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Abstract

Composite optimization problems involve minimizing the composition of a smooth map
with a convex function. Such objectives arise in numerous data science and signal processing
applications, including phase retrieval, blind deconvolution, and collaborative filtering. The
subgradient method achieves local linear convergence when the composite loss is well-conditioned.
However, if the smooth map is, in a certain sense, ill-conditioned or overparameterized, the
subgradient method exhibits much slower sublinear convergence even when the convex function
is well-conditioned. To overcome this limitation, we introduce a Levenberg-Morrison-Marquardt
subgradient method that converges linearly under mild regularity conditions at a rate determined
solely by the convex function. Further, we demonstrate that these regularity conditions hold for
several problems of practical interest, including square-variable formulations, matrix sensing,
and tensor factorization. Numerical experiments illustrate the benefits of our method.
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1 Introduction

The goal of composite optimization problems is to minimize

min f(z) with f=hoF, (1)

z€R4
where h: R™ — R is a—possibly nonsmooth—convex function and F: R — R™ is a smooth
mapping. Taking h or F' as the identity map recovers convex and smooth optimization; thus, this
formulation strictly extends both and amounts to a much richer class of nonsmooth nonconvex
problems. Classical nonlinear least squares are a prominent example of this framework [9, 59, 83].
Recently, composite optimization has gained renewed interest due to its applications in data science,
including phase retrieval, matrix completion, and tensor factorization [17, 38, 39, 97].

First-order methods, such as gradient descent, are the dominant algorithmic solution for large-
scale composite problems. Under favorable growth conditions of the loss function, these methods
converge linearly towards solutions provided good initialization [17, 23]. For instance, when the
objective function f is S-smooth and is locally a-strongly convex, gradient descent converges linearly
at a rate that depends on the condition number §/«. Inconveniently, this condition number might
worsen drastically depending on the choice of the smooth map F. To illustrate this point, it is
useful to think of the smooth map F as a parameterization: minimizing (1) is akin to solving a
constrained problem

min, f(x) = min h(z), (2)
where Im F' denotes the image of F'. Intuitively, when Im F' is sufficiently “benign,” the intrinsic
complexity of (2) should be dictated by the conditioning of h restricted to Im F' and not by the
specific parameterization F.

Two factors concerning the parameterization F' cause the conditioning of f to differ from that of
h on Im F: (1) ill-conditionedness, or, even worse, (i7) an excess of parameters. For concreteness,
consider a simple example, suppose we want to factorize a rank-r* positive semidefinite (PSD) matrix
M*. In large-scale settings—where direct eigen- or singular-value decompositions are prohibitively
costly—researchers turn to iterative schemes on low-rank parameterizations. The celebrated
Burer-Monteiro approach [11, 12] parameterizes low-rank matrices via an explicit factorization,
F(U)=UUT with U € R¥" and r > r*, and aims to solve

. 1 T *12

Jmin S|UUT =M (3)
This can be seen as a nonconvex composite problem where h(M) = 3||M — M*||3.. A straightforward
computation reveals that even though the condition number of the convex function h is one, the
condition number of the composition f = h o F' near minimizers scales like o1 (M*) /o, (M*). This
leads to two potential issues for the convergence of gradient descent. On the one hand, in the exactly
parameterized regime, i.e., r = r*, the condition number of f is proportional to the condition number
k(M™), which could lead to arbitrarily slow linear convergence depending on the matrix M*.! On
the other, in the overparameterized regime, i.e., r > r*, 0,.(M*) is zero, leading to an infinite
condition number, which in turn results in sublinear convergence [109]. Both of these situations

happen in practice since it is common to encounter ill-conditioned matrices with unknown rank.
These issues go beyond this simple, smooth problem. Indeed, for nonsmooth functions that are
sharp and Lipschitz, the Polyak subgradient method converges at a linear rate, yet the rate might
drastically slow down depending on the parameterization [23, 26], and may even decay exponentially

'The condition number of a matrix A is given by k(A) := 0max(A)/0min(A) where omin(A) is the smallest nonzero
singular value.
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Figure 1: Relative distance to the solution against iteration count for Algorithm 4 applied to an
overparameterized nonsmooth matrix factorization problem with F(U) = UU,h(M) = |M —
M*||p, M* € 8, and U € R?**3 with rank(M*) = 2 < r = 3 and x(M*) = 1. All algorithms use
the Polyak stepsize.

when overparametrization occurs; see Figure 1. Motivated by these drawbacks, numerous works
have proposed ad-hoc preconditioned (sub)gradient methods that exhibit linear convergence at a
rate independent of the parameterization F' [26, 94, 104, 106]. Despite the breadth of this line
of work, much of it focuses on concrete formulations, e.g., smooth low-rank matrix recovery, and
the proposed methods do not systematically generalize to composite optimization problems, which
motivates the main question of this work.

Is there a preconditioned subgradient method for general composite optimization problems that
exhibits local linear convergence depending only on the convex outer function h?

We answer this question in the affirmative under mild assumptions. Borrowing ideas that date
back to the work of Levenberg [61], Morrison [78], and Marquardt [74] on nonlinear least squares,
we propose a preconditioned subgradient method that updates

Tyl & T — ’yk(VF(a?k)TVF(xk) + )\kI)’1VF(xk)Tvk, (4)

with v, € Oh(F (z1)) where Oh denotes the convex subdifferential of h. Let us comment on this algo-
rithm and its underlying motivation. The method applies to both smooth and nonsmooth composite
problems. The term V F(zy) " vy corresponds to a subgradient of f, thus (VF (x1) " VF (21,) + M)~}
acts as a preconditioner. For structured problems, the cost of solving the linear system involved at
each iteration is low. For instance, for low-rank matrix recovery problems, the cost is proportional
to that of solving an r X r linear system. When the convex function h corresponds to the /o
norm squared, update (4) recovers the classical Levenberg-Morrison-Marquadt (LMM) method;?
moreover, when A\ = 0, it reduces to the Gauss-Newton method. Recently, Davis and Jiang [26]
introduced a Gauss-Newton subgradient method (GNP) for general composite problems, which
was the main inspiration for this work. Davis and Jiang showed that if VF' has full rank near
a minimizer, then GNP converges at a linear rate that only depends on the conditioning of h.
However, for overparameterized problems, VF does not have full rank near minimizers, leading to

2LMM is often only attributed to Levenberg and Marquardst.



potentially ill-posed preconditioners. Indeed, even mild overparameterization in low-rank matrix
factorization leads to the divergence of GNP; see Figure 1. To overcome this issue, we regularize
the preconditioner , which improves numerical stability.

Main contributions. Let us summarize our three core contributions.

(Method) We propose a Levenberg—Morrison-Marquardt subgradient method (Algorithm 1)
along with a concrete choice of stepsizes, 7, inspired by the Polyak stepsize [84], and damping
coefficients, A, that displays rapid local convergence universally across all combinations of smooth
and nonsmooth, overparameterized and exactly parameterized settings. Since our parameter
choice heavily relies on information about the function that may not be readily available to
practitioners, we also present another parameter configuration based on geometrically decaying
schedules [27, 45], which only requires rough bounds on the function parameters.

(General-purpose convergence guarantees) Under mild assumptions, we show that our
parameter configurations guarantee linear convergence at a rate depending solely on the convex
function h. Our results rely on nearly decoupled assumptions for h and the smooth map F,
allowing one to combine these functions freely while still achieving rapid convergence. In particular,
we require that h is in some sense well-conditioned on the image of F'—quadratic growth with
Lipschitz gradient in smooth settings, or sharp and Lipschitz in nonsmooth settings—while F'
must satisfy that its image and Jacobian are in a certain sense aligned near minimizers.

(Consequences for statistical recovery problems) To complement our convergence guar-
antees, we study their implications for various data science tasks. In particular, we show that
the geometric assumptions required for our general-purpose convergence results hold for (i)
nonnegative least squares formulations, (i) (overparameterized) low-rank matrix recovery, and
(7it) canonical polyadic (CP) tensor factorization problems. As a result, we establish the linear
convergence of the Levenberg—Morrison-Marquardt subgradient method (4) for all these problems
at a rate that only depends on the conditioning of the convex function h. This recovers existing
convergence guarantees in certain settings and provides the first such results for others.

Outline of the paper. We conclude this section with related work. Section 2 sets out notation and
necessary background. In Section 3, we formally introduce composite problems, our key assumptions,
and the algorithm we propose. After that, Section 4 provides general-purpose convergence guarantees
under suitable regularity conditions. In Section 5, we verify these conditions for several statistical
recovery problems. Section 6 contains numerical experiments showcasing the benefits of our method.
We defer long and technical proofs to the appendix.

1.1 Related work

Nonlinear least squares. Nonlinear least squares problems [9] form a widely studied instance
of (1), where the outer function is the squared Euclidean norm. Although Newton’s method
enjoys local quadratic convergence under mild regularity, forming or even applying the Hessian is
often prohibitively expensive at scale. The Gauss-Newton algorithm is a computationally cheaper
alternative that enjoys similar guarantees [81, 83] and has been widely used in the sciences and
engineering [4, 19, 86]. Gauss—Newton can fail when the iteration’s linear system is singular, making
the update ill-defined. To overcome this issue, Levenberg [61], Morrison [78], and Marquardt [74]
independently introduced an additional damping term ensuring invertability. The LMM method



Low-rank matrix recovery Applicable beyond

Algorithm Converges to .
Overparam. Symm. Asymm. Smooth Nonsmooth matrix recovery

ScaledGD [94] X v v v X Solution No"
ScaledGD(A) [104] v v v v X Neighborhood? No"
ScaledSM [95] X v/ v/ X v/ Solution No"
PreconditionedGD [106] v v X v X Solution No
Asymmetric PreconditionedGD [22] v X v v X Solution No
OPSA [44] v X v X v Solution* No
APGD [69] v X v v X Solution No
Approximated GN [48] v v v v X Solution No
GNP [26] X v v v v Solution Yes
Algorithm 1 (ours) v v v v v Solution Yes

Table 1: Comparison of methods for low-rank matrix recovery. These are problems where F'(U) =
UUT (symmetric) or F(U,V) = UV " (asymmetric). A check mark + indicates that the method
exhibits local linear convergence (depending only on h) for that particular setting.

* The same authors modified ScaledGD to extend to tensor problems [97].

# Converges arbitrarily close to a solution, with the final distance controlled by a parameter.

¥ The method converges to the solution of a regularized problem, which might differ from the original one.

has been extensively analyzed for nonlinear least squares [40, 41, 47, 77] and is widely used in
applications [3, 46, 85, 87].

Composite optimization. Splitting methods are a popular alternative for composite objectives.
The term ‘composite optimization’ is often used to refer to the subclass of additive composite
problems where the loss can be expressed as a sum of a convex and a smooth function. Classical
schemes for this subclass include the forward-backward (proximal-gradient) splitting [18, 37, 68] and
optimal accelerated versions [5, 55, 56]. For general composite objectives, the prox-linear method
linearizes F' and computes a proximal step of composition of the linearization with the convex outer
function each iteration [16, 37, 38, 63, 81]. This scheme is closely related to classical trust region
variants of Gauss-Newton [13, 14, 16, 42, 101]. Only recently has the local and global convergence
of subgradient methods for composite problems been established [27, 28].

(Sub)gradient methods for matrix recovery. Low-rank matrix recovery via the factorization
approach has been the subject of intensive study over the past decade [65, 73, 98, 105, 107]. For
the exactly parameterized regime, it is known that the optimization landscape of smooth objectives
is benign and randomly initialized gradient descent finds global minimizers [8, 20, 23, 43, 108]. Yet,
all local convergence rates depend on the condition number of the ground truth [17, 71]. Recent
work has focused on the rank-overparameterized setting, where subgradient methods still find global
minimizers, yet they exhibit a sublinear local rate of convergence due to flattened local geometry
caused by overparameterization [34, 109]. Several works have proposed strategies to accelerate the
convergence of these methods based on small initialization with early stopping and alternating small
and long steps [29, 35, 49, 50, 66, 72, 91, 92, 99, 103, 104]. Even though these methods achieve
linear convergence, their rates still depend on the condition number of the solution matrix.

Overparameterized matrix recovery problems. The seminal works [94, 95] proposed precon-
ditioned (sub)gradient methods to overcome the dependence on the conditioning of the ground truth
matrix in the exactly parameterized setting. Soon after, [106] introduced a preconditioned gradient
method that additionally handles overparameterization for smooth objectives with PSD matrices.
Subsequently, many other works introduced methods based on preconditioning together with small



overparameterization [104], alternating minimization [69], and Gauss-Newton type methods [48, 58].
Closer to our work, [44] introduced the Overparameterized Preconditioned Subgradient Algorithm
(OPSA), which achieves local convergence rates for nonsmooth, overparameterized, asymmetric
objectives. However, OPSA converges to the solution to a regularized problem, which might differ
from the ground truth. Beyond matrix problems, recent literature has also studied preconditioned
methods for low Tucker-rank tensor recovery [70, 96, 97, 102]. Given that much of the existing
literature focuses on matrix recovery problems, we include a comparison in Table 1.%

2 Preliminaries

Linear algebra. The symbol [m] will be shorthand for the set {1,..., m}. Further, for a finite set
S, the symbol #S denote its cardinality. We will use the symbol E to denote a finite-dimensional
Euclidean space with inner product (-,-) and the induced norm ||z|| = /(z,x). The closed ball of
radius r > 0 around = € E will be denoted by B,.(x). For any point x € E and a set Q C E, the
distance and the nearest-point projection (with respect to the Euclidean norm) are defined by
dist(z; Q) = inf ||z — y|| and  projg(z) = argmin ||z — y,
yeQ yeQ

respectively. Given a linear map between Euclidean spaces, A: E — Y, its adjoint map will be
written as A*: Y — E. We will use I; for the d-dimensional identity matrix, while 04 denotes the
d-dimensional origin. We use R and R, to denote the reals and the positive reals, respectively.
We always endow the Euclidean space of vectors R? with the usual dot-product (z,y) = z "y and
the induced f3-norm ||z|s = \/{z,x). For any x € R%, we use supp(z) to denote the indices of
nonzero entries of . Given two vectors =,y € R%, we let 2 ® y € R? denote their Hadamard or
component-wise product.

Similarly, we will equip the space of rectangular matrices R%*% with the trace product

(X,Y) =tr(XTY) and the induced Frobenius norm || X |z = y/tr(X T X). The operator norm of a

matrix X € R%*4 will be written as || X||op. The symbol o(X) will denote the vector of singular
values of a matrix X in nonincreasing order. We use opax(X) and omin(X) to denote the largest and
smallest nonzero singular values. Similarly, for a given symmetric matrix The symbols S and Sff
denote the sets of d x d symmetric and positive semidefinite, respectively. We use O(d,r) to denote
the set of matrices with orthogonal columns, i.e., @ € R**" such that Q' Q = I. Given a matrix
X € 8% the symbol A(X) denotes the vector of eigenvalues of X in nonincreasing order. Given two
matrices A, B of potentially different sizes, we let A ®k, B denote their Kroncker product. On the
other hand, ® denotes the tensor product. Note that the inputs and outputs of Kronecker products
are always matrices, while the inputs and outputs of the tensor product might be higher-order
tensors. Given a matrix X € R¥™", we use X;. and X ;j to denote its ith row and column, respectively,
and Xg with S C [r] to denote the submatrix of X with columns indexed by S.

Nonsmooth analysis. Nonsmooth functions are central to this work. Therefore, we will utilize a
few basic constructions of generalized differentiation; we refer the interested reader to the monographs
[10, 24, 76, 88]. Consider a function f: E — R U {400} and a point =, with f(z) finite. We use the
convention % = +00. The subdifferential of f at x, denoted by 0f(z), is the set of all vectors £ € E
satisfying

fy)z fl@)+ &y —x)+olly—zl) asy— =z, (5)

3This table is an oversimplification for pedagogical purposes; each statement holds under potential additional
assumptions of the respective paper.




Algorithm 1: Levenberg-Morrison-Marquardt Subgradient Method (LMM)
Input: Initial xp € E, stepsizes (7x)k>0 C (0, 00), and damping coefficients (A;)xr>0 C (0, 00)
Step k > 0:

Pick vy € Oh(F (zy)).
—1
Set, Th+1 — Tk — Yk (VF(mk)TVF(:ck) + AkI) VF(xk)Tvk.

where o(r) denotes any function satisfying o(r)/r — 0 as r — 0. Standard results show that for a
convex function f the subdifferential 0f(z) reduces to the subdifferential in the sense of convex
analysis, while for a differentiable function, it consists only of the gradient: 0f(z) = {Vf(x)}. For
any closed convex functions h: Y — R and C'-smooth map F: E — Y, the chain rule holds [38,
Theorem 10.6]:

O(ho F)(x) = VF(x)"0h(F(x)).

3 Algorithm and assumptions

In this section, we formally introduce the problem class we study, the different assumptions we
make, and the Levenberg-Morrison-Marquardt subgradient method we use for the rest of the paper.
As mentioned in the introduction, we consider

meil% f(z) with f:=hoPF. (6)

xX
Here E and Y are finite-dimensional Euclidean spaces, h: Y — R is a convex function, and
F:E — Y is a continuously differentiable map. Instantiations of this template include: low-rank
symmetric matrix problems where E = R¥" Y = Sfil_, and F(U) = UU ", and asymmetric matrix
problems where E = R%*" x R%2X" Y = R4*%2 and F(U,V) = UV ". From now on, the symbol
X™* denotes the set of minimizers of (6).

We say that problem (6) is overparameterized if for some z* € X'*, there is a sequence (xj)j CE
converging to x* such that the rank of VF(xz;) exceeds the rank of VF(z*). Intuitively, this
means that there are points arbitrarily close to a minimizer x* for which a linear approximation
of F requires more parameters than at x* itself. This definition matches the natural notion of
overparameterization for low-rank problems; we defer additional details to Section 5.

3.1 Algorithmic description

The Levenberg-Morrison-Marquardt subgradient method is summarized in Algorithm 1. For
structured problems, the linear system at each iteration can often be solved efficiently. For instance,
for low-rank matrix recovery, it reduces to solving a much smaller linear system; we defer the details
to Appendix E. This method builds upon the GNP method introduced in [26], which sets A; = 0.
The inspiration for GNP stems from a simple observation: when VF' has constant rank near z*—i.e.,
under exact parameterization—the image of F' forms a manifold M around F(z*). An elegant
argument shows that in this regime, the mapped iterates of GNP z;, = F(z) are akin to the iterates
of a Riemannian subgradient method on M with objective h [26]. Consequently, the iterates F'(xy)
are unaffected by the ill-conditioning of F. In contrast, overparameterization leads to problems
where the image of F fails to form a manifold. In such cases, the Gauss-Newton preconditioner is



not even well-defined since VF(xj) might not have constant rank. Our method bypasses this issue
by adding a damping term to the preconditioner, thereby ensuring its invertibility and stability.

We propose two ways to set the hyperparameters v, and A; of Algorithm 1, which we dub
“configurations.” The first configuration is based on the Polyak stepsize [84] and the damping
parameter for the preconditioned gradient descent method in [106]. From now on, we will use h*
and Z* to denote the minimum value and set of minimizers of min, ey, g h(z). Further, we use IT*
as a shorthand for the projection matrix projp, vp(g)-

Configuration 1 (Polyak). Set the stepsize to vy, = ’y% where v > 0 is a tuning parameter.

Additionally, set N\, such that there exist constants 0 < Cyp < Cyp satisfying
Crp dist(zg, 2%) < Mg < Cyp dist(zx, Z27).

