = Y?® + E?, we see that under our choice of B, (15) holds with probability

1 — 34. By replacing 3§ with ¢, and absorbing the constant factors, the lemma follows. |

< Meoef - O(dr®) V2 dp(V,V*) - |le — c*|la-(dp(V, V) + [l — c*|2)

Appendix E. Guarantees for SUBSPACEDESCENT

Henceforth, fix a set of coefficients ¢ € RM. In contrast with REALIGNPOLYNOMIAL, the aim
of SUBSPACEDESCENT is to take a frame V(%) of a subspace which is somewhat close to the true
subspace and refine it to some V(™) which is slightly closer, using only the misspecified coefficients
c. It turns out that if the misspecification error of c is comparable to the subspace distance from
V(© to the true subspace, SUBSPACEDESCENT can indeed accomplish this, and this is the main
result of this section.

Theorem 52 There are absolute constants c1g,c11 > 0 and c12 < 1/10 such that the following
holds for any § > 0. Let V©) € S, and let (c*, V*) be the realization of D for which dp(V,V*) =
|V — V*|| . Suppose

dp(VO V*) < e - apag - O(dr®) 472, (21)

Let c be a set of coefficients satisfying
1
dp(VO V) > Slle—¢ll2 (22)

Define V(T) = SUBSPACEDESCENT(D, V) ¢, §), where in the specification of SUBSPACEDES-
CENT we take

Tvee = jojn.di (11 - dr® 1H(T/5))_d_2 (23)
2
T= ( ! ) (e10 - d - log(1/8))**%. (24)
Oindg
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Then with probability at least 1 — 0, we have that

dp(V"), V)2 angg

1—
dP(V(O)> V*)Q B

-poly(In(1/cngg ), 7, d, In(1/8))~%

Furthermore, SUBSPACEDESCENT draws N = O(T) samples and runs in time n - ro@d . N,

Henceforth, let §, V(O V* ¢, c*, T, nvec satisfy the hypotheses of Theorem 52.

As discussed in Section 2.2.3, a single execution of SUBSPACEDESCENT should be thought of as
a single step of stochastic gradient descent over a batch of size T". The only difference lies in the fact
that the empirical risk we work with in each iteration of SUBSPACEDESCENT is slightly different,
as our subspace estimate V() continues to update by a small amount. So just as we analyzed
the individual steps of REALIGNPOLYNOMIAL in Lemma 39 via local curvature and smoothness
estimates, we would like to do the same for an entire execution of SUBSPACEDESCENT. That is, we
want to show that with high probability, the steps —A\(,aetc’xt are 1) bounded, and 2) each correlated
with the direction V* — V() in which we want to move. Quantitatively, we claim that it suffices to

show
Lemma 53 (Local Smoothness With High Probability)
VO = VID|3< tee - O(dr® In(T/6)) 2 - O(n) - dp(V O, V)2,
with probability at least 1 — 6.
Lemma 54 (Local Curvature with High Probability)

T—1
Z <A\?e(ct>7xt’ V(t) - V*> >T- Tlvec * (andg/4) : dP(V(0)7 V*)2
t=0

with probability at least 1 — 9.

We verify that Lemmas 54 and 53 are enough to prove Theorem 52.
Proof [Proof of Theorem 52] For every 0 < ¢ < T', we have

VO VARV = Vo= A% -2 (a0 v O —v*).

vec vec

If the event of Lemma 54 holds, then

N

vec

<A@(t),xt’ V(t) o V*> > T. (andg/4) vec - dp(V(O), V*)2
t

Il
=)

If the event of Lemma 53 holds, then
T—1
S IAL [} < T nkc - O@dr* (T/8))*2 - O(n) - dp(V®), V*)?
t=0
=0 (andg “Thvec * dP(V(O)v V*)Q) '
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where the last step follows by the choice of 7,ec in (23), and the constant factor in the last expression
can be made arbitrarily small. By summing (25) over t, telescoping, and recalling that HV(O) —
V2= dp(V®,V*)2, we conclude that

IVE = V¥ 3-dp(VO,V*)? < =T - (andg/5) - Mec - dp(V?, V)?,
from which we get, because dp (V) V*) < [|[V(T) — V*| f, that
dp(V(T), V*)Q
_ >T. .
dP(V(O), V*)2 >T (andg/5) Tlvec-
The claim follows by substituting the choice of 7. and 7" in (23) and (24). |

We now proceed to show Lemma 53 and 54.

E.1. Local Smoothness

In this section we establish Lemma 53. We also show that dp(V(t), V*) does not change much,
both in expectation (Lemma 58) and with high probability (Lemma 57), as ¢ varies. While we have
already seen that Lemma 53 is needed to prove Theorem 52, Lemmas 57 and 58 will be crucial
to our arguments in later sections, where we argue that at each step ¢ we make progress scaling
with the distance dp(V (), V*) and thus need that this distance is comparable to the initial distance
dp(VO V),

For a fixed ©, we will first show a high-probability bound on the norm of A\%’f , that is, we
bound the size of the step made in a single iteration inside SUBSPACEDESCENT.

Where the context is clear, we will suppress superscript ©, z. Then very naively, using the
inequalities 1 — cos(x) < x and |sin(z)|< z for all x > 0, we have

[Avec| F< (1 — cos(0mnvec)) (2VT) + [sin(0nvec) |< 2v/T - Olivec + TTvec < 3V/T - Olvec.  (26)
We first bound the moments of 2.
Lemma 55 Forall integers ¢ > 1, E[c21]/4 < O(nrd)-O(g2dr®) 2|V — V*|| p+|lc — ¢*||2)>
Proof Recall that o = 2(F,(©) — F,(0%)) - [[I{z||2:|[Vp(V Tz) 2. So by Cauchy-Schwarz,

} Vg

E[o]!/1 < E[(F,(8) — Fo(0%) Y20 E |7 [Vp(V T 2)]1y

The second factor in (27) is simply

Ey oty 1918127 - Egrnio a1V p(9) 11722
<(2g=1)-(n—r+1))- (rd- (4g—1)"- Varlp))
< O(n) - grd - (4¢)* - Var[p]
< O(n) -rd- (49",

where in the first step we used Corollary 16 and Lemma 18, and in the last step we used Fact 1 and
triangle inequality to bound Var[p] = O(1).
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For the first factor in (27), we have that
¥ 1/2 wand11/2
E[(F.(6) - Fa(67)])* < (20— 1) -E [(F(6) — Fo(67))"]"
< O@qdr®)* - (||V = V¥ ptle = ¢*|12)
by Fact 6 and Lemma 42 respectively, from which the claim follows. |

As a result, the random variable o2 enjoys sub-Weibull-type concentration.