This parameter choice relies on detailed information about the loss function and the distance to the
solution set—quantities that may not be readily available in practice. To address this limitation, we
introduce two alternative configurations tailored for nonsmooth and smooth problems, which do not
depend as heavily on such information.

Configuration 2 (Nonsmooth). Set vx = v¢* and A\, = A¢*, with v, \ > 0 and q € (0,1).
Configuration 3 (Smooth). Set v, = v and A\, = A¢*, with v,\ > 0 and ¢ € (0,1).

The primary difference between these two configurations is that the stepsize decreases geometrically
for nonsmooth functions while it remains constant for smooth functions. These strategies are designed
to emulate the behavior of the Polyak stepsize [27, 45]. In the following section, we demonstrate that
these configurations achieve convergence rates comparable to those of the Polyak-based approach.

3.2 Regularity of the parameterization

Overparameterization and the addition of the damping term complicate the analysis and require
more nuanced regularity conditions on the parameterization F'. Conveniently, these conditions
are independent of the conditioning assumptions for the outer function h, allowing us to pair any
sufficiently regular parameterization F' with any well-conditioned h, whether smooth or not. The
remainder of this section introduces these assumptions and collects some algorithmic consequences.
We begin with a standard assumption on F'.

Assumption 1 (Smooth parameterization). The map F' is continuously differentiable, and there is
a constant Lyr > 0 such that

IVF(x) = VEW)llop < Lyr lz =y, forallz,y € E.

Henceforth, we use the following notation

P(x,)\) :=VF(z)(VF(z) ' VF(z) + \[)'VF(z)". (7)
The matrix P(x, A\) will play a crucial role in our analysis. It can be seen as a regularized projection
matrix; indeed, when A = 0 and VF(z) has full column rank, it reduces to the orthogonal projection
onto the range of VF(z), which corresponds to II*. In what follows, we use the placeholders
z = F(z) and

Py = P(xk, \).

The next result collects a few properties of Py; its proof is deferred to Appendix A.1. We introduce
a bit of simplifying notation. Given any x € E, let U* and o% denote respectively the matrix of left

singular vectors and the vector of singular values of VF(z), moreover, we let UY; be the matrix
with the top j singular vectors of VF(x).



Lemma 3.1. Let xy, and x4 be iterates from Algorithm 1. Let z, = F(xy) and zx41 = F(xp41).
The following three hold true.

1. (Nonexpansiveness) The operator norm of both Py and I — Py, are less than or equal to one.
Moreover, ||Pyv|| < |[II**v|| for any v €Y.

2. (Restricted eigenvalues) The the eigenvalues of I — Py, restricted to the span generated by

the top j left singular vectors of VF (xy) are bounded by i.e.,

Ak
(U;k)z'i‘/\k’

Ak
|(I — Pp)v| < m”v” for v € span (Uf’;) .
3. (Approximation error) If in addition VF is Lyp-Lipschitz when restricted onto the line

segment connecting xy and xpi1, then ||zkr1 — (zp — Ve Prog)|| < LsX,f'VI% [ TT%5 0y, || 2.

In particular, the last item follows for any pair of consecutive iterates whenever Assumption 1 holds.
Intuitively, this item states that an updated mapped iterate zx1 = F'(xp11) can be approximated
by a linear step in Y space. This approximation will play a critical role in our analysis.

The following two assumptions are crucial to obtain linear convergence for ill-conditioned and
overparameterized problems, respectively. These assumptions are stated near a point z*, which the
reader can deem as a minimizer of i over the image of F. We let II7 = UT: j(Uf": j)T be the projection
onto the subspace spanned by the top j left singular vectors of VF(x).

Assumption 2 (Strong alignment). For a given z* € Im F', there exist a function §: Ry — Ry
and a constant s > 0 such that for any p > 0 and z = F(z) € Bg(,)(2*) there is an index j for which

|0 -T) =M <pllz =2 and (03 = 5.

Intuitively, this assumption amounts to the alignment between the image of F' and a low-dimensional
linear approximation around z*. As alluded to earlier, in the exact parameterization regime
when the rank of VF(-) is locally constant, the image of F' forms a manifold M of dimension
J = rank(VF(z*)). As such, IIJ corresponds to the projection onto the tangent of M at F(z).
In turn, the error between centered manifold elements z — z* and the tangent increases at most
quadratically in the norm of z — z*, and one can easily derive that this assumption holds; see
Lemma C.1 in the appendix.

However, for overparameterized problems, there is no manifold structure, and Assumption 2
cannot hold. To overcome this issue, we introduce a weaker condition, allowing the singular values
of the linear approximation to decrease gracefully as we approach z*.

Assumption 3 (Weak alignment). For a given z* € Im F', there exist functions §: Ry — Ry and
s: Ry — Ry such that for any p > 0 and any z = F(x) € Bg(,)(2*) there is an index j for which

-1 <ple=2l and  (oF) > s(0) 2~ "]

In Section 5, we will see that this assumption holds for a variety of overparameterized problems. It
is immediately clear that Assumption 2 implies Assumption 3. We emphasize that both assumptions
on F' are independent of the outer function h.

3.3 Regularity for nonsmooth outer functions

Next, we introduce the regularity conditions on the outer function h. Intuitively, regularity ensures
that the function h is well-conditioned when restricted to the image of F. We present two different

10



notions of conditions depending on the smoothness of the problem. We start with conditions for
nonsmooth losses. Recall that we use II* as a shorthand for the projection matrix projiy, vp(s)-

Assumption 4. The function h: Y — R satisfies the following properties.
1. (Unique minimizer) The function h has a unique minimizer z* over Im F.
2. (Convexity) The function h is convex.
3. (Restricted sharpness) The function h is p-sharp on Im F. That is,
h(z) —h* > p- ||z — 2% for all z € ImF,
where h* = h(z*) is the minimum of h |im F.
4. (Restricted Lipschitzness) There exists a constant L > 0 such that

(a) For any x € dom F and v € Oh(F(z)),
|II*v|| < L.
(b) For any x € E, z = F(z), v € 0h(F(x)), and A > 0 we have
| (v, (I = P(z,A))(z = 2%)) | < L|[(I = P(z, M)(z = 29|,
where the matriz P(x,\) is given by (7).

We point out that for our results, one can drop the uniqueness of the minimizer in Assumption 4,
but we assume it for simplicity. Although the fourth condition might seem complicated, it is satisfied
by any globally Lipschitz convex function h. Moreover, a simple argument shows that it ensures
that h(z) — h* < 2L||z — z*|| for all z € Im F. These regularity conditions are well-understood in the
unconstrained setting where the parameterization is an identity, F' = I. The seminal work [84] showed
that the subgradient method coupled with the Polyak stepsize converges linearly to minimizers in
this setting. The following is a direct consequence of Assumption 4.

Lemma 3.2 (Aiming towards solution). Suppose that Assumption 4 holds. Then,
(v,2 =2y > h(z) = h(z") > pllz — 27| for all z € Im F and v € Oh(z).

Thus, negative subgradients point towards the solution.

3.4 Regularity for smooth outer functions

Paralleling regularity for nonsmooth functions h, we now introduce analog regularity conditions for
the smooth setting. Intuitively, they amount to quadratic lower and upper bounds.

Assumption 5. The function h: Y — R satisfies the following properties.
1. (Unique minimizer) The function h has a unique minimizer z* over Im F.
2. (Convexity) The function h is convex.

3. (Restricted quadratic growth) The function h exhibits a-quadratic growth on Im F; i.e.,
h(z) — h* > %HZ—Z*H2 for all z € ImF,

where h* = h(z*) is the minimum of h |im F.

11



4. (Restricted Smoothness) There exists a constant f > 0 such that for any x € E and
z = F(x) the following hold true.

(a) We have
1
MEVAG < fle= = and  b) - b > o VA

(b) For any A >0
[ (Vh(2), (I = P(z,\))(z = 2")) | < Bllz = 2" [ |1 = P(z, A))(z = 2")]],
where P(x, ) is given in (7).

The first two conditions are exactly the same as in the nonsmooth setting. The third condition
is satisfied by any globally a-strongly convex function, while the latter one holds for any globally
j-smooth function [82]; e.g., both are trivially satisfied by h(-) = 1| - [|3. We collect an analog to
Lemma 3.2; the proof follows from convexity and quadratic growth.

Lemma 3.3 (Aiming towards solution). Suppose that Assumption 5 holds. Then,
(Vh(2),2 = 2") > h(z) = h(z") > 5 Yz =22 forallz€E.

We close this section with a bound on the progress made by the approximation from Lemma 3.1.
We highlight that the next result applies regardless of the smoothness of h.

Lemma 3.4 (Linearization progress). Let xy be an iterate from Algorithm 1 with Configuration 1
(Polyak stepsizes) where we set the hyperparameter v < 1. Suppose that h is convex and F is
continuously differentiable. Letting zx, = F(xy), we have

*||2 (h(Zk) — h*)

— =+ 27, (I — Pp)vg, 2 — 27) .

2
2k — VePevr — 27| < ||z — 2
o5~ <) o

Proof. Expanding

2k — e Prvr, — 2*|1* = ||z — 2% — 29 (Pyvk, 25 — 2*) + 2 || Prvg)?

(

= |2k — 2*1* = 29k (vk, 26 — 2*) + 291 (I — Pi)og, 21 — 2°) + 72 || Prvr ||
(2
|TI*

(h ) h*)? B o
- + 2’)% <(I Pk)’l)k, 2k z > R (8)

2

< [lzw — 27|l T

where the last inequality eliminates the term (vg, zx — 2*) via convexity of h, and upper bounds the
last using Lemma 3.1, Configuration 1, and v < 1. This completes the proof. O

4 General convergence guarantees

In this section, we present our general-purpose guarantees for Algorithm 1 under the various
parameter choices and smoothness assumptions introduced in Section 3. We also extend these
guarantees to cases where the regularity assumptions for the parameterization F' hold only locally,
an extension that will be particularly useful for tensor problems in later sections. Since most proofs
share the same structure, we provide only the simplest versions to illustrate the core ideas and defer
technical details to Appendix B.
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4.1 Guarantees for nonsmooth losses

We provide guarantees for both the exactly parameterized and overparameterized regimes. We start
with the latter due to its novelty.

Theorem 4.1 (Convergence under weak alignment and nonsmoothness). Suppose that
Assumptions 1, 3 and 4 hold. Further assume that zo = F(xq) satisfies ||zo — 2*|| < 6 ({f) . The
following two hold.

1. (Polyak stepsize) Suppose we ran Algorithm 1 initialized at x¢ using Configuration 1 with
~ < min {1, %} and Cuo < 55 (45)- Then, the iterates z, = F(xy) satisfy
2

k/2
2 — 2| < (1 - g;) 20 — 2*||  for all k > 0.

2. (Geometrically decaying stepsize) Suppose we ran Algorithm 1 initialized at xo using
Configuration 2 with

Ms (45) n 1 Mup  [22M M o1
A< —8LI T < — - mi d q> {1 }
DT R AN A I VYA [l vy (R AM' B

where M = 0 (45). Then, the iterates z, = F(xy) satisfy
|2k — 2*|| < Mq®  for all k > 0.

Here, we only prove the statement concerning the Polyak stepsize and defer the proof for
the geometrically decaying stepsize to Appendix B.1. The proofs of all our results follow the
same template. Before proving Theorem 4.1, we introduce a proposition that provides the shared
machinery underlying our argument for the Polyak stepsize.

Proposition 4.2 (One-step progress). Suppose that xj and xy1 are iterates of Algorithm 1 with
Configuration 1. Assume in addition that h is convex, F' is continuously differentiable, and VF is
Ly r-Lipschitz when restricted onto the line segment connecting xy and xyy1. Define z;, = F(xy)

and zxy+1 = F(xp41). If the stepsize hyperparameter satisfies v < min {1, chl; and
1
(= Pe)ok, 2 = 27) | < 7 (h(2p) = 17), (9)

then, we have

h(zy) — h*)?
_ 52 < —_ 512 l(—
sz-‘rl z H = sz z || ] HkaUkHQ

Proof of Proposition /.2. To derive this bound, we apply the triangle inequality with a one-step
linear approximation

12k1 = 2°[ < llzksr — (26 — e Poow)l| + || (zk — Yo Prvr) — 271 - (10)
T 1>

We focus on bounding each of these terms separately. To bound 7T} we apply Lemma 3.1 and obtain
YeLlvr
8k
YeLlvr
- 8011) sz - Z*H

T |[T%% ||

IN

L. (11)
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To bound 75, we compute
(h(zk) — h*)?

[Tk v ||
o (h(z) =P .

—y——5—+ — (h(zx) — h*)

T2 v |2 2
v (h(zk) — h*)?
I =5 (12)
[Tk v
where the first inequality follows from Lemma 3.4 and the second inequality follows from the
bound (9). Next, we state a claim that we will use recurrently.
Claim 4.3. If we have that |{(I — Py)vy, z1, — 2*)| < 2(h(zy) — h*), then
3

1 ((z) = h(27)) < (Brog, 21, — 27) < [T okl 21, = 27

Proof of the Claim 4.3. By the subgradient inequality

T3 < ||z, — 2*|° - + 2 |{(I — Py)vk, 2 — 27)|

<z — 27

= ||zx — 2~

* * * * 1 *
h(zx) — W < (Pyog,z — 2%y + (I — Pr)vg, 2z — 27) < (Pyog, 2 — 2 >+Z(h(zk)_h ),

rearranging the terms establishes the first inequality. The second inequality follows from Cauchy-
Schwarz and Lemma 3.1. O

In particular, we trivially obtain T < ||z — 2*||. Invoking (10) gives

zk41 — 2412 (13)
<TE+TZ+ 2T T
<o — 22 = L (A(zx) = h*)? VLG (h(zk) = 0*)' PLor (h(z) — 1*)°
B 2 [T 64CT[lzk — 2*[* || TIokwy ]| 4Cw || TI=kuy|?
< sz o Z*HZ 0 (h(Zk) — h*)Q I ’74LQVF (h(Zk) — h*)4
- 4 |Tovvg]® 0 64CT [z — 212 |[TTowwg|*
h(z) — h*)?
< o — 2 - PP =S (14

8 || Tmeruy|?
where the second inequality uses (11), (12), and the definition of ~, while the third and the final

inequalities follow from ~ < min {1, chl;} together with Claim 4.3. The proof of Proposition 4.2 is

complete. ]
Armed with this proposition, we prove the main result of this section.

Proof of Theorem 4.1. By induction, it suffices to show that for 2 satisfying ||z, — 2*|| < ¢ (£5),

2
o = 27 < (1 - gg) lox = 211 (15)
Let j be the index provided by Assumption 3 when applied to p = 8% and z = z, = F(xy), i.e.,
_ Z'k Lk < i Lk T 2 > ﬂ Sk
[0 =19 =) < F == and (@ 25 (£ ) = 271 (16)
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Invoking Item 4 of Assumption 4 and the triangle inequality, we derive
(I = Py)og, 2e — 27)| < L|(I — Pr) (2 — 27|
< L(||(1 = BTt (2 — 2| + || (1 = ) (1= T03%) (2 = 27)

Lemma 3.1 ensures that the eigenvalues of I — Pk restricted to the span generated by the top j left
singular vectors of VF(zy) are bounded by W Using this fact in tandem with (16) gives

(17)
).

Ak

G vl LGS

(I = Pg)vg, 2k — 27)| SL( +||Zk—Z*H>

il

L w |2k — 2 +£ _
<ﬂiw%—fm+Qﬂ%—w|sL” |

C’ub (18)
=L —-2 *
<5(8'ML)+Cub+8L>|Zk Z”
Ellzk— =]
< (hzx) — ).

The second and third inequalities use the fact that the function b — aLer is strictly increasing on R
for any given a > 0 together with the bounds Ay /[|zx — 2*||2 < Cw < 5 (¢7) ¢ given by assumption.
Invoking Proposition 4.2 and Assumption 4 gives

h 21) — h* 2 2
Z*H2_1( ( ) 2) < 1_M sz_z*||2’
8 [[TI*kvg|
completing the proof of Theorem 4.1. ]

IN

A

l2sr = 2*11% < [l —

Let us make a few remarks about the statement for the Polyak stepsize. While our conclusions also
apply to geometrically decaying stepsizes, they are more transparent in the Polyak case. This result
ensures that the iterates zp will be within distance € > 0 of the minimizer after O (%5—; - log (%))
iterations, which notably depends only on the conditioning of the outer function h. The parameter
constraints enforce v < L and Caop < Fs (ﬁ) In the context of low-rank matrix recovery problems,

this simplifies to v < Lz and so the best rate one can get is O ( -log (e 1)) .

The bound on Cy, is likely an artifact of our proof. Indeed, in our numerical experiments,
we take v and Cyp to be constants independent of /L and still observe linear convergence; see
Section 6. Further, as we show in the next result, under strong alignment (Assumption 2)—which
only holds for exactly parameterized problems—we can bypass the spurious bound on Cy, and prove
a faster local rate.

Theorem 4.4 (Convergence under strong alignment and nonsmoothness). Suppose that
Assumptions 1, 2, and J hold. Further assume that zg = F(xq) satisfies ||z0 — 2*|| < 6 ({7) . The
following two hold.

1. (Polyak stepsize) Suppose we ran Algorithm 1 initialized at xo using Configuration 1 with

~ < min {1, %} Further, assume |20 — 2*|| < g5bp. Then, the iterates zj, = F(xy) satisfy

k
i ol *(12
Iz — 2%||” < 1—@ llzo — 2*||°  for all k > 0.
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2. (Geometrically decaying stepsize) Suppose we ran Algorithm 1 initialized at xo using
Configuration 2 with

S W 1 o Mpo [22M A { v 1 }
A< 2 < —. d ¢> 1— = =
=L =1 mm{64L’\/ Lvp 2LgpL [ ¢ 4= M2
5

(¢7) - Then, the iterates z, = F(xy,) satisfy
|2k — 2*|| < Mq®  for all k > 0.

We defer the proof of this result to Appendix B.2. There are two main differences between this
result and Theorem 4.1 regarding the Polyak stepsize: (i) we replace Assumption 3 with Assumption 2
and (i7) we substitute the bound on Cy, with an additional constraint on the initial distance to
optimum. By setting \; to ensure LCV“; = 0(1), we derive a local rate of O (ﬁ—;
this shows that a properly tuned Levenberg-Morrison-Marquardt method matches the rates of the

Gauss-Newton method in the absence of overparameterization [26, Theorem 3.1].

-log (e_l)) . In turn,

4.2 Guarantees for smooth losses

Analogous arguments to the ones used for nonsmooth losses can be applied to derive linear
convergence for composite losses where the outer function h is smooth and has quadratic growth.
We state these guarantees here and defer the proof of the next result to Appendix B.3.

Theorem 4.5 (Convergence under weak alignment and smoothness). Suppose that Assump-
tions 1, 3, and 5 hold. Further assume that zo = F(zo) satisfies ||z0 — 2*|| < 5( ) . The following
two hold.

_a
165

1. (Polyak stepsize) Suppose we ran Algorithm 1 initialized at xo using Configuration 1 with

~v < min {1, chl;} and Cuw < 1555 (%) Then, the iterates z, = F(xy) satisfy

2 Yo b 2
2 — 2|12 < (1 - 326) lz0— 2|2 for all k > 0.

2. (Constant stepsize) Suppose we ran Algorithm 1 initialized at xo using Configuration 3 with

MS(lg )a 1 1 32\ A a 1

B : v

A< < = - d > 1—

- 64 B’ 7_,8 mm{g, LVFM’2LVFM} o q_max{ 2’\/5}’

where M = § (%) . Then, the iterates z, = F(xy) satisfy
|z — 2*|| < Mq®  for all k > 0.

Again, the convergence rate depends solely on the conditioning of the outer function h. For
matrix recovery problems, this results in a convergence rate of O (g—z log(f—:*l)>, which exhibits an
undesirable cubic dependence on the condition number. As in the nonsmooth setting, we can further
improve this convergence rate under conditions of strong alignment. The proof of the next result
appears in Appendix B.4.

Theorem 4.6 (Convergence under strong alignment and smoothness). Suppose that
Assumptions 1, 2, and 5 hold. Further assume that zo = F(xo) satisfies ||zo — 2*|| < 6 (%) . The
following two hold.
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1. (Polyak stepsize) Suppose we ran Algorithm 1 initialized at xo using Configuration 1 with

v < min{l, LCVL;} Additionally, suppose that |20 — 2*||ly < 15,5 Then, the iterates

zi = F(xy) satisfy

2 yo \ 2
llzi — 2*||5 < (1 - 325) lzo — 2*||5  for all k > 0.

2. (Constant stepsize) Suppose we ran Algorithm 1 initialized at xo using Configuration 3 with

1 1 2\ A 1
A< 2 ’ygﬁ-min{ 5 } and quax{ 1_704}7

< 2=
B 165’ 8’ vaM’ 2Ly rpM 27 ﬁ
where M = § (%) . Then, the iterates z, = F(xy) satisfy

|z — 2*|| < Mq®  for all k > 0.

4.3 Guarantees under local regularity

In some applications, such as tensor factorization, Assumptions 1 and 3 do not hold, i.e., there is
no global Lipchitzness of VF or alignment. Instead, these two only hold locally. Notably, even
under these weaker local conditions, all our previous rates still hold. In this section, we extend our
guarantees to such a local regime. We start with local alternatives of Assumptions 1 and 3. Recall
that X* = argmin, h o F'(x) is the set of minimizers.

Assumption 6 (Locally Lipschitz Jacobian). The map F is continuously differentiable, and for a
fized 2* € R?, there exists eyp > 0 and Lyp > 0 such that

IVE(z) = VEW)llo, < Lvrllz —ylly,  for all z,y € Beg (7).
Assumption 7 (Local weak alignment). For a fivred 2* € X* and z* = F(z*) there exist functions

0: Ry = Ry, s: Ry — Ry and a scalar ez« > 0 such that for all p > 0 we have that if v € B, _, (z¥),
and z = F(x) € By, (2*) then there is an index j for which

2
=15 =), <pllz=2 and  (0F) = s(p)llz = "Il

Next, we state a local guarantee under these local regularity assumptions. Although we only
state it for weakly aligned and nonsmooth problems using the Polyak stepsize, there are similar
guarantees for the other scenarios considered in this section. We defer those and the proof of the
following result to Appendix B.5. The key idea to establish this result is to show that the iterates
T} stay in the region where the previous two assumptions hold, after which the argument follows
precisely as it did for the global assumptions.

Theorem 4.7 (Convergence under local weak alignment and nonsmoothness). Suppose
Assumptions 4, 6 and 7 hold. Define §:= /1 — g%z, and let zo and zo = F(xg) be points satisfying

=2 9
1-— C
feo ¥l < /2 and \IZO—Z*\Izﬁmin{5<23/2>’( st }

where € = min {eyp, e+ }. Suppose we ran Algorithm 1 initialized at xy using Configuration 1 with

v < min {1, chlbp} and Cyp < 475({). Then, the iterates xy satisfy

|zk — x*||2 <& for all k >0,
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and, moreover, the mapped iterates z, = F(xy) satisfy

2

k
zr — 2*]]? < < - ngZ?) |20 — 2*||*  for all k > 0.

5 Consequences for statistical recovery problems

In this section, we instantiate the general convergence guarantees from Section 4 for concrete
recovery problems in signal processing and data science. To this end, we show that our alignment
assumptions hold for three families of parameterizations: squared-variable formulations, low-rank
matrix factorizations, and CP tensor factorizations. Further, we establish that our restricted
conditioning assumptions on the outer convex function are satisfied whenever well-established
notions of strong identifiability, e.g., restricted isometry property, hold. Armed with these results,
we derive local convergence rates for nonnegative least squares, robust matrix sensing, and tensor
factorization under standard assumptions from the literature. All proofs are deferred to Appendix C.

5.1 Squared-variable formulations

Scientists dealing with unmixing problems often wish to minimize a convex function A: R — R
over the positive orthant R’ . A prominent example of this type of problem is nonnegative least
squares [59]. These problems arise naturally across several domains, including acoustics, imaging,
and genomics [64, 67, 93]. This type of problem can be reformulated as a composite optimization
problem via the squared-variable map c¢: x — = ® x (where ® denotes the component-wise product)
[33, 62]. Although other algorithmic solutions might be preferable for this particular problem,
e.g., the projected subgradient method, we cover this example as it provides a clear and simple
illustration of our framework.

Regularity of the parameterization. Throughout we assume h has a unique minimizer z* over
R’ and let 2* € R" be any vector such that z* = 2*®@a*. It is immediate that VF(x) = 2 diag(x) and,
the problem is ill-conditioned when max;c(,) [27| > min,e, |27, and overparameterized whenever
r* := #supp(a*) < r. The next result establishes regularity for the squared-variable formulation
with potential overparameterization; its proof appears in Appendix C.4.1.

Theorem 5.1 (Weak alignment of squared-variable map). The map F: R" — R" given by x — xOx
satisfies Assumption 1 with Lvp = 2 and Assumption 3 with

s(p) = an = min { min ———, min ————, min -
p max{\/r —r*,1} P ijeElr] 2 iclr] 1+ s(p)’ ielr] 2
z; #25 27 #0 27 #0

for any given z* € R/ with r* = # supp(z*).

Nonnegative least squares. We leverage the regularity of the squared-variable formulation to
derive guarantees for nonnegative least squares [6, 30, 52, 79]. For a matrix A € R™*" with m > r
and b = Az* € R™, define the smooth and nonsmooth formulations

1 2 .
min o |A(z©x) —bll;, and min|A(zOz) -0, (19)
The following lemma is immediate, and so we omit its proof.
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Lemma 5.2. Suppose that A has full rank. Then, the function z — %HAZ— b||2 satisfies Assumption
5 with constants a = omin(A)? and f = omax(A)?. Similarly, the function z — || Az — b||2 satisfies
Assumption 4 with constants 1 = omin(A) and L = opmax(A).

Recall that x(A) denotes the condition number of A, i.e., K(A) = Oyax(4)/min(A). Equipped
with these results, we are in good shape to derive a local convergence rate.

Corollary 5.3 (Smooth nonegative least squares). Suppose Algorithm 1 is applied to the first
nonnegative least squares objective (19) (squared), initialized at some xo € R" using Configuration 1

with v < min {1, %}, Cup < (28 max{y/r —r*,1})"1s~* (A) and

1
|zo ® zo — 2*||; < = min ¢ min {zz* — z;} min 2

2 ijelr] Tie[r]|zF £0
zi*;éz;
Then, the iterates x satisfy
~ k
|2p © z — 2*|3 < (1 - 5/—@_2 (A)) |0 @ 2o — 2*||5  for all k > 0.

Corollary 5.4 (Nonsmooth nonegative least squares). Suppose Algorithm 1 is applied to the
second nonnegative least squares objective in (19) (not squared), initialized at some xo € R" using

Configuration 1 with v < min {1, %}, Cuwp < W,{—Q (A) and

1
2o ® zg — 2*||, < =min < min {z»*fz*} min 2
H 0 0 ||2 -2 i,5€[r] ¢ J ’ie[r] ¢
Then, the iterates x satisfy

k
|z © 21 — 2%]|5 < (1 - %ﬁ_2 (A)) |zo ® o — 2*||5  for all k > 0.

These corollaries follow directly from Theorem 4.1 and Theorem 4.5, respectively. While similar
rates hold for geometrically decaying step sizes and better rates hold in the exactly parameterized
case r* = r, we omit them for brevity. The condition number of A appears in the convergence rate
because we incorporated A into the definition of h; this rate is standard for gradient descent applied
to least squares. Interestingly, the convergence rate we derive for the nonsmooth formulation of the
problem is faster than the convergence rate for its smooth counterpart. In particular, Corollary 5.4
only allows for v = k (A) 2 which translates to a rate of O(x(A)*log(1/¢)), while Corollary 5.3
imposes v =  (A)~* translating to a rate of O(x(A)%log(1/e)). We observe experimentally that
our method is slightly faster when applied to the nonsmooth formulation; see Section 6.1.

5.2 Matrix recovery problems

Several modern data science tasks can be formulated as the problem of recovering a rank-r* matrix
Z* from a small set of noisy measurements b = A(Z*) + ¢ € R™ where A is a known linear map
and € models noise. Applications arise in imaging, recommendation systems, control theory, and
communications [17, 23, 25, 31, 100]. Remarkably, even though Z* may be a large d; x do matrix,
the number of measurements m required for recovery is often much lower, typically on the order of
O(r*(dy + d2)). A popular approach to tackle this problem leverages low-rankness by solving one

19



of two formulations:

min ¢(AXXT)=b)  or min C(AXYT) = b)), (20)
XeRdxr XeRUXT Y eRd2X"

depending on whether the matrix is symmetric positive semidefinite Z* € Si or asymmetric
Z* € R"*% Here r is an upper bound on the true rank 7* and £(-) is a measure of discrepancy.
Common choices for £(-) include the ¢ norm squared, which is effective against small unbiased
noise [23], and the ¢; norm, which is robust against gross outliers [17]. Iterative methods for these
formulations are appealing since they do not need to project onto the set of low-rank matrices,
which involves costly matrix factorizations that are prohibitively costly in large-scale settings.

In this section, we develop rates for Algorithm 1 applied to composite problems where the
parameterization can be either Fyyy,: R — 8% or Fasym: R4X" x R2X" 5 R41%4% given by

X—XX" and (X,Y)— XY, nrespectively. (21)

We consider two concrete losses: h(-) = || A(-) — b||3 and h(-) = ||A(:) — bll;. In what follows,
we develop theory for linear maps satisfying the standard restricted isometry property (RIP) or
a modified version involving the /1-norm—both of which hold for linear maps with appropriately
normalized iid Gaussian entries. We leverage these results to derive guarantees for the ¢ loss that
hold even when gross outliers corrupt a constant fraction of the measurements.

5.2.1 Regularity of the parameterization

As a first step, we show that both parameterizations in (21) are smooth (Assumption 1) and establish
weak alignment (Assumption 3) for the PSD factorization and its local analogue (Assumption 7)
for the asymmetric factorization. The proofs of the following two results are rather technical and
require carefully characterizing the spectrum of the Jacobians of these parametrizations; we defer
these arguments to Appendices C.5.1 and C.5.2, respectively.

Theorem 5.5 (Weak alignment of PSD factorization). The map Fyym: R — 8¢ given by
X — XX satisfies Assumption 1 with Lyr = 2 and Assumption 3 with

B 4,0 an — min L ;1 * *
) = gy ot ) = min{ G g e ()

for any Z* € Si with rank(Z*) = r*.

Theorem 5.6 (Weak alignment of asymmetric factorization). The map Fasym: R¥*" x
R%®*" — RU*% given by (X,Y) — XY T satisfies Assumption 6 with Lvr = /2 and eyp = 00,
and Assumption 7 with

1 min{0cZ (X*),0% (Y*)}

7»*

_ o mnfeh (X, 00)
16y/2 max {oy (X*), 01 (Y*)}’ g

C10V2(r =4 1)? ok (X +on (V)
1
and §(p) = min {Z, 45(p)} min {az* (X*), 0% (Y*)}
for any factorization Z* = X*Y* " satisfying rank (X*) = rank (Y*) = r* and the right singular
vectors of the two factors match VX =VY".

Exp*

These two regularity guarantees combined with the immediate fact that h(Z) = ||Z — Z*||F
satisfies Assumption 4, can be used to derive fast convergence guarantees for Algorithm 1 applied to
matrix factorization problems as the one we covered in the introduction; see Figure 1. We observe
that for the asymmetric setting, the alignment is only local, and we require the right singular vectors
of the two factors to be the same. Although this might sound restrictive, spectral initialization
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procedures guarantee closedness to such balanced factors [23, 98]. We focus instead on more general
matrix sensing problems where the input A is not simply the identity.

5.2.2 Noiseless matrix sensing

In this section, we consider noiseless measurements b = A(Z*) and the smooth objective h(:) =
2|l A(:) — b||3. Although we could instead work with the nonsquared loss, we restrict attention to the
smooth objective since (i) the next section will explore an arguably more interesting nonsmooth loss,
and (i7) most existing theory pertains to this setting. We will state definitions and some results only
for the asymmetric case, since the extension to the positive semidefinite case follows immediately.

Our guarantees apply to maps satisfying the restricted isometry property (RIP)—a popular
notion of strong identifiability that underpins most existing guarantees for linear inverse problems.
A linear map A: R%4*% — R™ satisfies RIP if there exists 6 € (0,1) such that

(L=8) 12l < JA2)I5 < 1 +0) |1 2] (22)

for all matrices Z of rank at most 7. In short, this property ensures that distances between low-rank
matrices are approximately preserved after mapping by A. While the identity map trivially satisfies
this property, more interesting random maps with low-dimensional images also exhibit this behavior.
We say that A has i.i.d. entries if A(Z); = (A;, Z) where the entries of A; € R%*%2 are drawn i.i.d.
and the matrices A; are independent of each other.

Lemma 5.7 (Theorem 2.3 in [15]). Fiz r < min(dy,ds) and ¢ € (0,1). Assume that A has i.i.d.
entries with distribution N(0,1/m). There exist universal constants ci,ca,c3 > 0 such that if
m > c1r(dy + dg), then A satisfies (22) for all matrices Z of rank at most r with probability at least
1 — cgexp(—c3m).

In turn, RIP suffices for good conditioning. The proof of the next lemma is in Appendix C.5.3.

Lemma 5.8. Suppose the map A satisfies (22) for all matrices of rank at most 6r, and that
b= A(Z*), with Z* € R"*% q rank r matriz. Then, the function h(-) = 3 ||A(-) — b||5 satisfies
Assumption 5 with a = (1 =) and = ((114%))2.

Therefore, applying Theorem 5.5 (resp. Theorem 5.6) in tandem with the preceding lemma
shows that the assumptions of the general convergence guarantee Theorem 4.5 (resp. Theorem B.13
in Appendix B.5) are satisfied in the symmetric (resp. asymmetric) case.*

Corollary 5.9 (Convergence for PSD matrix sensing). Suppose that the measuring map
A: 8% — R™ satisfies (22) for all matrices Z of rank at most 6r and b = A(Z*). Algorithm 1 is
applied to the first objective in (20) with £(z) = ||z||3, initialized at Xo using Configuration 1 with

. % 1 (1_6)4

1 (-

A (2.

T % < Y]
|xoxs -2 FT16v2(1+ 027"

Then, the iterates satisfy

| XX - 2 i < (1 - 7(15)2>k |Xoxg = 2| for all k> 0.

32(1+0)2

“To derive the corollary in the asymmetric case we used that 1 — (1 — )® > ax for all z € [0,1] and « € (0,1)

2
F
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Corollary 5.10 (Convergence for asymmetric matrix sensing). Suppose that the measuring
map A: R% x R%2 — R™ satisfies (22) for all matrices Z of rank at most 6r and b = A(Z*).
Let X*Y*T = Z* be a factorization satisfying rank (X*) = rank (Y*) = r* and the right singular
vectors of the two factors match VX' = VY". Assume Algorithm 1 is applied to the second
objective in (20) with () = ||z||3, initialized at (Xo,Yy) using Configuration 1 with v < min{1, % ,

! (1-8)* min{o?, (X*),02, (Y*)}
Cub S 29~5\/§(r—r*+1)2 (1+5)4 UE*(X*)+UE*(Y*) ’

_ * VK 1 min {07?* (X*) >G7%* (Y*)}
H(XO’}/O) (X Y )HF < 32\/5 max {01 (X*)70.1 (Y*)} ’

and

1 (1—=8)*min{ok (X*),0m (Y*)}
XoY, - Z* = r s :
H 0%0 F = 22 (1+40)% min{o?(X*),02(Y")} Cu
Then, the iterates satisfy
k
T o2 7 (1-9) T o
Xy -z < (1 - BT |XoYg" = 2|, forall k> 0.

The only dependency on the conditioning of Z* appears in the size of the neighborhood where
the algorithm exhibits linear convergence. The general guarantees under strong alignment can be
used to derive faster rates in the exactly parameterized case; we omit such results for brevity.

5.2.3 Robust matrix sensing

In this section, we will study matrix sensing problems with gross outliers. That is, we consider
corrupted measurements of the form

- {A(Z*)i if i € I¢ (23)

7; otherwise,

where Z C [m] is a subset of the entries and 7; is arbitrary. Inspired by [17], we consider (20)
with £(z) = ||z]|1. Before stating our results for this loss, we take a small detour to show that for
nonsmooth matrix problems, the rather complicated Assumption 4 is implied by a more standard
form of restricted conditioning. This matches the assumptions for ScaledGD [95]. We defer the
proof of the next lemma to Appendix C.5.4.

Lemma 5.11. Let h: R4*% — R be a convex function and Z* € RM*% satisfying the following
two conditions.

1. (Restricted sharpness) For any Z € R4*% with rank Z < r we have
plz = 2% r < [h(Z) = M(Z7)]. (24)
2. (Restricted Lipschitzness) For any pair Z, Z € R“*% with rank(Z — Z) < 2r we have
W(2) = 1(2)| < LI Z = Z||r. (25)
Then, h satisfies Assumption / with F' = Fagyn.

A completely analogous result holds for the symmetric parameterization; we omit it to avoid
repetition. Next, we establish these notions of restricted Lipschitzness and sharpness. Just as in
the noiseless case, we will enforce a restricted isometry property, but in this case, a mixed version
with the ¢; norm. In particular, we say that a linear map A: R%*% — R™ satisfies £1/fo-RIP if
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there exist constants wi,ws > 0 such that
wi [ Z][p < A2 < w2 Z]lp (26)

for all matrices Z of rank at most r. In turn, ¢ /¢2-RIP does not suffice to handle outliers. Instead,
we require a slightly more restrictive condition. The map A satisfies the Z-outlier bound if there
exist a constant wg > 0 such that

wo [ Z]|p < ([ Aze(2)]]; = [Az(Z)]];) (27)

for matrices Z of rank at most r, where Az(Z) and Az-(Z) are the subvectors of A(Z) indexed by
7 and Z¢. In turn, random Gaussian mappings also satisfy these properties.

Lemma 5.12 (Theorem 6.4 in [17]). Fizr < min(d;, d2) and Z C [m] with #Z < m/2. Define ps =
#T/m and suppose that A: R">*% — R™ has i.i.d. Gaussian entries with distribution N(0,1/m?).
There exist universal constants ci,co,c3 > 0 such that if m > U—;w In <02 + (1—26#11)» r(dy +
da + 1), then A satisfies (26) and (27) for matrices Z of rank at most r with probability at least
1 —4exp(—c3(1l — 2pgain)m).

Several other random mappings satisfy (26) and (27), including those used for phase retrieval and
blind deconvolution [17, Theorem 6.4]. The following lemma shows that whenever the measurement
map satisfies RIP and the outlier bound, the loss function h(-) = || A(-) — b||; satisfies the restricted
Lipschitz continuity and sharpness. The proof of this lemma appeared in a slightly different form in
[17]; we include it here for completeness.

Lemma 5.13. Suppose that A satisfies (26) and (27) for all matrices of rank at most 2r and that
b is taken as in (23). Take the constants p = wo and L = wy. Then, the function h(-) = ||A(-) — b||;
satisfies (24) for all Z with rankZ < r and (25) for all Z,Z with rank(Z — Z) < 2r.