Corollary 56 Forany 0 < &' < 1, let 7 = Q(In(1/6"))%*+2. Then
Pr[o? > 7 Q(n) - Q)52 (V= V¥|pte = ¢*])2)?] <0

Proof Lety 2 n-O(rd*)42-(|V —V*|| p+|/c—c*||]2)?. We wish to apply Lemma 11 to %, which
is a degree-4d polynomial in x. By Lemma 55 above, E[0%] < O(v) and Var[o?] < E[0}] < O(+?).
By Lemma 11 specialized to T' = 1,

Pr|o? > O(log(1/8"))*¢ . v| < &,
from which the lemma follows. |
From (26) we conclude that for any 0 < 6 < 1,

1Avecll P < 3V - thvec - O(In(1/8)) @272 O (/) - O(dr®) D2 (J[V V¥ ptle = ¢7|2) (28)

with probability at least 1 — 4.
Now consider the sequence of iterates {@(t)}ogth in SUBSPACEDESCENT. In this subsection
alone, for convenience define

a2 3\/77 “Tvec - (111(1/5)) (d+2)/2 . O(\/ﬁ) . O(dr3)(d+2)/2

For every 0 < t < T, let & be the event that (28) holds for A\%(ct)’wt, that is, that HA\%(;)"# |lr<
a(|[VO — V¥ p+|lc — ¢*||2). If & held for every ¢, then by triangle inequality and induction, we
would have that for every 0 <t < T,

t—1
(t) (8) s
1A |7 < <||v<°> — V¥ lptle — e[+ Y 1A !F>
s=0

<a(t+a) (VO =V rtle - ¢l
= a(l+a) (dp(v<0>, V) + [le — c*ug)
< 3a(l+a)t-dp(VO, V),

where the last step follows by (22). So

ZIIAVJS) “r< 3 (1 + )T — 1) -dp(VO, V). (29)

Taking ¢’ in Corollary 56 to be 6 /7" and applying a union bound, we deduce by monotonicity of L,
norms that Lemma 53 holds for our choice of nyec, I'. We also deduce the following crude bound.
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Lemma 57 |[V®) —V*|p€ [0.9,1.1]-dp(V ), V*) for every 0 < t < T with probability at least
1-46.

This modest level of control over how much the distance to the true subspace fluctuates over the
course of SUBSPACEDESCENT will be sufficient for our subsequent analysis.

We pause to note that the assumption that the “misspecification error” ||c — c*||2 incurred by the
coefficients ¢ must, by (22), be small relative to the subspace distance error incurred by the initial
subspace V(9 is crucial here. Indeed, our bounds for the moments of o2, i.e. the moments of the
size of the gradient steps, inherently scale with ||c — c*||, yet we need local smoothness in the sense
that the gradient steps have norm comparable to d p(V(O), V).

Lastly, it will be useful to establish bounds on the moments of ||V (*) — V*|| for each ¢.

Lemma 58 For any absolute, integer-valued constant ¢ > 1, E [HV(t) - V4] < 1.1-dp(V(©) y*)a
for every 0 < t < T, where the expectation is in the randomness of the samples x°, ...,z =" drawn
in SUBSPACEDESCENT.

We defer the proof of this to Appendix 1.2.

E.2. Local Curvature

We begin by outlining our argument for proving Lemma 54. As with the proof of Lemma 40 for
REALIGNPOLYNOMIAL, it will be helpful to first decompose (Ayec, V' — V*) into “dominant” and
“non-dominant” terms. Here the “non-dominant” terms will be more complicated because of the
trigonometric corrections associated with geodesic gradient descent.

Proposition 59 For any O, x, define
A/

vec vec

O L e (VEL(O), 05 —0) Iz (VO) T and A " 2 —2nec ROTIIE -2 (VO) T

and also

g@,x A A@,z _ A O,z A O,z

vec vec vec

= (cos(U@"”nvec) — 1) V. §@’x(§9’x)T + (sin(ag’xnvec) — a@’wnvec) /ﬂ@’x(§9’x)T.

Then AR = Mo " + Al 0" = €9,

vec vec

Proof ASZ 2 Al ©% + A9 is the lowest-order term in the Taylor expansion of A% around

Nvec = 0, given by R
A@,az A Tvec - h@,x(ve,x)T_

vec

Recalling the factor F,(©) — F,(0*) in the definition of & in (9), we Taylor expand around ©* = ©

to get (17) from Section D and therefore the decomposition of A& into A/, ©* and A”_©*. m

A’ Motivated by Proposition 59, for any = € R™ and © = (c, V) define
X@,:p A <(£/

vec

)@,x’ V _ ‘/'*)7 El@,$ é <(£//

vec

)9V V), EPTA(EOT Y V).

Consider a sequence of iid samples (20, y°), ..., (z7~1,y7=1) ~ D and iterates O, ..., ©(T—1)
in the execution of SUBSPACEDESCENT, where each ©() is given by O) = (c, V(¥)). To show
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Lemma 54, we will show that the random variable ZtT:_Ol x0Wat jg large with high probability,

. . — (t) gt — (®) gt . . . . .-
while the random variables Z;‘F:Ol E1® *, and Z;‘onl E2® " are negligible with high probability.
Eventually, we will invoke the martingale concentration inequalities of Lemmas 13 and 14 to control
them. Before that, we first need to compute their expectations.

E.2.1. LocAL CURVATURE IN EXPECTATION- SINGLE STEP

In this section we give bounds on the expected correlation between the direction in which we would
like to move, and a step taken in a single iteration in SUBSPACEDESCENT.

Given aniterate © = (c, V), let ux(©), g, (0), g, (O) be the expectations E[X ©:*], IE[EIG’:B],
IEJ[E’;9 "] with respect to  ~ A/(0, I,,). In this section we will bound these quantities in terms of the
distance between © and (c*, V*). As usual, we will omit the superscript ©, x when the context is
clear.

Lemma 60 /i (0) > 2iyec - (ndg/4) - dp(V,V*)2
Lemma 61
12, (©)] < Oliec) - O(dr®) V2 [V — V¥ pdp(V, V) - (IIV = V|| pt]le = *2) -
Lemma 62 If nyec < O(1/n), then
155 (©)] < Oliec) - O(dr®) 2 - [V = V[ (|V = V¥ [+ lc — ¢*[|2)*.

At this point we pause to emphasize that Lemma 60 is the key reason why we must work with
G(n, r) and not simply with the Euclidean space of n x r matrices, as Lemma 60 says that the local
curvature with respect to the empirical risk in a neighborhood of a subspace V' is dictated solely by
its Procrustes distance to V* rather than by ||V — V*|| .

Additionally, note that once again, (22) is essential here, to ensure that the expectations from
Lemmas 61 and 62 of the “non-dominant” terms do not overwhelm the expectation from Lemma 68
of the “dominant” term, which only depends on dp(V, V*) ~ dp(V(0) V*).

We now turn to proving Lemma 60.

Proof [Proof of Lemma 60] Fix a sample (z,y) ~ D. We have that
(A

vec)

V= V") = —20ec(VF,(0),0" = 0) - TV = V)V
= 21hec(VF(0),0° = 0) -z - TV -V (30)

By (19) we see that (30) is given by 27ec times
2
(a;TH%/V*V> + <xTHV(V* - V)v) : (:cTH‘%V*V> +5(VTa)- (Jnﬁv*v) . 6D

©

As in the proof of Lemma 46, note that ' Iy and xTH‘l/ are independent Gaussan random
vectors with mean zero and covariances Iy and H%/ respectively. So we immediately conclude that

Observation 3 For any V, the expectations of (8’) and @ with respect to x vanish.
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We next bound E[(x).
Lemma 63 (cndg/4) - dp(V,V*)? <E[@)] < 4dp(V,V*)2

Proof Note that
2
E[®)] =E [(JH%,V*V) ]

= E ponvomy) |Ve(VTR) VTR IVIVR(V TR
hy~N(0,I1)

= Epnony) VRV TH) TV IRV VRV T h)|
= Egonox,) [Vp(9) T (T=VTVVTV) - V(o)
= (B, [Vplg)Vplg)T] 1=V TVVTV) (32)
where we used independence of h, k| in the third step. We wil need the following bound.