Proof. We start by establishing restricted sharpness. Label A = (A(Z*) —b), and let Z be an
arbitrary matrix with rank at most . Applying the reverse triangle inequality yields

(2) = W(Z7)] = [lA(Z = Z7) + Ally = AL

= (IIAzc(Z =2+ D ([AZ = 24)]; + [A] - ![A]i|)>
1€T

= (MAze(Z = Z)|l, = | Az(Z = Z7) 1)

>wollZ = Z"||p,

where the second inequality follows from (27).
Next, we demonstrate that the function h satisfies restricted Lipschitz continuity. Let Z and Z
be two matrices such that rank (Z — Z) < 2r. Once more, the reverse triangle inequality yields

[h(2) = h(Z)| = Il42) - bll, - |A2) - b |
<Jlacz-2),
<w|z-7,.
where the second inequality uses (26). This concludes the proof. O
These results allow us to invoke Theorems 4.1 and 4.7 to derive the following two corollaries.

Corollary 5.14 (Convergence for robust PSD matrix sensing). Suppose that the measurement
map A: S¢ — R™ satisfies (26) and (27) for all matrices Z of rank at most 2r, and that the vector
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b € R™ is taken as in (23). Assume Algorithm 1 is applied to the first objective in (20) with
2
U(z) = ||z|l1, initialized at Xy using Configuration 1 with v < min {1, %}, Cuw < L “9

= 16y/2(r—r*+1) w3’
and

1 w
T o <770 (%)
|xxg - 27|, < i (2

Then, the iterates must satisfy

k
2 v Wi 2
- < ( _g> HXOXOT—Z* - for all k > 0.

HX]“X; -z 8 wj

Corollary 5.15 (Convergence for robust asymmetric matrix sensing). Suppose that A: R% x
R% — R™ satisfies (26) and (27) for all matrices Z of rank at most 2r and that the vector b € R™
is taken as in (23). Let X*Y*" = Z* be a factorization satisfying rank (X*) = rank (Y*) = r* and
the right singular vectors of the two factors match VX" = VY™, Assume Algorithm 1 is applied
to the second objective in (20) with £(z) = ||z||1, initialized at (Xo,Yy) using Configuration 1 with

1 w mm{ar*(X*) o2, Y*)}
7 < mln{l Cuw = 57 5V2(r—r*+1)2 w 4 LX)l (V)

1 min{ff% ), o5 (Y )}

)

X0, Yy) — (X, Y™ < and
H( 0 0) ( )HF 32f max{al( *)’0_1( )}
1 wimin {ok (X*), 0k (Y*)}
X YT _ Z* 0 ?
H 00 = 2193 min {02 (X*),02(Y*)} Cu
Then, the iterates satisfy

T % 2 _ 1@ |12

HXkYk 74|, < ( 59 ) HXOYD —z*| . forallk>0.

5.3 Tensor factorization

Tensors are generalizations of matrices that store information in n modes as opposed to only
two. They have numerous applications in recommender systems, biomedical imaging, quantum
many-body simulations, and numerical linear algebra [2, 53, 54, 57, 75, 80, 90]. A major challenge
in large-scale tensor analysis is the growth in storage and computation with increasing modes. To
address this issue, practitioners typically employ low-rank tensor decompositions. Unlike the matrix
SVD, tensor factorization admits no single canonical form; instead, a variety of models—such as
canonical polyadic (CP), Tucker, and tensor train decompositions—are used, each with its properties
and algorithmic trade-offs.

In this section, we focus on finding a CP tensor factorization. Although we will work only with
third-order tensors, many results here likely extend to arbitrary tensors. We start by introducing
some notation. Intuitively, a third-order tensor T' can be viewed as a three-dimensional array of
scalars. Given vectors w € R4,z € R% and y € R® we use w ® x ® y to denote a tensor with
components given by (w ® z ® y)”k = w;T;yr- A general tensor T" has a CP decomposition of rank
r if it can be written as T' = > ;_; w® @ 2 @ y@; further the decomposition is symmetric if
w® =20 =y for all . The CP-rank of T is the minimum r for which a CP decomposition exists;
the symmetric CP-rank is defined analogously. We refer the interested reader to [53] for additional
details. Our goal is, then, to factorize a three-dimensional tensor T* with CP rank r*. To do so, we
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aim to fit the entries to one of the two explicit factorizations

XeRaxr

or . (28)

ZXj@Xj@Xj—T*
j:l F

r
min ZWj@X]‘@)Y}—T*
WeRdl ><7"7 XERdQXT7 ]71

F YeRI3XT

depending on whether the tensor 7™ is symmetric or not. Here, X; denotes the jth column of X
and the Frobenius norm is equal to the 5 norm of the vectorized tensor. These are instances of

composite optimization with h(7T") = |7 — T*||r and parameterizations
T T
Fam(X) =) X;®X;®X; and Fuyn(W.X,Y):=) W,;2X;0Y;. (29)
j=1 j=1

Throughout, we assume the tensor of interest has CP-rank r*.

Regularity of the parameterization. We show that the symmetric and asymmetric factorization
maps satisfy local strong alignment (Assumption 8). Recall that to streamline the exposition, we
present this assumption and its implications (Theorem B.12) only in Appendix B.5.2. We defer the
proof of these theorems to Appendices C.6.1 and C.6.2, respectively.

Theorem 5.16 (Strong alignment of the symmetric CP map). Let X* € R be a full-rank
matriz and set T* = Fyym(X*). Then, the map Fyym with r = r* satisfies Assumption 6 at X* with
evr = || X*||F and Lyr = 12 || X*||z, and Assumption § at X* with

ar (V Fyyrn (X*))
241X

* 1 *
1X ||F}, p) =2, and s =04 (VFuym(X*))

€xx = Mmin {R, c 5

for some constants R,C > 0 that depend only on X*.

Theorem 5.17 (Strong alignment of the asymmetric CP map). Let (W*, X*, Z*) €¢ R"*"" x

R%x" 5 R¥*™ be full-rank matrices. Then, the map Fasym with » = r* satisfies Assumption 6 at

(W*, X*,Y*) with evp = |[(W*, X*,Y*)|z and Lvr = 4V3||(W*, X*,Y*)| , and Assumption 8

at (W*, X*,Y™*) with

O(dy+do+d3—2)r (VFasym(W*a X*a Z*))
8\/3 H (W*a X*v Y*)HF

1 * * *
a’nd s = §U(d1+d2+d372)r (VFasym(W 7X JY ))

Ex* :min{R, :gv

7”(W*7X*7Y*)HF}7 5(/))

for some constants R,C > 0 that depend only on (W*, X*,Y™).

We observe that, unlike our results for matrix factorization, here, we only handle ill-conditioning
and fail to capture the overparameterized settings. Nonetheless, our numerical experiments (Sec-
tion 6) suggest that Algorithm 1 converges linearly even for overparameterized problems.

Convergence rates. The outer function for tensor factorization h(T') = ||T' — T™*||  is trivially well-
conditioned, in particular, it satisfies Assumption 5 with = L = 1. Thus, applying Theorem B.12
yields the following two corollaries.

Corollary 5.18 (Convergence rate for symmetric CP tensor factorization). Let T* €
R?® R% @R be a symmetric tensor with symmetric CP rank r* and let X* € R¥™"" be such that
T* = Fyym(X™). Consider the first problem (28) with r = r* and suppose that we ran Algorithm 1
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initialized at Xy using Configuration 1 with v < min {1, ﬁ} and

1 V Faym (X*
HXO—X*||Fs2min{R, Zar( ol )),HX*HF},

24| X+
2
) 1 o4 (VEym(X™)) 1 _ dr (VFgym (X™))
FS m Xg) — T* < —_ Y —C R Y- X*
H Y ( 0) HF > min { Yok 160ub " 910 1p M1 ) 24 HX*”F ) H HF )

where C, R > 0 are constants depending only on X*. Then, the iterates satisfy
k
i
| Fsym (X5) — T*H% < (1 — 8> | Fsym (Xo) — T*H% for all k > 0.

Corollary 5.19 (Convergence for asymmetric CP tensor factorization). Let T* ¢ R" ®
R% @ R® be a tensor with CP rank r* and let (W*, X* Y*) € RUX" x R%X™ x RBX™ be such
that T* = Fagym(W*, X*,Y™). Consider the second problem in (28) with r = r* and suppose that we

ran Algorithm 1 initialized at Wy, Xo, Yo using Configuration 1 with v < min {1, 4\/§II(WS§*,Y*)IIF },

O (d1+da+dz—2)r (VFasym(W*7 X*, Z*))
8\/3 H(W*? X*v Y*) ”F

* Yk L. * Yk
H(W07X07Y0) - (W 7X 7Y*)HF < 2m1n{Rv ,H(W 7X 7Y*)HF}7

and
”Fasym(W07 XO’ ZO) - T*HF

< mi 1 O(dy+do+dz—2)r (VF&Sym(W*’ X7, Y*))
< min< —, )
8C 16Cub

1
ﬁClb min {R,

O (dy+da+ds—2)r (vFaSym(W*’X*’Z*)) H(W* X* Y*)H }2
83 [[(W*, X%, Y*)| 1 A A

where C; R > 0 are constants depending only on (W*, X*,Y™*). Then, the iterates satisfy

k
| Fusyn (W X Y3) = T3 < (1= 2 ) oW X, o) = T3 for all k2 0.

Unlike our results for matrices, our tensor guarantees only handle exactly parameterized problems.
Moreover, by invoking Theorem B.14, we can derive similar rates with worse constants for the
smooth loss h(T) = 3 ||T — T*||§.

6 Numerical experiments

In this section, we present numerical results that support our theoretical guarantees. Sections 6.1,
6.2, and 6.3 include experiments for nonnegative least squares,atrix sensing, and tensor factorization,
respectively. The code for reproducing these experiments is available at

https://github.com/aglabassi/preconditioned__composite__opti.

Implementation details. We run all methods on a Google Colab compute unit with 12GB
of system RAM, and a T4 GPU with 16GB of RAM (A100 for tensor experiments). We use
Python 3.11.11 and Pytorch 2.5.1 paired with Cuda 12.4. Further, we use Pytorch’s double-
precision floating-point format. For almost all experiments, we solve the linear systems via the
Conjugate Gradient method with a maximum of 100 iterations and a tolerance level of 10725,
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Figure 2: Relative distance against iteration count for nonnegative least squares losses (19).

We use implicit evaluations of the matrix-vector products VF(z) " VF(z)v using the derivations
given in the Appendix E. The only expectation is nonnegative least squares, for which we use
(VF(2)'VF(@)+ M) lv=v0 m directly.

6.1 Nonnegative least squares with smooth and nonsmooth losses

For our first experiment, we consider the two nonnegative least squares formulations(19) from

Section 5.1. We generate the ground truth via z* = {1, . ,%

respectvely control the ill-conditionedness and overparameterization of the map F(z) = =z ® x.
Il-conditioning of the map F(z) = = ® z at z* occurs when max;|,+£o |2F| > min;| .+ |27, and
overparameterization when dim(z*) > ||z*||,. We vary 7 € {1,100} and r € {10,100}, and take
r* = 10. We generate matrices A € R™*" with m = 2r, and k(A) = 10, and set b = Az*. We
initialize all methods at the same random zg satisfying ||zg ® zg — 2*|, = 1072 |]2*,.

S
Or_r*} € R", where 7 and r — r*

Baselines. We compare the performance of iterative methods applied to the smooth and nonsmooth
formulations in (19). For both losses, we test Algorithm 1 against the standard subgradient method
and the Gauss-Newton subgradient method from [26]. All methods use the Polyak-type stepsizes.
For the subgradient method it is exactly the Polyak stepsize (f(z)—min f)/||gx||? with gi € Of (x1).
For the other two methods, we use the stepsize from Configuration 1. For Algorithm 1 we use
A = 1072 || Az — b||, as an estimator of the quantity ||z ® ) — 2*||5, which emulates Configuration 1
without requiring access to z*.

Discussion. Figure 2 displays the results. On the one hand, the Polyak subgradient method
fails to converge linearly, whether there is ill-conditioning or overparameterization, and, further,
Gauss-Newton diverges in the overparameterization case, which is expected as the precondition is
ill-defined. On the other hand, Algorithm 1 is robust and converges linearly in all settings. Notably,
the methods exhibit faster convergence when applied to the nonsmooth formulations, highlighting
the benefit of using a nonsmooth loss for regression.
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Figure 3: Smooth matrix sensing with the f3-norm squared. We use m = 4dr (m = 2dr for
symmetric), with r* =2, r € {2,5}.

6.2 Matrix Sensing

For our second batch of experiments, we consider the matrix problems introduced in (20). We run
three experiments to evaluate (i) convergence, (i7) hyperparameter sensitivity, and (i7¢) robustness
to outliers. All three types of experiments use similar losses and parameter configurations, which
we describe next.

Setup. We solve matrix sensing using the squared fo-loss h(M) = || A(M) — b||3 andthe ¢;-loss
h(M) = ||A(M) — b||;. We consider both PSD and general asymmetric ground truths: for PSD
sensing we set M* = X*X*' where X* = U DY/? with U € R¥"" drawn at random satisfying
UTU = I and D = diag(&1, . . ., &) with & linearly spaced in [1/7, 1] for 7 € {1,100}; for asymmetric
sensing we similarly draw Y* = V D'/2 and set M* = X*(Y*)T to ensure x(M*) = 7. To test
dimension-independent convergence we vary d € {100,200}, and to probe overparameterization we
fix r* = 2 while varying r € {2,5}. The map A : R™? — R™ has i.i.d. N(0, 1) entries with m = 2dr
(or m = 4dr for asymmetric), and all methods are initialized identically with relative error 1072.
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Figure 4: Matrix sensing with the ¢;-norm. We use m = 4dr (m = 2dr for symmetric) with r* = 2,
r € {2,5}. OPSA [44] only applies to the asymmetric setting.

Baselines. For the smooth problems, we compare with gradient descent, PrecGD [106] (symmetric
only), ScaledGD(A) [104]. In the nonsmooth setting, we compare our method against the Polyak
subgradient method, and OPSA [44] (asymmetric only). Unless otherwise stated, our method uses
Polyak stepsizes (Configuration 1), where we set v = 1. For constant-stepsize methods, PrecGD
and ScaledGD(\), we tune to select the largest parameter that leads to convergence, i.e., v, = 1/2.
For ScaledGD(A) we set A = 10~%. For PrecGD and Algorithm 1 we use a damping parameter of
Ax = 2.5-1073/f(z) in the smooth setting, or Ay = 107> - f(x) in the nonsmooth one, as an
estimator for the quantity ||z, — 2*|,.

Experiment 1: convergence rates. We generate noiseless observations b = A(M™*) and solve
the recovery problem using both the squared f2-norm and the ¢;-norm. Figures 3 and 4 report
results for the smooth and nonsmooth formulations, respectively, benchmarked against established
competitor methods. Algorithm 1 consistently matches or outperforms existing approaches across
both problem classes. ScaledGD and OPSA employ a fixed damping parameter, which restricts their
linear convergence to a neighborhood around the optimum; by contrast, PrecGD and our method
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Figure 5: Median number of iterations to achieve convergence (100 draws) versus hyperparameter ~.
We declare that a method converged when it reaches a relative error of 10~® and cap the maximum
number of iterations to 1000. The shaded area represents the 5th and 95th percentiles, respectively.

sustain linear convergence all the way to the exact solution. Furthermore, corroborate our theoretical
finding that Algorithm 1 achieves a convergence rate independent of the problem dimension.

Experiment 2: hyperparameter sensitivity. In this experiment, we probe the robustness of
Configuration 2 for the ¢; norm loss. We set stepsizes to v, = 7¢* and damping parameters to
Ax = 107°¢* and vary ¢ € {0.95,0.96,0.97} and v € {1077 | j = 1,...,8}. We cap the total number
of iterations at 103. Compared to the previous experiment, we take a smaller dimension d = 30
and consider more aggressive ill-conditioning by varying 7 € {1,10*}. Figure 5 shows the median
number of iterations needed to achieve a given relative error of 1078 over 100 trials. This experiment
suggests that Algorithm 1 converges efficiently across a broad spectrum of hyperparameter settings.

Experiment 3: robustness to gross outliers. For our last batch of experiments, we test the
ability of our method to solve the PSD, ¢; norm formulation, with different levels of gross outliers.
We set the dimension to d = 30 and consider more aggressive ill-conditioning by varying 7 € {1,10%}.
We corrupt the vector b via (23) where the outliers are set to 7; = A(M); for some other random
matrix M € Si. We vary the corruption level pgj = #Z/m between 0 and 1/2. Notice that when
Prail > 1/2, the solution switches to M. We compare against the standard and Gauss-Newton
subgradient methods [26]. The Polyak stepsize is not applicable because the true minimum value
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Figure 6: Matrix sensing transition plots of success rates (in %) over 20 trials for each (m, pfai).
Success is declared when the relative error is below € = 10~8 with an iteration budget of 500.

min f is unknown. Instead, we use Configuration 2 with A = 1075,y = 10™*, and ¢ = 0.97. Figure 6
displays the results with phase transition plots. For each pair (m, pg,j), we run 20 problem instances
and report the success ratio. A run is successful if, within 500 iterations, it achieves a relative error
to fall below € = 1078, The Gauss-Newton preconditioned method exhibits unpredictable behavior
when employing these geometrically decaying stepsizes; indeed, the guarantees in [26] do not cover
this stepsize strategy. On the other hand, Algorithm 1 displays more stable performance, supporting
our theory.

6.3 Tensor factorization and sensing

Finally, in our last batch of experiments, we evaluate Algorithm 1 on both tensor factorization (28)
and robust tensor sensing. While our theoretical guarantees address only the factorization setting,
the empirical results suggest that Algorithm 1 also works for tensor sensing. We leave the formal
analysis of this case as an open question for future work.

Setup. For the factorization problem, we use the ¢o-norm h(7T') = ||T'— T*||,. For the sensing
problem, we use the ¢1-loss h(T) = || A(T) — b||; with A a linear measurement map and consider
both symmetric and asymmetric CP-factorizations (29). We generate factor matrices W*, X* Y* €
R by drawing U € R4 uniformly with U'U = I and setting X* = U D'/3, where the
diagonal matrix D has entries spanning [1/7,1]; the ground-truth tensor is then T* = Fiyym (X™) or
T* = Fasym (W™, X*,Y™) depending on the experiment. All methods are initialized at random with
relative error 1072. We set d = 500 for factorization and d = 50 for sensing, vary 7 € {1,100} and
r € {2,5}, and draw A with i.i.d. N'(0,1/m) entries with m = 5dr (or 30dr for asymmetric), taking
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Figure 7: Tensor factorization with the ¢3-norm. We use r* = 2, r € {2,5}.
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Figure 8: Robust tensor sensing with the ¢1-norm. We use m = 5dr (30dr for asymmetric) with
r*=2,r e {2,5} and 10% of gross outliers.

observations b = A(T™).

Baselines. To our knowledge, no preconditioned first-order method offers convergence guarantees
for CP tensor factorization.” Thus, we only test against the subgradient method. For the factorization
experiment, we use Configuration 1 with v = % and \; = 1073 f(x;). For the robust sensing
experiment, we use Configuration 2 with 4 = 1073 (10~? for asymmetric), A = 107> and ¢ = 0.94(0.96
for asymmetric).