Lemma 64 [f||c — c*||2< O(r~3/2d~1), then we have that
(ang/2) 1 = Bgnor,) V() Vp(9)T| 221,

Proof For convenience, let M and M, denote E [Vp(g)Vp(g9) " | andEy 0 1,) [VP+(9)VPi(9) ']
respectively. For any v € S"~!, we have that

o Myv — v Mu| = }E [ v, Vp.(9))% — (v, Vp(yg )>2H
= [E[(v,V8(g)) - (v, V(p + p:)(9))]|
<E[Ivs(@)3]"* - (E[IVp)B]"* + E[IVp.(0)13] "*)
< rd - Var[8]'/? . (Var[p]'/? + Var[p.]'/?)
< O@*%d - |lc — c*|2),

where in the third step we used Cauchy-Schwarz, in the fourth step we used Lemma 18, and in
the last step we upper bounded Var[p] and Var[p.| by O(r) using Corollary 1 and the fact that
lc — c*[la= O(1). [ |

To conclude the proof of Lemma 63, we see that

E[(A)] € [andg/2,2] - (I - VTV VTV
= [anag/2,2] - dc(V,V")?

€ [andg/4—7 4} ’ dP(V’ V*)2> (33)
where the first step follows by (32) and Lemma 64, the second step follows by the fact that Tr(I —
V*TVVTV*) =d — |[V*TV|]2, and the last step follows by Lemma 24. [

Lemma 60 now follows from (31), Observation 3, and Lemma 63. |

We defer the proofs of Lemmas 61 and 62, to Appendix 1.
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E.2.2. LoCcAL CURVATURE IN EXPECTATION- ALL ITERATIONS

In this section we extend the results of the previous section to give bounds on the sum over all t of
the expected correlations between the direction in which we would like to move at time ¢, and the
step we actually take at time ¢.

Speciﬁcally, for the sequence of iterates {6( }o<t<r in SUB SPACEDESCENT, we would like to
bound E |3/ MX(@(t))} . |E [ e (0 ))] ’ and ’]E [ g, (@(t))] } We emphasize

that the expectation here is over the randomness of the samples z°, ..., 271, so e.g. ux(©®)isa

random variable depending on z°, ..., ! ~! and is itself an expectation over the next sample .
Intuitively, for our choice (23) of small step size 7yec Which scales with O(1/T"), Lemma 58
suggests that the expected behavior of the corresponding martingales should not be very different
from that of a sum of iid random variables. That is, these expected sums should be not much
different than T times the expectation of their first summand, corresponding to the first iteration

which takes a step from ©©), In Lemmas 65, 66, and 67, we show that this is indeed the case:

Lemma 65 E Zt L ux (0 >)] < T vee - (0indg/2:2) - dp(VO) V)2,

Lemma 66 [ zt 5 MEI(@M)} < T - O(1yee) - O(dr®) D2 . qp (V0 )3,

Lemma 67 E Zt o ,LEQ(@U))} < T - O(1yee) - O(dr®)H2 . dp(VO) V)3,
We defer their proofs to Appendices 1.5, 1.6, and 1.7 respectively.

E.2.3. LocAL CURVATURE WITH HIGH PROBABILITY

In this section, we complete the proof of Lemma 54 by establishing high-probability bounds for
the MDS’s corresponding to X, F1, and E». That is, we argue that with high probability, the
dominant term given by X is large, while the error terms from Taylor approximation and from the
trigonometric corrections are small. Specifically, we show:

Lemma 68
T—

[y

(t) *
X® Dt > T Nyec - (andg/?)) : dP(V(O)a V )2
t=0
with probabiliy at least 1 — 6.

Lemma 69
T—1

o) gt
> B

t=0
with probability at least 1 — 9.

< T Nvec - (612 : andg) : dP(V(O)> V*)Q

Lemma 70

T-1
® .
STEYTT ST tuec - (€12 - ongg) - dp(VO, V*)?

t=0
with probability at least 1 — 0.
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We defer their proofs to Appendix 1.8.4. The key technical step in all three proofs is to upper
bound the variance of the martingale differences, after which one can invoke the corresponding
expectation bounds from Section E.2.2 together with the martingale concentration inequalities of
Lemma 14 for Lemma 1.8 and Lemma 13 for Lemmas 69 and 70. We emphasize that here we must
again crucially use (22), this time to ensure that the variances of the martingale differences, which
depend in part on ||c — c*||2, do not swamp the expectation x (O) of the dominant term.

Also, we remark that it is in the proof of Lemma 69 and Lemma 70 that we finally use the
assumption (21) that d p(V(O)7 V*) is somewhat small.

Finally, we can deduce Lemma 54, completing the proof of Theorem 52.

Proof [Proof of Lemma 54] By Lemmas 68, 69, and 70, and the earlier calculation showing that for
any © = (¢, V), <A§)e’cx, V—V*) = X974 E?’x + Eg)’x, we see that under our choice of T, yec,

T—-1
t t * 1 *
> <A$§c)’w v —v > > (ndg <3 —~ 2c12) T yee - dp(VIO, V)2
t=0

with probability 1 — 3. By replacing 36 with §, and absorbing the constant factors, the lemma
follows. u

Appendix F. Putting Everything Together for GEOSGD

In this section we conclude the proof of Theorem 34 using Theorems 38 and 52.

There is one last subtlety we must address. In Theorem 38 on the distance ||c — c*|| between
the coefficients ¢ output by REALIGNPOLYNOMIAL and the true coefficients c*, the upper bound
is at best only in terms of the known parameter €. On the other hand, in Theorem 52 on the error
dp(V™) V*) incurred by the subspace V(7) output by SUBSPACEDESCENT when initialized to
V0, the upper bound we can show only applies when (22) holds.

The scenario that these guarantees do not account for is when at some point in the middle of
GEOSGD, we arrive upon a subspace V(%) for which dp(V(O), V*) < €/2, in which case running
REALIGNPOLYNOMIAL with V(9 gives coefficients ¢ for which (22) fails to hold. Intuitively,
this should be fine because d p(V(O), V*) < €, so GEOSGD has already produced a good enough
estimate for the true subspace and we could just terminate. Unfortunately, it is not immediately
obvious how to tell when this has happened and terminate accordingly.

Instead, we argue that local smoothness for SUBSPACEDESCENT (Lemma 53), implies that in
this case, running SUBSPACEDESCENT initialized to V(%) will produce a subspace V() whose
error is still good enough:

Lemma 71 Suppose all of the assumptions of Theorem 52 hold except for (22). Then we still have
that dp(V "), V*) < ||c — c*||2 with probability at least 1 — 6.
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Proof Suppose the event of Lemma 53 occurs. We have that

dp(VD V) <dp(VO V") +dp(VO, VD)
< dp(VO, y*). (1 + hvec - O(dr In(T/8))(@+2)/2 . 0(\/5))

1 .
< 5lle = & lla+ (1 ++ mhec - O(dr* W(T/8))H2/2 . O(vm)

)

<lle =2,

where the first step follows by triangle inequality for Procrustes distance (Fact 10), the second by
the assumption that the event of Lemma 53 holds, the third by the assumption that (22) does not
hold, and the fourth by the definition of 7)ec in (23). |

We can now complete the proof of Theorem 34.
Proof [Proof of Theorem 34] Let ¢(!) and V) be the iterates of GEOSGD. Suppose for 0 < t < T
we had dp(V®), V*) < 12 - aipdg - O(dr®)~?~2. By Theorem 38, we have that

¢ — c*|la< 2+ €¢/2V dp(VD V).

If ||c*+Y) — ¢*[|o< ¢, then by Lemma 71, dp(V D V*) < €. Otherwise, if ||+ — ¢*||3<
2d p(V(t), V*), then (22) in Theorem 52 holds and we get that

dp(VED v*) < (1 —a)-dp(V®, V),

where
A«

a2 T boly(In(1/andg), 7 d, In(1/8")) 4

n

for & = 6/(2T 4 1) as defined in GEOSGD.
In either case, dp(V I, V*) < 15 - apdg - O(dr?) =42 And furthermore, if we unroll this
recurrence, we conclude that

dp(VID vy <ev(1—a)T - dp(VO, V™).

So by taking T = a~* - log(1/¢), we get that dp(V ("), V*) < € as desired. This corresponds to the
choice of T"in (7). Lastly, we get that ||c(T) — c||2< € by one last application of Theorem 38. M

Proof [Proof of Theorem 35] This follows from the runtime and sample complexity guarantees of
Theorems 38 and 52. |

Appendix G. Martingale Concentration Inequalities

In this section we prove the two martingale concentration inequalities from Section A.2.2 that are
needed for the analysis of the boosting phase of our algorithm.
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G.1. Proof of Lemma 13

We first prove the following more general statement.

Lemma 72 Leto > 0and 0 < « < 2 be constants, and let &; be the event that E[| Z;||&1, ..., &i—1] <
o?. qq/afor all g > 1.
IfPri&l&, ..., &—1] = 1 — B foreachi € [T, then for any t > 0,

¢
>
=1

In particular, there is an absolute constant ¢y > 0 such that for any § > 0,

Pr [max >t VT 0| <O (1 +t2(1/a)0(1/“)) - exp (— (t2/32)2+%) YT-B. (34)

Le[T)

14

>

i=1

> (log(1/8)/a)**/* VT 0| <5+T- 8.

Pr [max
Le[T)

We first show that this implies Lemma 13.
Proof [Proof of Lemma 13] This is an immediate consequence of Lemma 72 together with Fact 6,
which implies the requisite moment bounds for Lemma 72 for a = d/2. |

To show Lemma 72, we require the following theorem on the concentration of martingales with
sub-Weibull differences, which is a consequence of the main result of Li (2018a).

Theorem 73 (Li (20182a)) Ler o > 0 and 0 < « < 2 be constants. Suppose that for every i € [T,
we have that with probability one, K[| Z;||&1, ..., &i-1] < 09-q9/® holds for all ¢ > 1. Then for any
z >0,

14

D%

i=1

Zt-ﬁ-a

Pr [max <0 (1 + t2(1/a)0(1/°‘)> - exp <_ (t2/32)ﬁ) (35)

Le[T)

We use a standard trick, see e.g. Lemma 3.1 of Vu (2002), to relax the assumption that the
differences are sub-Weibull almost surely to the assumption that they are sub-Weibull with high
probability. It will also be more convenient for us to state the inequality in terms of moment bounds
rather than Orlicz norm bounds.

Proof [Proof of Lemma 72] Given a realization £ of the random variables (&1, ..., £7), let i¢ be the
first index i, if any, for which & does not hold. Define B; = {¢ : i¢ = i} and note that these
sets are disjoint for different 7. Let Y’(&) be the function which agrees with Y (§) for £ € (UB;)©
and which is equal to Ep,[Y] for £ € B;. Y’ and Y have the same mean, so the lemma follows
by union bounding over the events UB; together with the probability that the martingale Y fails to
concentrate. For the former probabilities, by definition Pr[B;] < 5. And for the latter, because the
martingale differences for Y’ satisfy the assumptions of Theorem 73, Y” fails to concentrate with
probability at most the right-hand side of (35). This yields (34). |
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G.2. Proof of Lemma 14

To show Lemma 14, we require the following theorem due to Bentkus (2003), which controls the
tails of martingales whose differences are only bounded on one side.

Theorem 74 (Bentkus (2003)) Let {c;}icir] and {si}icr) be collections of positive constants for
which Z; < ¢; and E[Z2|&1, ..., &—1] < s? with probability one for every i € [T). Let o; = ¢; V s;,
and define 0? =", 02. Then

Pr

T
> Zi>t a] < exp(—t2/2).

=1

Proof [Proof of Lemma 14] The proof is identical to that of Lemma 72, except instead of applying
Theorem 73 to the auxiliary martingale, we apply Theorem 74 to get that for any ¢ > 0,

T
Pr ZZi >t- a] <exp(—t?/2)+T-B.
i=1
The lemma follows by taking ¢ = v/2log(1/6). |

Appendix H. Deferred Proofs from Section D
H.1. Proof of Lemma 42
Proof

E [(F.(©) — F,(0))"]

Sznl

£1,...,L4€[d+1]

1 212(d+1) 1 b le =2 \*
< - . . . — v, i L |
< Y VI 16 - (8dr?) |V — V*||5 1+ e

ﬁ <V[£ ), (0" — ©)% >]

v=1

£y, L4 €[d+1]
<16~ (8dr?)*(HY dil v = v 4 <1+||C—C*”2>4
- =t " |[V*=VlFr

* 4
% CcC—C |2
<16+ (8dr?)* Y (e (4n) 2|V = V¥ )t - <1 * M)

< (20)t- (32 P (V= V|l ptle — <7 l2)*,

where the second step follows by Lemma 37, the fourth by the fact that ||V — V*|| p< 2/ and the
fact that 001 & -2t < e - (4r)¥2 .z for x € [0,2/7]. [ |
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H.2. Proof of Lemma 47
Proof We have that

d+1
1 " _ 1 /om e o\ sT
Do (e € =€) = ELX;K! (VIF.(0), (67— ©)%") - 5(V a)

d+1 27 1/2
E (Z L (VIE.(0). (0" —@)®f>> E[s(v ey 2
= E' ’

O(dr) V2NV V| p-([V = V| ptlle = ¢*ll2) - fle = c*|l2
O(dr®) V2 - dp(V, V") - [le = e*ll2-(dp(V, V7) + [le = ¢||2),

IN

where the second step follows by Cauchy-Schwarz, the third step follows by Lemma 83, and the
last step follows by the assumption that |V — V*|| p= dp(V, V*). [

H.3. Proof of Proposition 48
Proof Note that

2 1/2 1/2
By | (T (0 = V0 T} | < I VTV, (Lol 1)

< dp(V,V*)?. 0(r3/2d),
where the second step follows by the second part of Lemma 26, Lemma 20, and the fact that
Var[p]'/? < |lc — ¢*||24 Var[p*]'/2 < O(r)

because ||c — ¢*||2< 1 by assumption and because of Corollary 1. |

H.4. Proof of Lemma 50
We will split up 5 ZB Ly according to the decomposition (20). That is, define

@F £ (6({/%))2
@ 25V z)- (J:THV(V* - V)v)
©° 28V z)- (:Jnév*v)

so that for any =,
1
Y =@ @ +O" (36)
Tlcoef

We will show concentration for these three random variables separately.
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Lemma 75 Foranyé > 0, if B = Q(log(1/6)? - 99), then

|
5 Z@x > —[lc — c*|3
0

N}

with probability at least 1 — 9.

Lemma 76 Forany é > 0, if B = Q(log(1/6))?, then

B-1
1 i

.’E

=0

< O(r*?d) - |[c — ¢*[l2-dp(V,V*)?

with probability at least 1 — 9.

Lemma 77 Forany§ > 0and~y > 0, if B = Q(log(1/6))?* - y~2, then

Z@

<y-dp(V,V*)-|lc = c*|2

with probability at least 1 — 6.