Discussion. Figure 7 shows the output for large tensor factorization using the £s-norm. Algorithm 1
consistently displays fast convergence. Although we do not include a plot here, we observe that
the convergence is much faster when using the unscared ¢5 compared to its squared counterpart.
This observation is consistent with the nonnegative least squares experiment. Figure 8 shows the

®A provably convergent version of ScaledGD exists for the Tucker asymmetric factorization [36].
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convergence for tensor sensing using the ¢1-norm with 10% gross outliers of the form n; = A(T);
for a spurious signal T € R%*4*¢_ Consistently, Algorithm 1 outperforms the subgradient method
while remaining robust to ill-conditioning and overparameterization.
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A Missing proofs from Section 3

A.1 Proof of Lemma 3.1

First, we show the bound on the norm of P, and I — P;. Set d = dim(E), m = dim(Y),
and 7 = rank(VF(zy)). Let VF(xz) = ULV be the economy SVD of matrix VF(zy), where
UeO(m,r),V € 0O(d,r),¥ =diag (o), and ¢ = o (VF(z)), for notational convience we do not
index these matrices with xp. Then,

P=USX'S+N)ITUT.

Let w = (o) (o )2 We know from linear algebra that P, = U diag(w)U"
@) (0 )2 ) & ko & '
The eigenvalues of Py are bounded by one since Ay > 0, so [|Pyl|,, < 1. Similarly, let v =
Aik )\716 3
((af’“)2+)\k e (af"’)2+>\k) we can write
I — P, = Udiag(v)U . (30)

It’s clear that || — Pyl[,, < 1. Moreover, for any v € Y, we have
| Peol] = |[U diag(w)UTo|| < [UTo]| = 170,

where the last equality follows since IT®* = UU T Therefore, the first item holds.
Next, we note that the second item holds immediately from (30) and the monotonicity of singular
values {UI’C "_,. Lastly, observe that v, Pyvr, = VF (zy)(xg — Tp41), thus

zk+1 — (zk — W Prvi) | = | F(zpy1) — F(xr) — VF(zr)(Trg1 — o)) |

L
< T aner —
L 2
= ER | (V@) V@) + DT VE@) T, 68D)

where the inequality follows from Taylor’s theorem. Just as before, we have that
(VF(z) "VF(x) + M) 'VF(z) =V(ETS+ M) 2TUT.

Once again, the nonzero singular values of this matrix correspond to

By Young’s inequality,

2+)\
we have 02 + A, > 20;1/ Mg, s0 afiﬁzkk < ﬁ, which implies
1
T —1 T T ok
|(VE @) TV () + M) TV E (@) Tog | < Q\ﬁ |07 = s el (32)
The conclusion follows directly from the estimates (31) and (32). This concludes the proof of
Lemma 3.1. O
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B Missing proofs from Section 4
B.1 Proof of Theorem 4.1 (Geometric decaying stepsizes)
We start by establishing a couple of auxiliary lemmas.

Lemma B.1. Suppose that Assumptions 1 and 4 hold. For any xy,xryr1 generated by Algorithm 1,
let z, = F(xy) and zix11 = F(xgy1). Then we have

LVFL2 2
ok = (2 = e Poop) | < ZE Tk,
8k
Proof. A combination of Lemma 3.1 and Assumption 4 yields the desired bound. O

Lemma B.2. Suppose that Assumptions 1, 3, and 4 hold. For any z, such that ||z, — 2*|] < 6 (&),

we have
3
2 MYk
il -5 (E*

2k — W Pevk — 2% < ||2k — 2 — 2|

Ak
(27) llzr — 2% + A

+2L’Yks 2k — 2*|| + Vi L?.

Proof. Note that
2k — e Pevk — 2*|1* = 12k — 2*|1* = 2% (U 21 — 2°) + 29 (I — Pi)vk, 2k — 2%) + 77 || Povi|)?
< |z — 2*1° = 29k |2k — 21 + 29k (vk, (I — Pi) (21 — 2%)) + 72 L2, (33)

where the inequality follows from Lemma 3.1, Lemma 3.2, and Item 4 of Assumption 4. On the
other hand, by the same argument as in (17) and (18), we have

Ak 4
I Pz — )| < I NPT
I( ) (2 — 2| < (3(8;2) Ton — 2 £ A 8L> llze — 2*||

By Item 4 of Assumption 4, we have

Ak 1%
21 (v, (I — Py) (2, — 2%)) < 2L +— | |lzi — 2| . 34
Vi (Vg ( k) (2K ) Vi (S(S,LL) T — 2w 8L> [E72 | (34)

The desired inequality follows from a combination of (33) and (34). O
We prove the theorem by induction. The conclusion holds for kK = 0 by assumption. Next,
suppose that the conclusion holds for some k£ > 0. We consider two cases:
Case 1. Suppose first that ||z — 2| < %qk. We have
Ak
(87 1z — 2*I1 + Ak

< lak — 211 + 2Lk |2 — 2| + 7 L?

2k = e Prok = 2°1* < llan — 2*|* + 2L 2, — || + 7R L?

M2 yLM 5 5\ o (35)
< | =+ = L
= ( 6 2 M)
< M? 2+
_— 4 )
where the first inequality follows from Lemma B.2, the second inequality follows from the fact that

A <
s(g5) llze — 2l + X = 7
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the third inequality follows from the assumption that ||zx — 2*|| < %qk, and the last inequal-

ity follows from ¢ > % and our assumption on v < Mpy/(64L%) < M/(64L). As a result,

|z — Y Pror — 2*|| < %qkﬂ. Moreover, by Lemma B.1, the triangle inequality, and our assump-
tion 72 < 2AM/(LyrL?), we have
M ")/ZLVFL2
[2k+1 | < 54 + TR

< ququ‘

Case 2. Now, suppose %qk < |lzx — 2*]| < M¢*. We have

2k — Y Prvy, — 2%

3y Ag*

< _ * 2_ k _ * 2 L k _ * 2_[/2 2k

< Nl = 1 = S5ra e = 2+ Ly g 1o = 1l + L
3 4\ 16+2L?

2 OVH 2 2 2
< llew = 21 = Sa7 s = 21 + 2Lt e = 27+ ==l = )
8L
3 16\ 1672 L2

2 Y 2 2 Y 2
<l = 2717 = 5 e = 2P 4 20D s Nl = 217 4+ = = =)
3L

TH * |2
<(1-2H -
< (1= Ja - I,

where the first inequality follows from Lemma B.2, the second and third inequalities follow from
the assumed bound on ||z — z*||, and the last inequality follows from our assumption on A and 7.
Taking the square root of both sides, we have

Y e e e [ P (36)

where the second inequality follows since (1 — z)Y/2 < 1 — /2 for all < 1, which holds due to our
constraints on ~y. Then,

llze41 — 2°|| < |z — ePror — 2% + || 2e41 — (21 — Y Prvr) ||

2 2
LyrL
< (1_ W) lop — 24| + LEIEL

2M 8A
< (1= 2 ) =)
< qu+17

where the first inequality follows from Lemma B.1 and the triangle inequality, the second inequality
follows from (36), Lemma B.1, and our assumption v < A\u/(2LvrL?), and the last inequality
follows from the inductive hypothesis and the fact that 1 —yu/(4M) < q.

The induction is complete, finishing the proof of Theorem 4.1. O

B.2 Proof of Theorem 4.4

The proof of the following lemma is essentially the same as that of Lemma B.2. We omit the details.

Lemma B.3. Suppose that Assumptions 1, 2, and 4 hold. For any z such that ||z, — 2*|| <6 (&),
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we have
* ||2 3M7k H

Ak
2k — W Prve — 2*|1% < |z — 2 - 2"+ QLWcS " 2k — 2*[| + 7 L?

Proof for Polyak stepsize. By induction, it suffices to prove the following claim:

Claim B.4. For any z, = F(zy) with ||zx — 2*|| < min {(5 (27) ﬁ} , we have

2
2 T 2
21 — 2*|I” < (1 - 8L2> |21 — 2%

To this end, we let j be the index provided by Assumption 2 when applied to p = 8% and
z =z = F(xy), ie

=T —)] < &= and (o) s

— 8L
Following the similar calculation as in (18), we have

(I = Py)og, 2z, —2%) | < L (H (I — P)IIS (2 — 2%)

<L IT (

e e 1)
B e e A T

- <s+cub||Zk = Tz ) I

< Lllae =2

L ) —h*

- 4

where the fourth inequality follows from the bound [[2x — 2*| < g5-7. Invoking Proposition 4.2
and Assumption 4 gives

Z*||2 B 1 (h(zk) B h*)z
8 || mmeruy|?

T 2
(1 - 8L2> 2z — 2",

lzks1 = 2*1% < [l —

as desired.
Proof for geometrically decaying stepsize. We prove it by induction. First, the conclusion
holds for £ = 0. Now suppose that the conclusion holds for some k& > 0. We consider two cases:

Case 1. Suppose ||z, — z*| < %qk. Using Lemma B.3 and the same argument in (35), we obtain
l2ke1 — 2*]| < MgPHt.

Case 2. Suppose %qk < |lzr — 2*]| < M¢*. We have

317k Ak
2k — Ve Prve — 2% < llak — 2*I1° = =57 llaw — 2% + 2L llzk — 2*[| + 7% L?
2 5+)\,I<;
3 8YAL 16~2L?
2 Y 2 Y 2 Y 2
< llaw = 24P = 57 o = 212+ = Nl = 212+ = Nz — 2]

< (1= - 1,
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where the first inequality follows from Lemma B.3, the second inequality follows from the lower
bound on ||z — 2*||y, and the third inequality follows our bounds on A and 7. The rest of the
proof follows from the same argument as the proof of Theorem 4.1.

This completes the proof of Theorem 4.4. O

B.3 Proof of Theorem 4.5

We start by stating a couple of auxiliary lemmas.

Lemma B.5. Suppose Assumptions 1 and 5 hold, and let x and xp1 be iterates generated by
Algorithm 1 under Configuration 3. Define z, = F(xy) and zxy1 = F(xgs1). Then, we have

Lypvy?

T I Th ()|

2k41 — (21 — YPRVh(z)) || <

Proof. A combination of Lemma 3.1 and the choice of A\; and 7% in Configuration 3 yields the
desired result. O

Lemma B.6. Suppose that Assumptions 1, 3, and 5 hold. Assume that we are under Configuration 3
and that v < g5. For any z such that ||z, — 2*|| <6 (165), we have
Ak

a 2k — 2|1
W) ||Zk — Z*H + /\k

* * 7 *
o = YBeVh(z) = ¥ < lla = 2*1F = - (Vhlzr), 20 — 2) + 287 (

Proof. By expanding the square and adding and subtracting 2 (Vh(z), 2z — 2*) we get
125 = VPRV () — 2%
<z — 2|17 = 29 (VA(zg), 2 — 2%) + 29 (I — Pp)Vh(zi), 25 — 2*) + 72 [T V()| >
7 x
< e — 2|° - Z” (Vh(zk), 25 — 2*) + 2y (I — Po)Vh(zg), 25 — 2*)

where the first inequality follows from Lemma 3.1, and the second inequality follows from Lemma 3.2,
Item 4 of Assumption 5, and v < gz. We focus on bounding the inner product in the last term

[ (I = Po)Vh(zi), 2 — 2 )\ < Bllze = 2" I = Pe)(ze — 27

)\k « 2
<5 + 167 | llzk = =17,
(s(lzﬂ)uzk—z*uw 16/3)

where the first inequality follows from Item 4 of Assumption 5 and last inequality follows from the
same calculation as (18) with vy replaced by Vh(zx). This concludes the proof of the lemma. [

Proof for Polyak stepsize. By induction, it suffices to prove the following claim.
Claim B.7. For any 2, = F(zy) with ||zx — 2*|y < ¢ (ﬁ), we have

o 2
e = 21 < (1= o) o =

Let j be the index provided by Assumption 3 when applied to p = ﬁ and z = z, = F(xy), i.e.,

| =) = )| < =2l and (o) > s (135) Nl — 2] - (37)

16,6’
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Thus, we have

Cup o 2
(I = Py)Vh(z), zx — 25| < B ( + ) lzr — 2"
s(185) + Cuwp 168
S IB 20[ ”zk . z*Hz (38)

168
< 3 () — ).

where the first inequality follows from the same calculation as (18) and the second inequality is due
to Cup < %s(ﬁ). Applying Proposition 4.2 and Assumption 5, we have

*HQ _ 1 (h('zk’) - h*)z
8 || T1#s A () |
o Yh(zk) —h* h(z) —h*
8 ||z — 2*||? || T#+ VR (2|

o * (|2
<|1l--— —
< (1= g55) I =1,
concluding the proof for the Polyak stepsize.

loker = 2117 < llzk — 2

< |lzk — 27| |7

2sz —z

Proof for geometrically decaying stepsize. We prove the rate by induction. Based on our
assumption, the conclusion holds for £k = 0. Now suppose that the conclusion holds for some k£ > 0.
We consider two cases:

Case 1. ||z, — 2*| < % ¢*. We have
Ak

2k = v PeVh(zr) = 2*|° < 2k = 217 + 267—— Ek
5 (5%5) ok — 2l + M
<z = 2*11 + 267 |12 = 2*I1°
M2 ByM?\ o
< | =
= ( 6 s )¢
M2
< 7q2k‘+2
S ,
where the first inequality follows from Lemma B.6, the second inequality follows from

Ak <1
s (125) llz — 25 + A

the third inequality follows from ||z — 2*|| < %qk , and the last inequality follows from ¢ > % and

our assumption on . As a result, ||zp — VP Vh(zr) — 2*|| < %qkﬂ. Moreover, by Lemma B.5,
Item 4 of Assumption 5 , and our bound on ~y, we derive
Lyry®
e = 20 < llaw = YPiVR(r) = 21+ 5o I VA
<M pn B*Lyry*M?
< St
2 128\
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Case 2. gk < ||z, — 2*|| < M¢*. We have
AGH ||z — 2|I*
s (487) 2 — 221+ Agt

4\
s (165) M

* 7 *
2 — YPLVh(zk) — 2I° < [l2x — 2*||° — Z” (Vh(z), 26 — 2%) + 287

* 7 *
< llot = 2117 = 5 (V1) 20 = 2*) + 289 2

|2k — 2*

* 3 *
<|lzx — 2 ||2 — % (Vh(zi), 2 — 27,

where the first inequality follows from Lemma B.6, the second inequality follows from the assumed
bound on ||z — z*||, and the last inequality follows from the bound on A and Lemma 3.3. As a
result of Lemma B.5 and triangle inequality, we have

2
* * L 2 X
ks — 2% < (\Zk — YPLVh(z) — 27| + SV)\ZZ (|11 th(Zk)H2>

2
3 L 2
< (\/sz =2t = S (Thlar), 26— 27) + S ||H‘Tth(zk)|2>

3 L3py" e
= [lzx — 2*[]” = = (Vh(zx), 26 — 2*) + 64§§q2k [TV h(z,) ||

Lyry?
ANgF

Note that by Lemma 3.2 and Item 4 of Assumption 5, we have
T Vh(z)|* < 28 (Vh(z), 2 — 27) .
Combining with the upper bound on ||z — z*|| and our assumption on 7, we have

e = 21 < flaw = I =7 (Th(an). 2~ =7
< (1= %) han -

< M2q2k+2.

2w = 2"l [TV Az ||

The induction is complete, and so is the proof of Theorem 4.5. O

B.4 Proof of Theorem 4.6
We start with an auxiliary result.

Lemma B.8. Suppose that Assumptions 1, 2, and 5 hold. Suppose that we are under Configuration 3
and that v < %. For any zj, such that ||z, — 2*|| <9 (ﬁ), we have

7 A
2k — YPeVA(zk) — 2412 < [k — 272 — S (Vh(2), 2 — 2°) + 287——— ||25, — 2% 2.
4 8+)\k

Proof. The proof follows the same argument as the proof of Lemma B.6. 0

Proof for Polyak stepsize. By induction, it suffices to prove the following claim.

Claim B.9. For any z = F(xg) with ||z — z*|| < {T‘ (%) ,ﬁ}, we have

2 o 2
e = =17 < (1= 255 ) o = =1
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Let j be the index provided by Assumption 2 when applied to p = iﬁ and z = z, = F(xy), i.e

ol — 2| and (03)? > s

(1 =115 (2, = =) < ;

Following the similar calculation as (18) and (38), we have
(T = Po)Vh(a), 2 = 2] < Bl = 21 (| (= PoTE (21— 27)

M
(O’}c)Q + Ak

Cu ||2x — 2| a |2
< + 2k — 2
<P (s—i—C’uszk — 2| " 168 Iz =27l

(I =115 (2 — =) )

5 = 2| + mwm—fo

< Bllzk — 27| (

< 2 lla— 2|
h(zx) — h*
— 4 )

where the fourth inequality follows from the bound ||z, — 2*[| < 15775 and for
any x > 0. Applying Proposition 4.2 and Assumption 5, we get

*||2 o 1 (h(zk’) - h*)Z
8 ||(U=e) TV R (2|1

o *|2
1 1= _
< (1= g55) I = =1,
proving the result for the Polyak stepsize.

1+z—1 +x < 2z for

loker =217 < llzk — =

Proof for geometrically decaying stepsize. We prove the theorem by induction. Based on
our assumption, the conclusion holds for £ = 0. Now suppose that the conclusion holds for some
k > 0. We consider two cases:

Case 1. ||z — 2*| < %qk. We have

2k = YPeVh(zr) = 217 < llak = 2717 + 28725 e — =7

+)\
<ok = 21 + 287 ||z — 24|

M2 ByYM?\ o
<

(16 g )1
< %QQQHQ
—_ 4 b

where the first inequality follows from Lemma B.8, the second inequality follows from + /\

third inequality follows from the assumption that ||z — z*|| < %qk, and the last inequality follows

from g > % and the bound on 7. As a result, |z, — v PxVh(zx) — 2*|| < Z¢F+L. Moreover, by
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Lemma B.5, Item 4 of Assumption 5 , and our assumption on -y, we have

Lypy?
8\gF

lzet1 — 2| < 2 — vPeVh(zi) — 2| + ITI"F YV h(2,)]?

M 1 B’Lypy?M?
< S SRV

2 128\
< qu-‘rl.

Case 2. 2 g* < ||z, — 2*||, < M¢*. We have
28y

* * 7 * *
2k = ¥RV A(zE) = 2417 < Jlze — 2% - % (Vh(zr), 2k = 2%) + == |l — 2 I
* 3 *
< llzk = 21 = S {Vher), 21— 2,

where the first inequality follows from Lemma B.8 and ¢ < 1, and the last inequality follows from
A< % and Lemma 3.3. The rest of the proof follows the same as the proof of Theorem 4.5.

The induction is complete, and so is the proof of Theorem 4.6. O

B.5 Additional results and proofs from Section 4.3

In this section, we prove Theorem 4.7 and state additional local guarantees we omitted in Section 4.3.

B.5.1 Proof of Theorem 4.7
The proofs of our local guarantees rely on the following two auxiliary results.

Lemma B.10. Let xp and xpy1 be iterates of Algorithm 1 under Configuration 1 and write
2z, = F(zy) and 241 = F(xp41). Suppose that [((I — Py)vg, zx — 2*)| < (h(2x) — %) holds. Then,
we have

IR ) &t
k k+1ll< 3 Cu .
Proof. Recall from Claim 4.3 that
3 * X *
7 1) = 17) < I o[l — 2] (39)

By the definition of Algorithm 1, we have
o = il = v [ (VE(20)TVE@e) + MD) TV F () "oy
_ Whlz) — )

T2V [[TEER |

] el

-3 Cip
where the second line follows from (32) and the last line follows from (39) together with the lower
bound on g > Chp||zr — 2. O

Proposition B.11. Let {z;}i>0 € E and {z1}r>0 C Y be two sequences and let z* € E and
z* €Y be two given points. Suppose that there exist constants C >0, e >0, r >0, and q € (0,1)
be constants such that the following two hold.