We prove these in the subsequent Appendices H.4.1, H.4.2, and H.4.3. Note that Lemma 50
immediately follows from these lemmas.
Proof [Proof of Lemma 50] By a union bound over the failure probabilities of Lemmas 75, 76, and
77, we see by triangle inequality and (36) that

1 B-1

i 1 . . . ) *
B Z; Yy > 277coef'(2HC —cC ||%—O(7«3/2d) e = c*||o-dp(V,V )2 oy dp(V, V) - e —c H2>

with probability at least 1 — 3, provided B = Q(log(1/6))¢ - v~2. The result follows by replacing
34 with ¢ and absorbing constants. |

H.4.1. PROOF OF LEMMA 75

Proof Observe that + Zf: _01 (Ex (] - @21> is an average of B iid copies of a mean-zero
random variable satisfying one-sided bounds, so we wish to apply Lemma 12.
To do so, we just need to bound the variances of the summands.

Lemma 78 Var,[@)"] <99 |c — c*|4.

Proof Clearly Var[(a)"] < E[((4)")?], so it suffices to bound the latter. By Fact 6 applied to the
degree-d polynomial §,

E[(®")?] = Eguno1,)[8(9)"] < 97 - E[8(9)*]* = 9% - [lc — ¢*l3 (37

as claimed. [ |
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We can now complete the proof of Lemma 75.
By Lemma 12, Observation 2, and Lemma 78,

B-1
1 i 1
= "> e — ¢f|l3——= - V21og(1/6) - 37 - e — ¢*||?

with probability at least 1 — &. The lemma follows by taking B = Q(log(1/5)2. [

H.4.2. PROOF OF LEMMA 76

Proof Note that (8)" is a polynomial of degree 2d in z, so by Lemma 11, we just need to upper
bound its variance.

Lemma 79 Var,[®"] < 9% O(r%/2d) - ||c — c*||3-dp(V, V*)4

Proof We will upper bound E.[((B)")?] via
4711/2

E [2} <E [S(VT )4} Vg [(JHV(V* - V)v) ]
<E[a?-3% E [(ﬂnmv* - V)v) 2]

<9 0(r*d) - e — c*|3-dp(V, V*)*,

where in the first step we used Cauchy-Schwarz, in the second we used Proposition 48, and in the
third we used (37). |

We can now complete the proof of Lemma 75.

By Lemma 11, Lemma 49, and Lemma 79,
1
< OU ) - o - adp(VV7 R (14 Ollog(1/0)3°)

LMY .

with probability at least 1 — §. The lemma follows by taking B = Q(log(1/6))%¢ - Q(9%). |

H.4.3. PROOF OF LEMMA 77

Proof Note that (C)" is a polynomial of degree 2d in z, so by Lemma 11, we just need to upper
bound its variance.

Lemma 80 For any ©, IEA(@GJ)Q] <dp(V,V*)2 . |lc — c*||3-exp(O(d)).

Proof This is shown in Lemma 91 below. The proof involves calculations which are more pertinent
to the behavior of SUBSPACEDESCENT, so we defer the details to there. |

We can now complete the proof of Lemma 77. By Lemma 11, Observation 1, and Lemma 80,

B-1
_ L P G 1 1 d . *\ x|l
B ;© = VB O(log(1/6))* - dp(V, V™) - [lc — c*||2- exp(O(d))
with probability at least 1 — §. The lemma follows by taking B = Q(log(1/6))%¢ - 2. -
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H.5. Proof of Lemma 51

Proof Note that £* is a polynomial of degree 2d in z, so by Lemma 11, we just need to upper
bound its variance.

To do so, we will need the following helper lemma, which like Lemma 42 is a straightforward
consequence of Lemma 37.

Lemma 81 E[(R®®)41/2 < O(drd)™L - |V = V*|3 (e — ¢*[la+|V* = V]|F)®
Proof We have that

1/2
4
0,411/2 _ 1 6] x ®t,
E[men = ¥ WIE H<v F,(0), (0" — 0) >
£y, ls>1 v=1"%V v=1
2\ 2
1 >, le = cll2
< | > =16 @dr?)X T v — V5 <1+ T
— 4 F *
£1,..,04>1 Hl/zl t! V> =Vir
a1 2 e — c*ls \2
= 4(8dr?)?H! vt (1 e =02
< aar)yt- (- @)t v - VE) - (1 pde=cle )2
V= Vir
=4e®- (32ar) [V = VF B (e — ¢ [la+H|[VE = V[F),
where the second step follows by Lemma 37, and the fourth step follows by the fact that we always
have ||V — V*||p< 24/r, and Zzli% Lat < e (4r)d=1/2. 22 for x € [0,24/7]. [ |
We can now show the variance bound.
Lemma 82 E,[(E®) < - O(dr3) - dp(V,V*)2 - |lc — c*||3:(dp(V, V*) + ||c — c¢*|))
Proof By Cauchy-Schwarz,
1
B [(B7)’] < E(RO)1)/2 El5(g)"]?
Tcoef
<de? - (32dr) |V =V E (e = o+ [V = V[F)? -3¢ fle - ¢*|3
= O(dr®)™ - dp(V.V*)? - [le — e*[3:(dp(V. V) + [|e — c*[])?
where the second step follows by Lemma 81 and the third step follows by the assumption that
IV =V*|lp=dp(V,V"). u
Finally, by Lemma 11, Lemma 47, and Lemma 82,
192 1
5 B < 0@ VR ap (V) feella (V. V) Hle—e o) (14 7 - Ol1ox(1/0))).
i=0
The lemma follows by taking B = O(log(1/6))%. [
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Appendix I. Deferred Proofs from Section E
I.1. Proof of Lemma 37

Proof We begin by explicitly computing the higher-order terms in the Taylor-expansion of F,,(0) —
F,(©*). For any ¢ € [d 4 1], recalling the notation of (3) and (4),

<VWF$(@), (" — @)®E>

= Z H asja Viaja) - Dij Fz(©) + Z H ia,ja Vi) - (¢7 —cr) - Dij Fi(©)

ie[n]¢ je[r]¢ a=1 Li€[n]* je[r]*~1 a=1

= Z H za,Ja = Viaja) " Tia ~Djp(VTa:) + Z H za,ja — Viaja) * Tig + Dj S(VTx)

i€[n]* je[r]t a=1 ig[n] je[r]-1 a=1

= Z H V)jusx) - Dyp(V ') Z 1:[ )jws ) -D;8(VTx)  (38)
[ a=1

je[r)t a=1

From (38), we can rewrite the quantity in the expectation as

) H < H < V)jgvm:>> (11 [b, = 0] - Dy p(V '2) + 1 b, = 1] - Dy-) 6(VTx)> .

be{0,1}™ v=1
{J(V)}VE

We will bound the expected absolute values of each of these summands individually, so henceforth
fix an arbitrary b, {j*)}. For convenience, define C,, £ (]l [b, = 0] - Dj(+) p(VTz)+1b, =1]- Djc+) 6(VT33)>.
By AM-GM, we have that

(Thea) - (T TT (0 -1y >¢)]

i N v=1 a= lm - -
(1) (: 5 5 (e )l
:m - 1/2 s 24 1/2
<2 Sp | > T -] | o
Lv=1 ac[], [6, —b,] v=1

where the last inequality follows by Cauchy-Schwarz.
Defining wy, = ), ¢, — b,, we may write the second factor in (39) as

m ly—b, m ly,—by 1/2
B[S ] <<V* V) s > 11 <<V*—V>j<;),:c>
a17azl/_1 v=1 v
< <2wb>wb/2uv* — Vg TT = by < @my™2ve = vige- T - b),

v v
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where we used the standard bound for moments of a univariate Gaussian, the fact that there are
1, (¢, — b,)? pairs of summands a', a?, and the fact that any column of V* — V has Ly norm at
most ||[V* = V||r.
, . 1/2
By Holder’s, we may upper bound the first factor in (39) by [}~ , e,,iby E [Cgm] "
By Corollary 17,

om 1/2m
. {(Djw 5V 7)) } < (2m) 242 Narlg]/2 < 2m) 22 e — .|l

o, 1/2m
’ [(Djw p(V'a)) ] < (2m)*2d"/*  Var[p]'/? < 2 (2m)Y2d" 1,

where in the last step we used that Var[p]'/? < Var[p]'/2 + Var[§]'/2 < 2. So the first factor in
(39) is at most

< 1 m m by
(Hg —b>'2 - (2m)" 2R e — e 3
v=1 14 14

50 (39) is at most 2" - (2m)™(dH+D/2gmd+D/2 | yr v ||Pe.|c — ¢, HQZU ®The proof follows by
noting that

S, b
* w Z by * Z Ly ||C_C*”2 v
IV = Ve = e = v — v, (
zb: " ’ " zb: V= =Vir

and summing (39) over all choices of b and all [, 7 < r"(@*+1) choices of {j*}. [

I.2. Proof of Lemma 58

Proof Let
g 2 3T Nuee - O(V/n) - O(dr®) 44272,

(¢ = 1). Analogous to the derivation of (29), we have that
E[IVO-v*p| <E[IVED - vp] +E a5 " g]
<E [Hv(t—l) _ V*HF} 4 37 - vecE [(0_6(75—1)7zt_1)2} 1/2
< (U4 a)B VD =V p| +an - fle — €

< @+a) - VO =V (L+ ) = 1) - e = ¢z
=(1+a) -dp(VO V) + (1 +a1) = 1) [lc—c*[|2
where in the second step we used Cauchy-Schwarz and (26), in the third step we used Lemma 55,

in the fourth step we unrolled the recurrence, and in the last step we used the assumption that
||V(0) —V*|r= dp(V(O), V*). The proof follows by taking 7yec small enough that

le—ctla 5

(1+a1)t+((1+a1)t—1)~m_
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Tvec given by (23) will easily satisfy this.

(Larger g) We have that
. 1/q r _ wng 11/4 (t—1) pt—1 1/q
B[O —vog] " < [ve —veg) B [lags e 4]

[ _ wng 11/4 (t—1) ,t—1 1/2q

<E[IVED - veg] T+ E [lage ]
[ — * ) l/q — * *

SE[IVED = vog] T 4 ag - (B [IVED = VEle] + fle = Il
- - 1/

<E[IVED = v "+ g (dp(VO, V) + e - o)

<dp(VO,V*) + 1.1t ay - (dp(v<0>, V) + e — c*||2>

where the first step follows by triangle inequality, the second by monotonicity of L, norms, the
third by Lemma 55, the fourth by Lemma 58, and the fifth by unrolling the recurrence and using the
assumption that assumption that ||V (©) — V*|| p= dp(V(O), V*).

The proof follows by taking 7yec small enough that 1.17" - ¢y - [[c — ¢*[|2< O(ay - T') is a
negligible constant, which is certainly the case if 7ec satisfies (23) (with hidden constant factors
there depending on q). |

1.3. Proof of Lemma 61
We first prove the following basic consequence of Lemma 37:

Lemma 83

27 1/2

d+1
E (i % (VUE, (@), (0" - @)®5>>

(=2
< O(dr) D2V =V p- (IV = V¥ ][ptle = c*[l2)  (40)

Proof The left-hand side of (40) can be rewritten as

1/2
2 1/2
Z H < vl E,(0), (0 — @)®fv>] E [(xT LV A)?]
51,€2>1
1/2
= Z ! 4. (4dr?) TV — v atte. <1+ e —c”|l2 >2
~\a'n biley! [V*=V]r
1 o = c*ll
= 2(4dr?) RN SV - V| <1+

< 2e(16dr") T2V =V p- (|V = V[ ptlle = ).

where the first step follows by Lemma 37, and the last step follows by the fact that ||V —V*|| p< 24/r
and the fact that S0+ st <e- (4r)@=1/2 . 22 for € [0, 24/7]. [
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Proof [Proof of Lemma 61] We have that

1
277vec

(A, V =V

d+1
1 . \
E [ZE!WV}FJC(@),(@ —@)®‘> T IRV A
=2

27 1/2

=B (di i (Vi (0), (" - @)®e>> E [(:J LV A)ﬂ 2
=T \&=a =(0), -

< O(dr) 2NV =V p- (IV = V| ptlle — ¢ l2) - E[@)]'/?
< O(dr) 2NV vV p- (IV = V¥ |ptlle = ¢ l2) - (2dp(V. V7)),

where the second step follows by Cauchy-Schwarz, the third by Lemma 40 and the definition of ,
the fourth by the upper bound in (33). |

I.4. Proof of Lemma 62

By Holder’s,
E[(E,V =V
< E[|cos(onyec) — 1] - sup ’(V UV TV = V| + E[[sin(07vec) — 0Tvec|] - sup ‘(ﬁ@T, V-V
v Ay
< O(nec) - E[0”] - (sgp (V- 99TV = V)| 4 sup | (YT, V = V) ) , @1
v h,V

where in the second step we used that [cos(x) — 1|< 22/2 and [sin(z) — x|< 22/ forall z > 0,
and in the third step we invoked Lemmas 84 and 85 below.

Lemma 84 ForanyV € "1, (V- VAVAI 7 V*)

<[V =V
Proof We may write the quantity on the left-hand side as
V(v =v)TV) V=T (1-vTV) V< 1=V VL IV = Vs,

where the last step follows by the first part of Lemma 26. |

Lemma 85 For any VeSlandh e S+ for which 1 lies in the orthogonal complement of the
<E§T, V- V*> < dp(V,V*),

column span of V,
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Proof Because H‘L//fz = ?L The left-hand side can be rewritten as
RV = V)V =R IIH(V — V)V,
it is upper-bounded by
Tmax (I (V = V) < Te(V = VHTA=VVT)(V — V)2
= Te(I— V*VIVV*T)l/2
=dc(V, V™) <dp(V,V7),
where the last step follows by Lemma 24. |

Proof [Proof of Lemma 62] We have
B[,V = V)| < Oic) - O(n) - O(dr®) 2 - [V = V¥ || p- (V= V¥ e — eu]l2)?,

by (41), Lemmas 84, 85, and 55. The lemma follows by taking nyec < O(1/n). |

I.5. Proof of Lemma 65

Proof We will bound each E o ¢-1[u X(G(t)] individually. By Lemma 60, for any realization of
20, ..., x*1 giving rise to iterate ©) = (c, V), ux (1)) > (angg/4) - dp(V®, V*)2. We have
that

E |dp(v®, vy
I 2
(dp(V(t_l),V*) —dp(V®), V(t_l))> }

1/2 1/2
”? E [ap(v®, vy /

]1/2

>E [dp(vE1,ve2] - 2F [dp(v(t—U, V*)ﬂ

) ; 1/2 1) e
> E |dp(VO V2| = 2B |dp(vOD, v B (A0
1/2

r 1 _ _ 1/2
> dP(V(t_l, V*)Q o 6\/; X nvecE [dp(v(t_l), V*)Q] E |:(O_(9(t 1>,J:t 1)2:| (42)

where the first step follows by triangle inequality (Fact 10), the second by Cauchy-Schwarz, the
third by the definition of Procrustes distance, and the fourth by (26). By Lemma 55 and Lemma 58,

t— t— 1/2
6\/;'77vecIE [(06( D 1)2}
< 6V e - O(v/) - () /2 (B [[VED — V2| + fle = e*l2)
<6y O(vi) - (@)D (L1dp(VO, V) + e — |2

S dP(V(0)7 V*)a

1007
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where the last step follows by our choice of 7y in (23). So by (42) we conclude that as long as
E[dp(V®,V*)2] > dp(V©, V*)2/1.1 forall s < t,

E [dp(vO, V2] > (1 _ 11)10;) E [dp(VED, vy

t
V1.1
—<1 1007 (V2L V)

> dp(VO, v*)?2/1.1.