1. For any k >0, |lzg — 21| < Cllze — 25|12,
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2. If |lxg, — 2*|| < e, [|[zrt1 — ¥ < e, and ||z — 2*|| < 7, then ||zk11 — 27| < ql|zk — 27|
* e * ; (1—¢'/?)e 2
Then, if ||xg — x*||y < § and ||z0 — 2*||, < min (T) , 7 ¢ hold, we have
lon—a*ly < e and =2l < 20—y, VE 20
Proof. We apply induction to prove that for any & > 0,
1/2
[z — 2"l < +ZCHZo—Z 1,/ ¢* < Iz = 2"l < llz0 — 2"l 4" (40)

The bound (40) holds for £ = 0 by our assumption. Suppose that (40) holds for k. Note that
|zo — 2*]|5 < 7, we have ||z — 2*|| < r. As a result of Item 1 and the induction hypothesis, we have

[2rr1 = 2%y < llox = 2"[ly + 2k — Zrpally

k—1
g
< s+ Cllao— 21y ¢ + Cllaw = 215

k
,
+3°C 20 — 2415 ¢
1=0

| M

IN
™

Additionally, by Item 2, we have
241 = 2 ll2 < g llze = 2l < 20 = 2"l 6"

The induction is complete, and the proof is finished. O
Armed with these results, we can prove Theorem 4.7.

Proof of Theorem J.7. Notice that the iterates satisfy the assumption in Lemma B.10 by the same
argument we used in (18). With this, we will verify the two conditions required by Proposition B.11.
First, notice that Lemma B.10 directly implies Item 1 of Proposition B.11, with C' = 3%. Next, we
establish Item 2 using the same arguments from the proof of Theorem 4.1. Note that the derivation
of (15) in that proof only relies on the Lipschitz continuity of VF along the line segment between
xy and xpy1, rather than requiring the stronger global Lipschitz condition outlined in Assumption 1.
Furthermore, due to Assumption 7, the inequalities (16) remain valid whenever |z — 2*||5 < €4+.

Thus, if both points x, and x4 are in the ball B, , (z*), we have

9\ 1/2
TH
1261 = 27[l2 < (1 - 8L2> lze = 2" ]l2-

1/2
Consequently, Item 2 holds with parameters r = § (8%) and ¢ = ( — '87%2) / . Having established

both conditions, the theorem follows directly from Proposition B.11. O
B.5.2 Local convergence guarantees

Next, we present extensions to the other settings we considered.

Assumption 8 (Local strong alignment). For fivred x* € X* and z* = F(x*) there exist functions
d: Ry — Ry and scalars e4+, 8 > 0 such that for all p > 0, if v € Be_, (z*) and z = F(x) € By(,)(2%),
then there is an index j for which

|a-me -, <plz=2l,  and (oF) 2
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We omit the proofs of the following three theorems since they follow an analogous argument to
that in the proof of Theorem 4.7, with Claim 15 replaced by Claims B.4, B.7, and B.9, respectively.

Theorem B.12 (Convergence under local strong alignment and nonsmoothness). Suppose
Assumptions 4, 6 and 8 hold. Define § := /1 — %, and let zg and zo = F(xg) be points satisfying

=\2 9
1-— C
leo —a™ll2 < e/2 and ||ZO_Z*||2Smin{(S(;L)’&?ZL’( @ }

where € = min {eyp, e+ }. Suppose we ran Algorithm 1 initialized at xy using Configuration 1 with
v < min {1, %} Then, the iterates xj, satisfy

|z —a*||2 <e forallk >0,

and, moreover, the mapped iterates z, = F(xy) satisfy

k
.12 s .2
|z — 2% < 1—@ llz0 — 2*||*  for all k > 0.

Theorem B.13 (Convergence under local weak alignment and smoothness). Suppose
Assumptions 5, 6 and 7 hold. Define § := /1 — % and let xy and zy = F(xg) be points satisfying

‘ a (1-@)**Cw
lzo —2*[2 < e/2 and  |lzo — 2", Smln{‘S(mB)’ 2v? ’

where € = min {eyp, ex+ }. Suppose we ran Algorithm 1 initialized at xy using Configuration 1 with

~v < min {1, ch”;} and Cyp < %s(%). Then, the iterates xp must satisfy
|z — 2|2 <e forallk>0

and, moreover, the mapped iterates z, = F(xy) satisfy
k
e — 22 < (1 - 3720;) 20— 2*|2 for all k > 0.

Theorem B.14 (Convergence under local strong alignment and smoothness). Suppose
1/2
Assumptions 5, 6 and 8 hold. Define § := (1 — %) / and let xog and zg = F(xg) be points satisfying

sa (1—q* 20,
’ 1601“)6’ 2"}’2 ’

, «
|lzo — 2|2 <e/2 and |z — 2"||, < min {5 (165)

where ¢ = min{evyp,e,+}. If one runs Algorithm 1 initialized at x¢ using Configuration 1 with

~v < min {1, ch”; }, then, the iterates xy must satisfy
|z —a*||a <e  forallk >0,

and, moreover, the mapped iterates z, = F(xy) satisfy

* (12 o F * 12
llzx — 2% < 1—@ llzo — 2*||*  for all k > 0.

C Missing proofs from Section 5

In this section, we establish that weak and strong alignment hold for the parameterizations introduced
in Section 5.
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C.1 Sufficient conditions for alignment

Our proofs rely on establishing sufficient conditions for weak and strong alignment. In what follows,
we present these conditions. We will use the symbols 7* and 7 instead of * and r to distinguish the
rank of VF' from the rank of its potential input, which will be particularly important when dealing
with low-rank matrices.

C.2 Strong alignment

We start by showing that local strong alignment holds whenever the rank of the map F' is constant
near x*, generalizing the assumptions for the Gauss-Newton subgradient method [26].

Lemma C.1 (Constant rank implies local strong alignment). Let z* € R? and z* = F(2*). Assume
that the map F satisfies Assumption 6 with evp > 0 and Lypr > 0. Suppose there exists € > 0 with

rank (VF(z*)) = rank (VF(z)) =: 7" for all x € B (z¥).
Then, there exist positive constants R and C such that F satisfies Assumption 8 with

1 m (VF(x*
d(p) = g, j=7 s= S0 (VF(xz*)) and &4+ = min {R, JT(QLVS:))’EVF} .
Proof. We start with the first inequality in Assumption 8. By the Constant Rank Theorem [60,
Theorem 4.12], there exists a constant R’ > 0 such that the set M := F (Bg/(2*)) is a C'-smooth
manifold. It is well-known that near any point the distance between a manifold and its tangent
grows quadratically [32, Lemma 3.2], that is, there are constants C' and R” such that for any

z = F(x) € Brr(z*) we have
I(Z = projry, () (=" = 2)|| < Cll2* — 2|, (41)

where Trq(2) is the tangent space of M at z. Moreover, since Tp((z) = range (VF(z)) [60, Chapter
5]. Therefore,

<Cllz=2I? < pllz— 21,

|(1-15) (== =)
where the first inequality follows from U7 = projiange(vF(x)) = PrOj1y (), and the second inequality
follows from ||z — 2*[| < d(p) < &.
To establish the lower bound on the singular value, we leverage Weyl’s inequality. Since F’ satisfies
Assumption 6 with eyp and Lyp > 0, we have that |om (VEF(2)) — o (VF(2*))| < Lyr ||z — 2| .
Thus,

1
o (VE(x)) > o5 (VF(2)) — g« Lyp > 507 (VF(z")).
Since F' is continuous in Beg, (2*) with a Lipschitz constant eypLyr + [|[VE(z¥)|,,, we conclude

. _ . / R//
upon taking R = min {R eIy rHIVEGT,, } O

C.3 Weak alignment

Recall that given a point = and a smooth map F': E — Y, we let o7 and IIj denote the jth singular
value of VF'(x) and the projection onto the span of its top j left singular vectors. The following
Proposition extends the proof idea in [106, Lemma 24].

Proposition C.2 (Sufficient condition for weak alignment). Fiz z* € Im F. Suppose there are
functions s: Ry — Ry and §: Ry — Ry satisfying that for any p > 0 and any z = F(x) with
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|z — 2*|| < d(p), there exists an integer 7 with 7™ < 7 := rank(VF(x)) such that the following
statements hold.

1. Projected differences are bounded ||(I —IIE) (z — 2%)|| < pllz — 2*]|.
2. For allk e {r*+1,...,7} we have
(07)* < s(p) |z = 2"l = [|(I = Iy) (z = 2)| < pllz = 2"
3. The 7 -th singular value is lower bounded (c%.)* > s(p) ||z — 2*]|.
Then, the map F satisfies Assumption 3.
Proof. The result follows immediately from backward induction on k. O
We also introduce a local version of this proposition.

Proposition C.3 (Sufficient condition for local weak alignment). Let z* € E and z* € Im F' with
z* = F(x*). Suppose there is a scalar ez« > 0, and functions s: Ry — Ry and 6: Ry — R4
satisfying that for any p > 0 and any z = F(x) with ||z — 2*|| < §(p) and ||x — z*|| < ez there
exists an integer ™ with ™ < 7 := rank(VF(z)) such that the following statements hold.

1. Projected differences are bounded ||(I —II¥) (z — 2*)|| < pllz — 2*]|.
2. Forallk e {r*+1,...,7} we have

(08)* < s(p) |z = 2"l = (I = 1y) (2 = =) < pll= = 2"
3. The 7 -th singular value is lower bounded (c%.)* > s(p) ||z — 2*||.

Then, the map F satisfies Assumption 7.

C.4 Proofs from Section 5.1
C.4.1 Proof of Theorem 5.1

Let us prove that the Hadamard map =z — x ® x is smooth with parameter Lyr = 2. We have
IVF(z) — VF(y)

To prove that the map satisfies weak alignment Assumption 3, we leverage Proposition C.2.
Thus, we will establish the three conditions stated in that proposition. To do so, we first introduce
some auxiliary lemmas. These require a bit of extra notation. For a vector x € R", we let S, be the
set of permutations of the indexes [r] that orders the entries of  in non ascending order, i.e., T € S,

lop = 12 diag (z — )|, < 211z —yll,-

Tn(1) 2 Tr(2) 20 2 Tl

Note that S is not a singleton whenever there are ties. We say that that two vectors =,y € R" are
similarly ordered if S, NS, # 0.

Lemma C.4. Let x* € R" be a fized vector. Suppose x ® x € B.(z* © x*) with

)2 — (1%)2 *)2
€= min M/\ min (zF)
i, J|ziF#T; 2 i€lr]|z}#0 2

Then, # supp(z) > # supp(x*) and, moreover, the component-wise squares © ® x and z* ® z* are
similarly ordered. The result holds trivially when € = 400, i.e., all components of x* are equal.
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Proof. We defer the proof of # supp(z) > # supp(«*) to the end. Let us construct a permutation
in the intersection of Sy«p.+ and Sye,. We start with a base permutation m € Sy«p.+, which we
will modify inductively. Cosider the partition Bji,..., B, of [r] such that for any i,j7 € By we
have z? = :L’j*-2, and if i € B, and j € B,, with n < m then 2 > 1‘;2. We claim that we also
have i € B,, and j € B, with n < m then 27 > x? To see this, take ¢ = argmin;cp, xfr(i) and

j= argmaxc(p,,| xi(i). Using the triangle inequality and the definition of the partition, we derive
2 2 2 2
Ta(p) ~ Tn(z) 2 Tn@) ~ Tngy 26> 0,

where the strict inequality follows since x ©® x € B.(z* ® x*); which proves our claim.

We construct 7’ from 7 as follows. Start with 7’ = 7. We know that the indices in B; correspond
to the top components in z ® x and x* ® z*, so 7 sends them to the first #B1 components. We can
modify 7’ to respect the ordering of the top # B; entries of x ® x. Since the new 7’ only differs
from 7 in the B; block, it also belongs to Sy«@.+. We can apply the same update with Bs, and so
on until By. After which, we have that @’ € Syxoz+x N Szee; proving that the squared vectors are
similarly ordered.

2
Take m € Spr@er N Sz and recall that r* = # supp(z*). Thus, (ac;(r*)) > 0. By the definition
of ¢,
(x* N )2
2 m(r*)
Trere) 2 g
Therefore, # supp(x) > r*. This finishes the proof. O

> 0.

Recall that for x € R", we let II7 and o} correspond to the projection onto the subspace
generated by the top j singular vector of VF(z) and its jth top singular value, respectively.

Lemma C.5. Let x* € R" with r* nonzero entries and x € R" such that v © x € Bs(z* ® x*) for

* 2 _ z* 2 *)2
€= Tmin MA min (a7)
i,jlai 2 i€lr]|z}#0 2

Then, we have
(I -Tf)(z 0z —2*©x%)|2 < Vr—k(of)? forallke{r*,...,r}.
Proof. By Lemma C.4 there is a relabeling of the indexes ( ji)ie[r] that simultaneously sorts the

magnitude of the entries of z and z* in nonascending order, i.e., [v;,| > ... > [z, | and |2}, | > ... >
|23, |. Since VF(z) = 2 diag(z), its SVD is given by

U =(€ej,€j5,---:€),

¥ =2 diag(|zj |, [, - - - |25.]),

V =diag(sign(xy, ), sign(z;,), . . ., sign(z;,)),
where ey is the k-th standard vector basis. Hence, we have

0 Ifze{jha.jk}

(1 = IIE)v]i = { . (42)
v; otherwise,
for an arbitrary vector v € R". Therefore, for any k € {r*,...,r}, we have
I(T-Tf) (@ ez —a*0a")|; =T -Tf)z0r - (I -TI}) 2" © 2*|3
2
_ 2 2T T
_H(O,.‘.,O,mjkﬂ,...,xjr) —(0,...,0) HQ
2
2 2T
= H(xijrl,...,:CjT) H2
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< (r—k) (of41)",

where the second equality follows from (42). This establishes the result. O

We can now finish the proof of Theorem 5.1. Recall that r* = # supp(z*), z = ¢ ® z, and
z* = x* ® x*. We show that x — = © z satisfies the three conditions from Proposition C.2 and
*2

xx? — gx? Arx (diag(z* Arx (diag(z*
| 2y|>/\ ( g()))/\ (diag(z"))

min
1+ s(p 2

p
s(p) =y (p) (LM D

Suppose that ||z — 2*]| < d(p).

1. By Lemma C.5, setting k = r, we have that ||(I — II¥) (z — z*)Hg =0<pllz—2",.

2

2. Take any k € {r*+1,...,r}, by Lemma C.5, we have H (I - Hﬁ_1> (z —2%) ) <(r—k-1)o}

Thus if ak <

v || — 2*||5, then,

VT -1
I =1y (2 = 29y < p ey
Vvr—r*Vv1
3. By Weyl’s inequality, we have \.«(diag(z)) > Am+(diag(z*)) — ||z — 2*[|,. By the choice
of the neighborhood §(p), we have \«(diag(z*)) > (1 + s(p)) ||z — 2*||5, we conclude that
02 = e diag (2) > s(p) |12 — #*]

|z — Z*HQ <pllz- Z*HQ

Therefore, by Proposition C.2, Assumption 3 holds; completing the proof.

C.5 Proofs from Section 5.2
C.5.1 Proof of Theorem 5.5

We show that the symmetric Burer-Monteiro map Fyym(X) = XX T is smooth with parameter
Lyr = 2. A straightforward computation reveals that the Jacobian of this map and its adjoint act
onY € R¥™ and Z € 8% via

VEm(X)Y] =YX +XY" and VEym(X)'[Z]=(Z+2Z")X. (43)
Therefore,
HVFSym(X) - vFsyrn(Y)Hop = Hﬂfhlp . HVFSym(X)[W] - VFsym(Y)[W]HF
e
= WX T +xwh)—(wy"+yw’
= sup + + »
W p=1
< sup 2 HW(X - Y)TH
W p=1 F
<2[X -Y|p-

Thus, Lyr = 2 as claimed.

Next, we prove weak alignment. Toward this goal, we state two auxiliary results. Consider any
two Z,2* € Si with r* = rank Z* < rank Z < r < d and let X, X* € R%*" be any matrices such
that Z = XX " and Z* = X*(X*)T. We denote the SVD decompositions of X and V Fyyu(X) as

T
UXsX (VX) and UXVT, respectively. We use UX,U; to denote the i-th column of U? and U,
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respectively. With slight abuse of notation, we imagine completing the columns of UX and U by
d+1
choosing additional vectors in R? such that {UX}¢_; and {Uz}z(:r”i ) forms an orthonormal basis of

R¢ and R(dgl) (we identify S¢ with R(dgl)), respectively. Further, we let Hf be the orthogonal
projection onto the span of the top j left singular vectors of VFyy,(X) and 0; = ¥;; be its j-th
singular value.

Proposition C.6. Let X* € R, For any p > 0 and any X € R¥" with

HXXT X*X*T] <m1n{f 3}0,%* (X*),

we have that
(=) pexT e T < g
for any k € {rank(V Fyym(X*)), ..., rank(VFym(X))}.

I P HXXT x*x*T

.

< %0’ . (X*), then one has o2, > o2, (X).

Lemma C.7. If HXXT _xrxT
op

We will prove these two results soon. Before delving into their proof, let us use these results
to derive weak alignment. To this end, we show that the Burer-Monteiro map satisfies the three
conditions from Proposition C.2 with

4p 1 1 }

N = A (Z27).

2(r —r* +1) V2 1+s(p)’3 (2
Define 7™ = rank (V Fyym (X*)) and take any Z € Im Fyyp, such that ||[Z — Z%|| , < 6(p).

s(p) = and 0(p) = mm{

1. Using Proposition C.6 with k = rank V Fyy, (X)), we have

2 p? 2 2
|(1-m¥) iz 27| <0+ LNz - 2*7 < 12 - 2°13..

2. Let k € {#* + 1,...,rank VFy,(X)} and assume o7 < s(p) |Z — Z*|| . Again by Proposi-
tion C.6, we have

X Viz-z” <2 et Dz - 2P
|(1-150) 12 - 24|, < Ss0r =" + Dok + 5 12 - 2°2

IN

L s+ ) 12 21
A 2 F
=2 - 2",
where the last line follows from the definition of s(p).

3. By Lemma C.7, we have that o2, > 02 (X). By Weyl’s inequality, we have o2 (X) >
02 (X*)—||Z — Z*|| . By the choice of §(p), we get o2 (X*) > (s(p) +1—1)||Z — Z*|  and
thus o2. > s(p) | Z — Z*|| .

Then, invoking Proposition C.2 establishes Theorem 5.5. To complete the proof, we must still prove
Proposition C.6 and Lemma C.7. The following are auxiliary results for such a purpose. Lemma C.7
follows directly from Lemma C.8 and Lemma C.11.

Lemma C.8 (Spectral characterization for Burer-Monteiro). Let Fyyp, : R — 8% be given by
Foym(X) = XX T. Then, the eigenpairs of V Fsym(X)V Esym(X)" are given by

95



<2 (02 () + 03 (X)) . 1 (XU + U o T)>

for all (i,j) € [d] x [d) with i < j. Here the normalizing constants are ¢;; = 2 if i = j and \/2
otherwise. Moreover, the eigenvectors form an orthonormal basis of S¢.

Lemma C.8 likely already exists in the literature. We include a proof in Appendix D.1 for
completeness. In turn, we need to understand how to conveniently index the eigenvalues and
eigenvectors of V Fyym(X) "V Fsym(X). The next few results develop such an indexing. A direct
result is Lemma C.7.

Corollary C.9. Let A = {(i,7) | 1 <i < j < d}. Then, there exists a bijection T: A — {(d-gl)}
such that for (i,j) € A, we have

Arting) (VPaym(X)VEa (X)) =2 (02 (X) + 02 (X)), and
1 (44)

Corollary C.10. Let X € R¥™" of rank 7. Then, the rank of V Fyu(X) is dF — ().

These two are direct corollaries of Lemma C.8. In particular, ¥ = dr* — (g ) and the maximum
rank of VFyy,(X) is dr — (). Consider the partition of A given by

A ={(,7)|1<i<j<dand i <7*} and AL =A\A-.

Lemma C.11. If HXXT _XrxHT
satisfying (44) and

o < 10k (X*), then there is a bijection T: A — {(d;rl)}

7(1,7) <71(n,m)  for all (i,j) € Apx and (n,m) € AL, . (45)

Proof. Consider the bijection 7 furnished by Corollary C.9. We claim that for any for any i €
{1,...,7*}and n € {r*+1,...,d},

o (X)
5
To show this inequality, we repeatedly apply Weyl’s inequality

A (XXT) < hgn (XXT) = Ao (XXT) = 02y (X)

M (XXT) < (46)

IN

HXXT —x*x*T

% <aZ* (X*) — HXXT X xrT

op

IN

)

Then, for any (i,7) € Ay

IN

%)\T* (xxT) < %af (X),

Uf* (X™*)

where the second inequality follows since HX XT—x*x*T|| < T

op
and (n,m) € Al we have

Arnmn) (VEoym(X)V Faym(X)T) = 22, (XXT) 420, (X X7)
< 201-2
207
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where the first inequality follows from (46). Therefore, by (44) we derive 7(i,7) < 7(n,m); if this
inequality does not hold strictly, we could modify 7 to enforce strictness without breaking bijectivity.
This establishes the result. O

We are now ready to prove Proposition C.6.

Proof of Proposition C.6. Recall that U; and o; denote the ith top left-singular vector and singular
value of V Fyym(X), respectively. We use X* = UX" £X" (VX*)—r to denote the SVD of X*, further
we use 0 = XX and X" = XX". Let 7 be the bijection provided by Lemma C.11 and expand
(7-mF) (XX - x*Xx*]

(%)
= | X v/ | vee (xx7 - x*x*T)

{=k+1

1 T

= Y (U ek U+ UF e UY) (UF e U+ UF @i UF) ve (XXT = XX,
1<i<j<d, ¥
() 2k

where the last equality follows from Corollary C.9, with ¢; ; = (2 + 21;—;). The next claim will help
us understand this sum.

Claim C.12. For any 1 <i < j <d, we have
-
(UiX Ky UJ-X+U]-X ®Kr UzX) (UZX Ky UJ-X+U]-X ®Kr UzX) vec (X*X*T>
T
=2 XX TUX (UX e USF + U 0 UY)
and
X X X X X X X x\ " T
(U7 @10 U} + U} @xe U) (UFF @ U + U @1 UFX) vee (XXT)

(A
40P (X) U @k UFS ifi =4,
0 otherwise.

To prove this claim, for any X € R, we apply properties of the Kronecker product, (67) and (68)
to XX T to derive

(UiX RKr U]-X + UjX QKr UiX)Tvec (X'XT> = 2UZ-XT)~()~(TUJ-X
2 XX (UF,UX) (UX U,
=1

The first and second equations imply the first and second statements, respectively.
Applying Claim C.12 and properties of the Kronecker product yields

1

(1-m)(xxT - xx*T] =1 >

1<i<d, 4
7(4,0) >k+1

(UZ-X QKr UZX) O'i2 (X)

Ty:=

1 T
—2 Y U xR (U e U+ U o UFY).
1<i<j<d b
(i) 2k +1

To:=
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with ¢; j = (2 4+ 21,—;). Taking the Frobenius norm and applying Young’s inequality, the inequality
yields

|(r—1¥) [xx™ —xxT]| < 21m3 + 2l

We focus on bounding each term.
Since k > rank VFyym (X*) = #A,+, and 7 satisfies (44) and (45) must have that

1
7(i,i) > k+1 implies both i>7r* and MN(XX')< ZO‘]%_H. (47)

Equipped with these facts, we use the triangle inequality to obtain
2

Im3=| Y (UFexU¥)o?(X)
1<i<d,
7(i,3)>k+1 9

S IRRC OB [CAE )

1<i<d,
7(1,8)>k+1
1 4
= Z 16 k+1
1<i<d,
(i8) >k+1

< %6(7’ —r* 4+ 1)o} 4,
where the second line follows from the orthonormality of U;X ®k, U7X, and the last two lines follows
from (47).
Finally, we turn to the bounding 75. Thus, expanding 75, we get
2

1 T
IBIE =2 Y U X XU (U e U+ U @ UY)
1<ii<a (21 20i=))
(i,§)>k+1 )

IN

.
> U xx Ut (UF ex UY)

1<i<j<d

7(4,5)>k+1 9

T T
= > vt xx*TufuX |,
1<i<j<d
7(4,5)>k+1 r

where the inequality follows from Cauchy-Schwarz inequality and (2 +21,—;) > 2. By the argument
as (47), we have that

7(i,j) > k+1 implies min{i,j} > r*.
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Hence, we have

2
d T T
Il < | > vfv¥ x*x*T Y UXUf
i=r* 41 1<j<d
7(4,) >k+1 P
d T T d T 2
XrrX XrrX
<l > v | x* x| > UrU;
i=r*+41 Jj=r*+1 F

SP;HXXT_X*X*T ‘2

)

where the second and third inequalities follow from Lemma D.2 and Lemma D.7, respectively.

O]

This completes the proof of Theorem 5.5.

C.5.2 Proof of Theorem 5.6

We first show that the asymmetric matrix factorization map Fogym(X,Y) =X YT satisfies Assump-
tion 1 with parameter Lyr = v/2. A straight computation establishes that the Jacobian of this
map and its adjoint acts on (X,Y) € R"*" x R%*" and Z € R4 %% via

VEhsym(X, V)X, V)] = XY T + XY and VEum(X,Y)'[Z] = (2Y, 2" X). (48)
Therefore,

HVFasym(X, Y) = VFaym(X, V)

= swp [(VEuym(X,Y) = VEuym (X, 7)) [(Ar, A2)]||
P I(A1,Az) || p=1

T (At (= %)4.7) + (M -1)7)|,

<o 1) AT+

<|x = x|+ [r-7],

< V2||(xY) - (X))

F

where the last inequality comes from Young’s inequality. Thus Lyp = v/2.
We turn to proving local weak alignment. Let us introduce some notation. Recall that we fixed
a factorization Z* = X*(Y*)T with rank (X*) = rank (Y*) = rank (Z*) = r*. Consider any matrix
Z with r* <rank(Z) <r, and let X € Rdlxr, Y € R%2*" be any matrices such that Z = XYT. We
T T
denote the SVD decompositions of X,Y and VFiym(X,Y) as UXyX (VX> ,UYyY (VY) , and

ULV, respectively. We use UX,UY ,U; to denote the i-th column of UX | UY | and U, respectively.
With slight abuse of notation, we imagine completing the columns of UX, UY, and U and adding
additional vectors such that {UX }f;l, {Uiy}fil, and {Ui}glﬁz form an orthonormal basis of R%,
R%, and R%%  respectively. Further, we let HE-X’Y) be the orthogonal projection onto the span
of the top j left singular vectors of VF,qym(X,Y') and o; be its jth singular value. Moreover, we
denote by 7 the rank of VF,sym(X,Y) and by 7 the rank of VF,gm (X*,Y™*). We state two key
results that underline our arguments.
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Proposition C.13. Let (X*,Y*) € RUX" x R%X" pe g factorization of Z* = X*(Y*)" satisfying
rank (X*) = rank (Y*) = 7* and VX" = V", Let (X,Y) € RUX" x R2X" be g pair of factors that

] N mins o2, (X*),0
satisfies ||(X,Y) — (X 7Y*)||F < 16v2 ma£{01((X*)) UI(Y*)i}

min {Gr* (X*) ’ r* (Y*)}

Then, for any p > 0, if

e P 7 7
we have that
H (I - ngX’Y)) XYT - x*v*T) H2
2
< <5J§mm {U(f*;(f)a (l(fy)*)} (r—r*+ 1)2> ob+ p; Xy T - xyeT ‘;

for any k € {rank(V Figym(X*,Y™)), ..., rank(VFasym(X,Y))}.

Lemma C.14. Suppose (X*,Y*) € RUX" x R%XT satisfies rank (X*) = rank (Y*) = r*. Further,

3 2 * 2 *
let (X,Y) € RO x R¥2X" be matrices satisfying ||[(X,Y) — (X*, Y| < 673 mﬁagffﬁ(gﬁ){?f(gﬁ}
Then,

o2 >min {02 (X), 0% (V)}.

r*

We will soon prove these two results. Before that, let us use them to derive the local weak
alignment property. To this end, we show that the asymmetric map satisfies the three conditions
from Proposition C.3 with

1 min {02 (X*),02 (Y*)}
16v/2 max {01 (X*), 01 (Y*)} ’
pmin {o2. (X*) 0% (V"))
10V2 (02 (X*) + 02 (V%)) (r — " + 1)

d(p) —mln{4 1 t )}min {0'3* (X*), oo (Y*)}

Take any XY ' = Z € Im F such that || Z — Z*|| < §(p) and ||[(X,Y) — (X%, Y*) || < ean.

Epx =

and

s(p) =

1. Applying Proposition C.13 with 7 = rank VF(X,Y’), we have

|(r-n8") 2 - 2} < 0?12 - 2413

2. Let k € {#*+1,...,7} and assume o7 < s(p)||Z — Z*|| . Again by Proposition C.13, we have

(7= 1) iz - 2],

* o2, * 2 2
< (mm{jX L f’fyl)}<r—r*+1>2> o+ LNz 2]

of. (X*) + ok (V) Y o .
) (<mmin{o%* o G ) SWH) 1221

= P2 1Z — Z*HF’

where the last equality follows from the definition of s(p).
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3. Assume without loss of generality that min {c2 (X),02 (Y)} = 02 (X). We have:

,,-.*

o2 > min {02 (X), o2 (Y)}

r* ) Y
> (o7 (X*) = [|X = X )?

L .
> 7 nin {0?* (X*), 0% (Y*)}

‘F’

where the first line follows from Lemma C.14, the second line follows from Weyl’s inequality
and the choice of €,+, and the last line follows from the choice of §(p).

> s(p) HXYT —x*y*T

Then, the assumptions of Proposition C.3 hold, which establishes Theorem 5.6.

To complete the proof, we must still prove Proposition C.13 and Lemma C.14. The following
are auxiliary results for such a purpose. Lemma C.14 follows directly from Lemma C.15 and
Lemma C.19.

Lemma C.15 (Spectral Characterization). The eigenpairs of VF(X,Y)VF(X,Y)T are given by
o2 (X) + 0]2 (Y') with eigenvector U}/UZ-X—r
for alli € [dy] and j € [da]. Moreover, these eigenvectors form an orthonormal basis.

Lemma C.15 likely already exists in the literature. We include a proof in Appendix D.3.

. U min of*(X*),cr?_* (Y*)
Lemma C.16. Suppose that [[(X,Y) — (X*,Y*)| p < lﬁi/i mai{m(x*),al(w)}}

‘F < 2\1/5 min {af* (X*), 0% (Y*)} -

We defer the proof of this lemma to Appendix D.2.

. Then,

HXXT o X*X*T

\F + HYYT _yry*T

Corollary C.17. There exists a bijection T: [d1] X [d2] — [d1d2] such that
T
0l = 0i (X)+07 (V) and Uy = U U (49)

Corollary C.18. Let X,Y € RUX" x R%2X" be of the ranks r1,r9. Then, the rank of VF(X,Y) is
dirg + dary — riro.

These two corollaries are direct consequences of Lemma C.15. In particular, 7 = (dy + da — 7*)7%,
and the maximum rank of VF(X,Y) is (d; + d2 — r)r. Consider the partition of [d1] x [d2] given by
A ={(,7) |i<r*orj<r*} and A =A\Ap,

and observe that #A,« = rank (VF(X*,Y™)). We derive a useful lemma for alignment.

< smin {02 (X*),0% (Y*)}, then

P
op

Lemma C.19. If HXXT — X x+T Wt HYYT Yyt
there exists a bijection T satisfying (49) such that

7(i,7) <71(l,m) for all (i,j) € Apx and (I,m) € AL,
Consequently, if T(l,m) > rank (VF(X*,Y™)), then I > r* and m > r*.

Proof of Lemma C.19. To establish that o7 (X) 4+ 07 (Y) > o7 (X) + 05, (Y) for any (i,j) €
Ay« and (I,m) € Al it is sufficient to show

021 (X) + 02,1 (Y) < min {af* (X), 02 (Y)} . (50)
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The bound on HXXT — X*x*T implies that

+[yyT -yt
op

op

HXXT _ X*X*T

+ HYYT _yryrT
op

op

< min {0—3* (X*) = |IxXT —x*x*"

o2 (Y*) — HYYT —yryeT

o)

< min {03* (X), 02 (Y)} , (51)

op

where the second inequality follows from Weyl’s inequality. To establish (50), we bound

021 (X) + 02, (V) < HXXT .ol W HYYT vy T <min{o? (X),02 (V)]

op
where the first and second inequality follow from Weyl’s and (51). This concludes the proof. [

We are now ready to prove Proposition C.13.

Proof of Proposition C.13. We start by invoking the triangle inequality to decompose
[l e e, < ) e, ) e

.
T]_Z: T2;:
We will provide upper bounds for both 77 and T5. We begin with 77, Corollary C.17 yields
dyds 2
T2 = Z U;U;" vec (XYT>
i=k+1 9
2

= Z (UJY QKr UZX) (U]Y ®Kr UZ-X)TveC (XYT)
(65)|7(6.5)>k+1

2
2

’ ¢ .>§1x[ 105(0}/ (Vv (U] e )

)21 ?
(i) 2
B (i )g:]x[ ] ‘ UiXUJY <V;X’ij> (UJY K UZX) ’2

)21
(i) 1 2
< 1 (0'1-2 (X)+ 0']2' (Y)>

(4,9)€[r]x[r]

7(i,5)>k+1

(iv

)1
< (#{(0.0) € P [rank VE(X*,Y*) + 1 < 7(i,j) < rank VF(X,Y) fof .
Here, (i) follows since XY T =3} 1 3} oo} <VkX, VZY> U/,g(UZYT and using (68) with (67) we

derive

X vV /X Y\ e ;
)" @k U )vee (xyT) = {70 % (V¥.v') iisrandj<r
J v 0 otherwise.

On the other hand, (i¢) follows from orthogonality and cancellation of cross-terms, (iii) from
the Cauchy—Schwarz inequality and from Young’s inequality, and (iv) follows from Lemma C.15.

Combining this bound with the fact that #{(i,j) € [r]? | rank VE(X*,Y*) +1 < 7(i,5) <
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rank VF(X, Y)} (r—r*+1)?yields Ty < 3(r —r* + 1)o7 ;.
We continue by bounding the term 75. Let (i,j) be the pair such that 7(4,j) = k + 1, then
T
T = Z (U]Y QKr UZX> (U]Y Ky UZ-X) vec (X*Y*T)
(,5)|7(3,5) > k+1
d1 d2

Z Z (UJY ®Kr UZX) (UJY QKr UiX)Tvec (X*Y*T>
=i j=j

d1 T d2 T
(Z UXuX ) xX*y*T (Z uyuvyY )

i=i i=i

2

2

F

—1 j—1
(Z UrUX T) xyT (Z vYuy T) —xyT

i=1 j=1

2

I

(424) 1
<
= min {0 (X7) .02 (V)

F

)
.

where (i) follows from the definition of (7, j) and from Lemma D.2, (i) follows from the Kronecker
product properties (67), (68), and (69), (i7) follows from Lemma D.7 together with Lemma C.16
and Lemma C.19, (iv) follows from adding and substracting XY " in conjunction with Young’s
; 2 * 2 *
inequality, and (v) follows from the initial condition HX YT — x*y+*T ’F < pmm{a’“* (X4)’UT* 0} .
Next, we provide a bound for the first term of the right-hand side of (vi). Let us denote
Tog = {(ij)EN2:i<i<rj<j<r} Ipg = {(i,j) € N* : 1 < i <i,j <j <}
Top =={(i,j) eN*: i <i<r,1<j<j}, and I :=Zpg UZpg UZIgp. Then by orthonormality of
the basis {UY @ UX | (1,7) € [d1] x [d2]} and since vec(UZ-XUJYT) = UjY ®x; UK, we have that

5151700 (07 )2(0 Y>2<V-X V) Saeteaurer ()0 Y>2<V»X,vf>2
win {02 (X°) 0% (V)] min {02 (X*) a2 (V)]
Ty:= Ty=
We next bound Ty and T5. For Ty,
o (X)Jr* (Y) r T X Y

(o > M R I L Sb
min {ar* X*) com (Y*)}
(I xr (o) - x )
min {02, (X*),02 (Y*)}

T3:=

INE

+g HXYT _xryrT

Ty =2

i=3 % 9j
Y A ) 0 (Y*)}
1 o (X a2
SZmin{a( ()+ ,T,,* Y* };]22(12 (Y))

p (XH) + o (Y*) x 2 2
— 1
min {ar* (X*), 02 (Y*)} (r=r"+ 1) ok,
where the first inequality is due to Cauchy—Schwarz, the second is due to Young’s inequality applied
twice, and the third is due to Corollary C.17 and the initial conditions in conjunction with Weyl’s
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. N (12
inequality. For the 75, we define R := argminReO(T_f,«*) ’(‘/{S;*-‘-l..#‘} - V{};”rl“""}R)HF' Next we
only bound the terms in 75 associated with the indices in Zpg, that is

2
Siigetro (7220 )* (VX V))
min {02, (X*),0% (Y*)}
* r 2
0, (02 (e))? <ViX7VjY> 4y *+1Z (0X)2(0Y)? <ViX,VjY>
min {02 (X*),02 (Y*)}
@) S Yy (o) (VS V) 4 0k ()0 (00 e Sy 1
min {oZ (X*),0% (Y*)}
2 2 T 2
aiy (75) (o)) H(V{)f..r*}) Vst |+ =+ 1200 (X) 0} (V)
min {2 ( X*), o2, (Y*)}

w 2() () (H (Vi) Vi P H (V¥ ) (Vs = Vi R)

min {02, (X*),02 (Y*)}

)

(r —r*+1)%02 (X*)UJZ (Y)

min {02, (X*), 0% (Y;)}

o 26 @) 0 ) Ve a2 ) 0) Wi~ V],
=2 min {02, X*),O’r* (Y*)}

(=7 + 1% (X*) 02 (V)

win {0, (7] 0% (V)]

+2

+2

where (i) follows from rearranging, (ii) follows from Weyl’s inequality applied to ox 41 and from
the Cauchy—Schwarz inequality, (iii) follows from Lemma C.19 and from adding nonnegative
components to the Frobenius norm, (iv) follows from Young’s inequality and from the assumption
that VX" = VY7, Finally, (v) follows from the Courant-Fisher theorem applied to orthogonal
operators. We further bound,

2

2 2 T 2 2 2
2 (UiX) (0’{) (V{)f..w}) ‘G)f**+1...r} . +2 (Ufc) (0’3;) HV{37/~*+1...7~} - W¥:+1...T}R“F
2 min {c2 (X*),0% (Y*)}
(r—r*+1)%% (X*) 2(Y)
in [0, (X4) 0% (V)]
2 2 x 2 2 .12
0 200 (01) sy 2 () (1) st
- min {oZ (X*), 0% (Y*)}
(r—r*+1)%02 (X*) 2(Y)

+ 2

+2 min {02, (X*),02 (Y*)}
2 (o) (o)) NN bt oL 1L
~ min {ok (X*),0k (Y*)} I, = (X5 Y7l + 2 min {02, (X*),02 (Y*)}
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@1 () () (r—1* +1)20% (X*) 02 ()
~ 16 max {0? (X*),0? (Y*)} (
(X*) ( Y)2 (T —r*+ 1)203* (X )0']2 (Y)

@) o2 (X*) + o2
<
ot (Y*)}

~ 8max {o? (X*),0

1 2 (r=r"+1)%0% (X*) a3 (Y)
=1 ( Y) 2 min {02 (X*), 0% (Y)}

1 2 (r=r+ 1% (X*) o3 (V)
<1() e e

9 (r—r"+1)>%0 (X¥)
< Zmln {O’ X*); r* Y* }0']2 (Y)

Here, (i) follows from a combination of results: first, we rewrite us-

X

(V{l...r*}> Vv{r*—&—l 7‘}

ing Lemma D.3; second, we bound HV{X*HWT} - V{};:H...T}RHF using Lemma D.4; and thlrd, we

invoke Wedin’s theorem [21, Theorem 2.9] on both of these terms, which is applicable since
min 0‘3* (X*)7O'?* (Y™) . . . .