By induction, dp(V®),V*)2 > dp(V(©®, V*)2/1.1 forall 0 < t < T. Recalling that ux(©®) >
(atndg/4) - dp(V 1, V*)2, we conclude that

T—1
E [Z px (60
=0

as desired. ]

> T+ (apag/4) - (dp(v(o), V*)2/1.1>

1.6. Proof of Lemma 66

Proof We will bound each E,o _,—1[|pg, (CR |] individually and apply triangle inequality.

t—1

By Lemma 61, for any realization of z°, ..., z!~1 giving rise to iterate ) = (c, V1)),

1, ()| < Oee) - Odr®) D2 VO V| pdp(VO, V) - (VO =V [ptle = &*]l2)

< Olihec) - O(dr®) V2 (VO — VA4V — V3o = c*])
By Lemma 58 and (22), we conclude that

E H,UEI(@(t))H < O(nec) - O(dr3)(@+D/2. (1.1dp(v<0>, V3 4 1.1dp(VO, V)2 e — c*Hg)

< O("?vec) : O(d’l“?’)(d"'l)/2 . dP(V(O), V*)3,

The claim follows by summing over ¢. |

1.7. Proof of Lemma 67

Proof We will bound each B0 +-1 H pE, (00 H individually and apply triangle inequality.

t—1

By Lemma 62, for any realization of z°, ..., z!~1 giving rise to iterate ) = (c, V1)),

(0
< e - O 2 [V = V¥ | ([V = V¥l lle = ).
< e - O 2 (VO = V420V = V¥ Ffle = oI VEO = V7 p-fle = e]l2) -
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By Lemma 58 and (22), we conclude that
E HMEQ (6(”)“ < O(nvec) ! O(dr?’)d—m : dP(V(O)7 V*)3

The claim follows by summing over ¢. |

I.8. Proof of Lemma 68

Analogous to the proof of Lemma 50 in Appendix H.4, we will prove concentration by decomposing
the MDS {ux(0®)) — X ®<t)’xt}0§t<;r into components corresponding to the decomposition (31).
That is, define @,ac’ e’i, @e’x to be the quantities in (31) for an iterate © and sample . So

() (®) () gt
by Observation 3, {2771 - M) — .6 * } {@ “1, and {@6 t ’xf} are MDS’s, and for
any O, x,

1

X@@ _ @,x + @,:c + @@,x

27 vec
by (31). We will show concentration for these MDS’s separately.

Lemma 86
T-1 o
S @ 2T (anag/5) - dp (VO V)
t=0

with probability at least 1 — .

Lemma 87

 (tndg/60) - dp(V©) V)2

Z.(t)t

with probability at least 1 — 9.

Lemma 88

< T - ((ndg/60) - dp(VO), V)2

T—1
S
t=0

with probability at least 1 — .

We prove these in the subsequent Appendices 1.8.1, 1.8.2, and 1.8.3. Note that Lemma 68 follows
easily from these three lemmas:
Proof [Proof of Lemma 68] The claim follows immediately from Lemmas 86, 87, and 88; triangle
inequality; replacing 34 in the resulting union bound with §; and absorbing constant factors. |
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1.8.1. PROOF OF LEMMA 86
(®)
Proof Observe that {— 7 X(@(t)) - @ t ’xt} is an MDS which satisfies one-sided bounds, as

¥ > 0 with probability one for any O, z, so we wish to apply Lemma 14. To do so, we just
need to bound the variances of the differences.

Lemma 89 For any ©, Var, [6’33] < 2¥H L dp(V, V)L

Proof We will suppress superscripts ©, z in this proof. Var[(a)] < E[Q], so it suffices to bound
the latter. But note that z " IIzV*Vp(V T z) is a polynomial, call it f(z), of degree d in the Gaus-
sians x1, ..., Tn. By Fact 6,

E[®)] = Elf(2)"] < (4 E[f(a:>2]1/2)4 < 2ME[f (@) = 2ME[@)] < 24 dp(V, V),
(43)
where the last step is by Lemma 63. |

We can now complete the proof of Lemma 86. By Lemma 57 and Lemma 89, if 7. satisfies
(23), then with probability 1 — § we have that forall 0 < ¢ < T,

pux (00 —

1
2"7vec

o) gt < 1
277vec

px (M) < 4dp(V® V*)2 < 4.84dp(VO, V)2,
Var[@®" ] < 114 210+ g (v Oyt
' >~ 1. P )

Applying Lemma 14 with the parameter o taken to be 7" - 1.1% - 24d+4 . dp(V(O)7 V*)4, we get

Pr Z.@” ot

where the expectation in E | X [ (@(t))] is over the randomness of the samples 2°, ..., x
By Lemma 65, we conclude that

= 277 - Z:E [“X( )} -0 <4dlog(1/5)ﬁ-dp(v<0),v*)2)] > 1-25,

t—1

Z .@(t) ot - (Orng/44) - d (V(O), V*)2 -0 (4d’ 10g(1/5)\/f~ dP(V(O), V*)Q) (44)

with probability at least 1 — 2. Taking T" according to (24) will certainly ensure the right-hand side
of (44) is at least T - (andg/5) - dp(V(?), V*)2. The proof is completed by replacing 26 in the above
with § and absorbing the resulting constant factors. |

1.8.2. PROOF OF LEMMA 87

t

(
Proof For fixed z!, ..., 2!, the martingale difference @ i is a polynomial of degree 2d in z,
so by Lemma 13 we just need to upper bound the second moments of the differences, which we do
in the following lemma.

Lemma 90 Forany ©, E,[(3)")2] < dp(V,V*)2 - |V = V*||2-0(2) - exp(O(d)).
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Proof By Cauchy-Schwarz,
E [2] <E {(xTHV(V* - V)V>4]

= Egn(01,) [<9TVT(V* — V)Vp(g)ﬂ

" [(Jnév*v)j v

1/2 1/2

2

B
T Tyr* q? 2d+2 *\2

< Egunor,) [(g (1-VV)p(o)) } 22 ap(VVE, @)

where the third step follows by (43). It remains to bound the first factor in (45). As this factor is
independent of n, we do not need a particularly sharp bound. We have

471/2
E, [(gTa ~ VIV Vilg)) } < 1= VTV IBE,llgl3- I Vp(o) 3]
<V = VHIFEIglI3]* - Eg I VR(g)l3]/*
<V = V*5-3(r +1) - (rd - 77 - Var[p])
<V = V*|E-0(*d - 1),
where the second step follows by Lemma 26, the third step follows by Corollary 16 and Lemma 18

applied to ¢ = 4, and the last step follows by noting that Var[p] = O(1) by triangle inequality and
absorbing constant factors. The claimed bound follows. |

We now complete the proof of Lemma 87. By Lemma 57, dp(V®), V*) < |V — V*||p<
1.1- dp(V(O), V*) for every 0 < ¢t < T with probability at least 1 — 9, in which case Lemma 90
implies that for every 0 <t < T,

E [(@“),mt)Q ‘ 2!, m’xtl:| < dp(V(O),V*)4 -0(r%) - exp(0O(d))

with probability at least 1 — 4. So by Lemma 13,

< (log(1/8) - ) - VT - dp(V?, V*)%- O(r) - exp(O(d))

Til G(t),zt
t=0

with probability at least 1 — 2§. By taking 7" according to (24), we ensure that this quantity is upper
bounded by a negligible multiple of T+ (ctndg/5) - dp(V?), V*)? as desired. The proof is completed
by replacing 29 in the above with § and absorbing the resulting constant factors. |

1.8.3. PROOF OF LEMMA 88

)yt

Proof As in the proof of Lemma 87, for fixed z!, ..., 2!~!, the martingale difference @@ isa
polynomial of degree 2d in z¢, so by Lemma 13 we just need to upper bound the second moments
of the differences, which we do in the following lemma.

Lemma 91 Forany O, E,[(©)")2] < dp(V,V*)? - ||c — ¢*|[3- exp(O(d)).
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Proof By Cauchy-Schwarz,
efo <o) 2oy

1/2 211/2
=E, o1 [8(9)]" E { }
< (3% lle = 3) - (2242 ap(v,V)?),
where the third step follows by Fact 6 and (43). |

We now complete the proof of Lemma 88. By Lemma 57, dp(V® V*) < |[V®) — V¥ p<
1.1-dp(V©® V*) for every 0 < t < T with probability at least 1 — §, in which case Lemma 91
implies that for every 0 <t < T,

o) gt _
E[(©° )zt a1 < dp(VO, V) - e = ¢ 2 exp(O(d)
with probability at least 1 — . So by Lemma 13,

T—1
S e
t=0

with probability at least 1 — 2§. By taking 7' satisfying the bound in the lemma statement and
invoking (22), we ensure that this quantity is upper bounded by a negligible multiple of 7"+ (cngg /5)-
d p(V(O), V*)?2 as desired. As in the proof of Lemma 86, the proof is completed by replacing 26 in
the above with § and absorbing the resulting constant factors. |

< (log(1/8) - ) - VT - dp(V?, V") - [|e — €*[l2- exp(O(d))

1.8.4. PROOF OF LEMMAS 69 AND 70

We will apply Lemma 13 to the MDS’s {E?(t)’“:t — /’(’El(@(t))} and {E§<t)’xt - ,uEZ(@(t))}. As
in the analysis of the MDS’s for Lemmas 87 and 88, the differences in these MDS’s are polynomials
of degree at most 2d, so we just need to bound the second moments of their differences. We do so
in the following two lemmas.

Lemma 92 For any O,
O,z * * * *
E.[(Ey")?] < O(nlee) - O(dr®)™ - |V = V| 3dp(V, V) - (le = ¢+ |V = V| p)?
Proof We have that

] )

<B[@))" | (o7 mve- )| v

-E [(m®,$)4] /2 E[Q]I/Q
<O )T IV = VA [Fdp(V. V) - (e = ¢ [l2+]|[V* = V][)?,

where the second step follows by Cauchy-Schwarz, the third step follows by definition of , and
the fourth step follows by Lemma 42. |
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Lemma 93 For any O, if nyec < O(1/n), then
E.[(E5 ™)) < O(nZe) - (64dr® 4|V — V¥ 3-(I[V = V¥ || ptle — ¢*[l2)*

Proof By triangle inequality and Jensen’s, E[(ES™)2Y2 = E[(£,V — V*)2]Y/2 is at most
o 1/2 P 1/2
E [(cos(anvec) —1)?(V-VV,V —- V*>2} +E [(sin(anvec) — 0Mvec)? - (RV T,V — V*)Q}

By Holder’s and the fact that |cos(x) — 1|< 22/2 and |sin(x) — z|< 22 /7 for all z > 0, we may
upper bound the first term by

E [(cos(anvec) — 1)2]1/2-111@{ ‘(V . @@T, V-V
v

< Oliee Bl "]/ max V-9V v v

and the second term by

/2

max (W7, V = V)

)

E [(sin(0hec) — ohee)’] < Olyee) - max | (VT V = V)

)

< O(nike) - O(n) - (64dr®) 2 - (|[V = V¥ ptlc — c*|]2)* - |V = V*||r
< O(1hec) - (64dr®) P2 (V. = V¥ pt]le — c*[|2)* - |V = V|,

So E[(ES"")2]Y/2 is at most

O(1ee) - Elo"]? (m@x VIV v
\Y%

+ max (@%T, Vv
h,V

where the first step follows by Lemma 55, Lemma 84, and Lemma 85, and the sixth follows by the
assumption that e < O(1/n). [

We are now ready to complete the proofs of Lemma 69 and 70.
Proof [Proof of Lemma 69] By Lemma 57, dp(V®), V*) < |[V®) — V*||p< 1.1 - dp(VO), V)
for every 0 < ¢ < T with probability at least 1 — ¢, in which case Lemma 92 implies that for every
0<t<T,

(1) gt — * * * 2
BB Pt 2] £ O) - Olr®)Y ™! - dp(VO, V) (Jle = e [ +dp (VO V)

< O(n\%ec) ’ O(d?‘3)d+1 ' dP(V(0)7 V*)G

with probability at least 1 — 4. So by Lemma 13,

S (0 [m(@@ﬂ)\
t=0

< (log(1/6) - ) - VT - O(1pvec) - O(dr®) HD/2 L dp(v (O y%)3

with probability at least 1 — 26. By Lemma 66, we conclude that

T-1
S B < OWT - ihec) - Odr) D2 - ap (v, v)* - ((log(1/0) - d)? + VT
t=0
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By taking 7" according to (24) and using the bound (21), we ensure that this quantity is upper
bounded by a negligible multiple of 7" - 7jyec - (Qtndg/3) dp(V(O), V*)? as desired. As usual, the
proof is completed by replacing 24 in the above with J and absorbing the resulting constant factors.
|

Proof [Proof of Lemma 70] By Lemma 57, |[V®) —V*||p< 1.1-dp(V®), V*) forevery 0 <t < T
with probability at least 1 — §, in which case Lemma 93 implies that forevery 0 <t < T,

0zt — * * * 4
E((ES) et '] < Ole) - OWr®) 4 - dp (VO V)2 - (Jle = e [la+dp(V©, V7))

< O(nZe) - O(dr3)?d4 . dp(v (O 1+)8

with probability at least 1 — 4. So by Lemma 13,

T—-1 ) .t T—-1
S
t=0 t=0

< (log(1/6) - d) - VT - O(nyec) - O(dr®)* 2 - dp(V) v*)3

with probability at least 1 — 2. By (67), we conclude that

T-1

o) gt
> E

t=0

< O(\/T . 77Vec) . O(dr3)d+2 . dP(V(O), V*)S . ((log(l/d) . d)qd + \/T)

By taking T" according to (24) and using the bound (21), we ensure that this quantity is upper
bounded by a negligible multiple of 7" - 7yec - (andg/3) - dp(V(®, V*)? as desired. As usual, the
proof is completed by replacing 24 in the above with § and absorbing the resulting constant factors.
[ |
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