I(XY) = (X5 Y)p < 55 mag{mx*),al(y*)}} < gmin {o (X*),0,+(Y*)}. Finally, inequali-

ties (i) and (ii7) are due to the bound on the condition ||(X,Y") — (X*,Y™)||» together with Weyl’s

and Young’s inequality. Using a similar argument, one can bound the rest of the terms in 75 by

2
T LA VR N N S LB
? (X*), O % (Y*)} < (X*) (Y*)} 0—1 (X)>

min {02, 4 min {cZ , 02

so that

T < 9(r—r* +1)? max{a
4 min {02, (X*)

X* o2 (Y*
) }( )}> <J§(X)+g2.(y))

4 min {02,

B (9 (r —r* +1)?max {ar

(X*) ’ UT* (Y*)}

Ok+1,

X*)7 Opx (Y*)}> 2

and thus, adding Ty yields

7o (X*) + o (1)
T+ 15 < 4 mln{a X*) (Y*)}(T—T +1) Uk+1
o2, (X*) 402, (Y*)

2(7‘—7“ +1)0k+1< 1

- 2 mll’l{O’

To conclude, since T7 < T (r —r*+1)%0%,,, we obtain

(X~ ),0‘2* (Y~
| (1= ) Xy - X v T|s

. (X*) + ok (Y*)
= <5m1n {o% (X*),02 (Y*

Taking the square of both sides and applying Young’s inequality yields the desired result.

< ‘F

2 (r—r*+ 1)2> 0%+ g |xyT - xryeT

C.5.3 Proof of Lemma 5.8

The objective h is a composition of a linear map with a convex function, and so it’s convex, proving
Item 2 of Assumption 5. To establish Items 1 and 3, we establish quadratic growth with 2* = M*.
Notice that Im F’ corresponds with the set of rank r matrices. Let an arbitrary M € Im F. Applying
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the reverse triangle inequality yields

1 1 . 1 N 1 N
S A = b3 = S 1AL = blE 2 S JAGM = M) 2 S0 -9 IM - M3, (52)

where the second inequality follows from (22) since M — M* has rank at most 2r.
We will use the following lemma for our proof of Item 4 in Assumption 5.

Lemma C.20 (Lemma 3.3 in [15] and Lemma 31 in [94]). Assume that A satisfies (22) for matrices
of rank at most 2r. Then one has

(A, ADT)) < 6| M| 82|+ |(01, 07)

9
for any matrices M and M of rank at most r.

We use II as a shorthand for the projection II(¥*¥) onto the image of VF(X,Y). Recall from
(48) that this image lies within the set of matrices of rank at most 2r and so

ImII C {Z € R®*% | rank (Z) < 2r}. (53)
Therefore,
[TIVA(M)|l, = [[IT[A"A (M — M*])||

= sup (IL(A"A(M — M™)), W)
WeRA s [ W] =1
— s (AWM - M) W)
WeRH | [ W] =1
< sup (A"A(M — M™), W)
WeRD 2 W] =1
rank(W)<2r
= sup (AM = M), A(W))
WeRH D[] =1
rank(W)<2r
SOIM Mt s (M- M)

W R X4z [ W] =1
=1 +0) M- Mg,

where the first inequality follows from (53), and the second inequality uses Lemma C.20. Using
this result in tandem with (52) yields

o 77 ITVRODIE < A(A) — H(O),
thus, establishing part (a) of Item 4. For part (b), recall from the definition of P((X,Y),\), (7),
that Im(I — P((X,Y),\)) =ImVF(X,Y) and so (I — P((X,Y),\)[M] € M +ImVF(X,Y) and
consequently
rank((I — P((X,Y),\))[M]) < rank M + 2r. (54)
Hence,
(ATA(M = M*), (I = P((X,Y),A))[M — M"])

= (AM = M), A((I - P((X,Y),\)[M — M*]))

< 6 IIM = M| (I = PUCX,Y), MM = M¥]|[ + [(M = M*, (I = P((X,Y),\))[M — M)

<A+ 0)[IM = M*||p |(I = P((X,Y), )M = M) p,
where the first inequality follows from Lemma C.20, which applies due to (54), and the second
inequality follows from Cauchy—Schwarz. The proof concludes by taking a = (1 — §) and g =
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146)2 146)2
max {7((175)) ,(1+ 6)} = 7((176)) )

C.5.4 Proof of Lemma 5.11

Items 1, 2 and 3 hold automatically and so we focus on proving Item 4. Take M € R% 92 and
V € 0f(M). A key ingredient to this proof is the fact that for any matrix W of rank at most 2r we
have

(VW) =(V,(W + M) — M)
< fW+ M) — f(M)
< LIW|pg, (55)

where the first inequality holds since f is convex and V' € 9f(M), and the second holds since f
satisfies restricted L Lipschitzness.
To establish Item 4a of the Assumption, we have

[nm|, < sy
W rank(W)<2r,
W p=1

< sup L|W|p=1
WIIW | p=1

Recall that II(*"Y) denotes the projection onto range VF(X,Y), which is a subset of {W | W €
R%*% and rank (W) < 2r}. Thus, establishing the first inequality, while the second inequality
follows from (55).

To prove Item 4b, the matrix W = (I — P((X,Y),\))[M — M*] has rank 4r due to (54). We
can further decompose W into two rank-2r matrices W7 and Wy such that (W, Wa) = 0. Therfore,

(VW2 = [(V, W) + (V, Wa)|?
= (VW) > + 2|(V, W1) (V, Wa)| + [(V, Wa)|?
< L2|[Wh |5 + 2 |Wallp [Well p + L2 |Wa| %
2 2 2
= L2 (|Wi7 + [Wall )
=L |W|%,

where the inequality follows from (55) and the last equality uses fact that ||W||2F = ||V ||% + HW2||2F,
since W7 and Wj are orthogonal. This concludes the proof.

C.6 Proofs from Section 5.3

We start with a few explicit definitions that will play a role in our arguments. In what follows, we
use M;. and M; to refer to the j-th row and i-th column, respectively.

Definition C.21 (Column-major vectorization of matrices and tensors). Let M € R%*% qnd
T € Raxd2xds - The yectors vec (M) € R4 and vec (T) € RM %% qre defined by

vec (M)(igfl)d1+i1 = ]\4,‘171'2 fOT’ 11 € [dl], 19 € [dg],
VeC (T) (13—1)dy dot-(ia—1)ds i1 = Linsiziis Jor iy € [du], iz € [da], i3 € [ds].

Definition C.22 (Matricization of tensors). Let T € R¥*92Xd  The mode-1 matricization
My(T) € REX(4243) 45 given, by

My(T)iy, (i5—1)dp+is = Tiin,is for iy € [di], ia € [da], i3 € [d3].
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Similarly, the mode-2 and mode-3 matricizations Ma(T) € R@2*(A1d3) gnd M3(T) € R%B*(41d2) gre
Mo (T)iy, (ig—1)ds+is = Tirinis for iy € [di], ia € [d2], i3 € [d3],
M3(T)iy, (i3—1)dr+irs = Ty insis for iy € [d1], 12 € [da], i3 € [d3].

Definition C.23 (Permutations of tensor matricization). Given i € {2,3} and T € R4 *%2xds et
P; € Rhdedsxdidzds po the permutation matriz such that

P; vec (M;(T)) = vec (M1(T')) = vec (T).

Definition C.24 (Kronecker product for matrices and vectors). Given M € R1*% gnd N € R%xd
their Kronecker product M @y, N € RUdsxd2d1 s defined entrywise by

(M ®Kr N) (i, -1)ds-tis, (iz—1)da+is = Mirio Nigis  for iy € [d1], iz € [da], i3 € [d3], i4 € [d4].
Moreover, for vectors u € R™ and v € R%, one has
(u Ky U)(il—l)dg—s—iz = u;, v, foriy € [dy],i2 € [da].
Definition C.25. Given any two matrices M € R"*" and N € R®*" we define

-

/l/}(M’ N) — [M1®KrN1 - MT®KrNr] c Rd1d2><r and \I](M7 N) — ZM]MJT(X)KrN]N]T c ]_:{d1d2><cl1d27
j=1

where M; and N; denote the jth columns of M and N, respectively.

C.6.1 Proof of Theorem 5.16

We start with the actions of the Jacobian and its adjoint.
Lemma C.26. Let X € R¥". Then, the action of V Fsym(X) on a direction D € R is given by

r

V Fyym(X) vec (D) =Y (Dg @ Xp @kr Xo + Xy @k Do O Xo + Xo Qe Xy @z D)
/=1

T
= (I + P+ P) Y Dy ©kr X¢ O Xe € RE.
/=1
Moreover, the action of the adjoint VFSym(X)T on a rank-1 tensor a Qk; b Rk, ¢ € R% s given by
VFSym(X)T (a @y b Rk, ) = vec ((a(bT ®Kr cT) + b(aT ®Kr CT) + c(aT ®OKr bT)) (X, X)) e RY.
The proof is deferred to Appendix D.4. Given this result, it is straightforward to establish As-

sumption 6. Consider an arbitrary pair X, X € R%" satisfying max {HX - X*g, X — X* F} <

| X*|| 7. Using the variational characterization of the operator norm, we have

|V Foyn(X) = V(%) OperRdngpAFIH(VFSM ) = VEyu (X)) vec (4)|

(@)

.
(I+ P+ P) (Z Ay ®xr X ®xr Xo — Ap Qe Xp Ok Xe)

= sup
Al =1 (=1 2
(i) N N
<3 sup ZAe @Kr (Xz Qkr Xo — Xo QK Xz)
All=1|l¢=1 2
= s [|(v063) - 0, 0) AT,

3w, x) - w25,

F
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where (i) follows from the Lemma C.26, (ii) follows from the fact that permutation matrices
have operator norm one, (iii) follows from » j_; Ay ®ky By = vec (BAT) for any A and B,

and (iv) follows from the submultiplicativity of the Frobenius norm. Leveraging the fact that
2 2
2=t Jvelly < (k=1 [lvelly)”, we have

|V E(X) = V Fun(X)

<3 zr: HXz ®kr X¢ — X¢ Ok X@HQ
P =

[¢)

- 326 HXg e Xo — Xo Oxr Xo + Xo Oxr Xo — Xo Ok X5H2
/=1

L33 (o 05— %), + | X - X 2 ]
=1

< (10 +%],) [x - %],

(i) . 5

< 2)x*p | X - X[,
where (i) follows from the triangle inequality and bilinearity of the Kronecker product, (ii) follows
from the fact that |la ® 0|, = |lall5[|b]|; for any a and b, together with the Cauchy-Schwarz

inequality, and (éi7) holds since by assumption max {||X — X* g, | X — X* F} < ||X*|| #, which

implies max {”X”F ) ’

X H F} < 2|| X*||» by the reverse triangle inequality.

We now proceed to proving strong alignment for this map. Let T* € R%*%*4 be an arbitrary
tensor and X* € R¥" be any full-rank matrix with 7% = Fymm(X*). To establish alignment, we
use the following result.

Proposition C.27 (Constant rank of the symmetric CP map). For any full rank matriz X € R,
rank (V Fyym (X)) = dr.
Given this result, invoking Lemma C.1 gives us that the map Fgyy, satisfies Assumption 8 with
7 = dr and with the quantities

oar (VEsym(X™))
24 || X*|

1
JW“%’5@=p and 5= 204 (VEym(X7)

C’ 2
for some positive constants R and C that depend only on X*. This establishes the result, provided
that we show Proposition C.27; we now proceed to prove it.

€x+ = Min {R,

Proof of Proposition C.27. Let X € R¥" be of rank 7. The proof consists of two steps. Firstly, we
will construct a set H of probing vectors, i.e., dr linearly independent vectors in RY . Secondly,
we will prove that the probing set remains linearly independent after applying V Fyym(X)". This
shows a lower bound rank(V Fyym (X)) > dr. Since V Fyym(X) € R* > the rank of VEym(X) is
at most dr, we must have rank(V Fyym (X)) = dr.

We take the full SVD of X as UX5X (VX)T, where UX € R¥¢, £X € R®" and (VX)T € R™.
Consider the extended SVD

»X = diag (Uf(, I - T 1) e R4 and VX = (‘E)X ?) e R™4,

Observe that with this notation we have X, = UXSX (V)T for all £ € [r].
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Probing set. First, since X is full rank, the vectors
s —1 .
T = UX (3%) ()T € R? are well-defined for all k € [d].

We construct H = {T; Q. Tj ®k: T | i € [d],j € [r]}. By (69), Kronecker products of invert-
=L e\ T =1 s\ T
ible matrices are invertible. Then, the matrix UX <EX) (VX) Qe UX (ZX) (VX) RKr

coN=1 e N T
UX (EX ) VX)) e R¥*? is invertable. Since H is a subset of columns of this matrix, the
vectors in H are linearly independent.

Rank lower bound. Let i € [d],j € [r]. By Lemma C.26, we have that
VFsym(X)T (,I'z QKr T] RKr ,I'])

= vec ((Tz (T]T QKr T]T) + T} (TZT QKr T]T) + T (TZT QKr T]T)) [X1 Qrr X1 0 Xy Oky XTD
\ (13, X)) (T3, X1) (T3, X1)]
2 vec | T : +2T; :

(T}, X,)? (T3, X,) (T, X,)

j~X (7 X 21" (7 X jX X /X T

. (V¥ i) (Vi vi) (VX i)
= vec | T; : + 2T} :

(7, 7Y’ (V) (VX )

(i)
= ej Qur T; + 21— (e; Qkr Tj)

{3ez~ ke T if i = j,

ej ®rr I3  otherwise

d
e R,

- - - T
where (i) follows from (69), (i) follows from (T;, X;) = VX (%) ~"Y(UX)TUX(ZX) (VZX) =

<1~/1X VX >, and (i74) follows from (70), here {e;};c;; € R” denotes the canonical basis for
R”. The resulting dr vectors are scaled versions of different columns of the invertible matrix

coN—1 s~ N\ T
I, ®kr (U X (EX ) (VX ) ), thus they are linearly independent, which completes the proof of
Proposition C.27. ]

This concludes the proof of Theorem 5.16.

C.6.2 Proof of Theorem 5.17

Let W € R4*" X € R2X" and Y € R®*" be arbitrary matrices. Denote the full SVD factorization
of each one of these matrices as

W =UWxW (VW)T, X =UXyX (VX)T and YV =UY%Y (VY)T . (58)

Moreover, have V Fpsym(W, X, Y) = USV T € Rhdzdsx(ditdz+da)r \We start with a basic result for
the analytical expression of the Jacobian.

Lemma C.28 (Corollary 4.2 in [1], Lemma 1 in [51]). The Jacobian of Fysym is given by
VFusym(W, X, Y) = (JW JX JY) e Rédzdsx(ditdotds)r
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where
IV = I, @ (X, Y) € Rhdadaxir,
JX = Py (Ig, @ (W, Y)) € RE2dsxder - gng
JY = P3 (14, @k, (W, X)) € RO d2dsxdsr
with P; and ¢ introduced in Definitions C.23 and C.25, respectively.
Consider an arbitrary pair (W, X,Y), (W, X, Z) € R4X" x R%X" x R%X" satisfying
max { || (W, X, Y) = (W*, X5 Y )|, | (W, X, ¥) = (W*, X*,7)

o SNV XY
Using the variational characterization of the operator norm, we have

HVFasym(WX Y)— VFasym(W’X’?)Hop

= s ||[(VEusym(W, X,Y) = Vg (W, X, 7)) vec (4)
Al =1 ’

= sup
(A17A2,A3)6Rd1 XTXRdQXTXRd3XT
||(A17A27A3)I|F:1

‘(JW - JW> vec (A1) + (JX - JX) vec (Az) + (JY - J?) vec (Ag)H2

(4) o
= (A1,A2, AB)GRdlsupde2 TxR43XT ( Hvec ((w(X, Y) B ¢(X, Y)) AlT) HQ
[(A1,A42,A3)|| p=1

+ || Povee ((w(w,v) = w(W, 7)) A7)

+ | Pyvee (w(W. ) — (W, X)) A7) H2>,

where (i) follows from applying Lemma C.28 in tandem with the triangle inequality and from (67).
Leveraging the fact that the operator norm of a permutation matrix is at most one, we derive

HVFaSym(W, X,Y) = VEuym(W, X,Y)

op

< oo (e - en) af,
. H( V) - v $) 4],
o - o 0) 1],
< oY) =07+ [evy) =08, 1) |+ [ew, X) — o7, X)),
=32 (e %) owe e Frene (v 73,
v o i W (0,

+ H (Wg - Wg) Qxr Xo + Wi @K (Xf o XZ) Hz)
< (W 10 0 [ 5 ) (= 7 = 5 =7,
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Va1 0755 ) o xon - 07 57,

(idi) S

< 4\/§H(W*ﬂX*7Y*)HF H(W7X7Y) - (W,X,Y)HF,
where (i) follows from the fact that ||v @k w||, = [|v|| |w||, for any vectors v and w together with
Cauchy-Schwarz and (i7) uses that (Ja| + [b] + [e])* < 3 (|af* + [b]* + |¢|”) for a,b,¢ € R, and (iii)
holds since by assumption max {||(W, X,Y) — (W*, X*,Y*)| ., | (W, X,¥) — (W*, X*,¥*) F} <
|(W*, X*,Y*) |, which implies max {|(W, X, )|z, | (W, X, V)| _} < 20[(W*, X*,Y*)| 5 by the
reverse triangle inequality.

We now proceed to prove Assumption 8 for this map. Let T* € R4*%%d he an arbitrary

tensor and let W* € R®*" X* € xR%®*" and Y* € R%*" be any full-rank matrices such that
T* = Fasym(W*, X*,Y™).

Proposition C.29 (Constant Rank of Asymmetric Canonical Polyadic Map). For any full rank
matrices W € RO X € R2X" gnd Y € RBX" | we have

rank (VFusym (W, X, Y)) = (di + d2 + d3 — 2)r.

Equipped with this constant rank result, we invoke Lemma C.1 to establish that the map Figym
satisfies Assumption 8 with the quantities

5 — vF‘ausm W*,X*,Z*
cpr = mind R, S (ditdatds 2r (VFasym )), IV, X5 Y)ps,  0(p) =2
8V3|[(W*, X*, Y| C
1
and §= §U(d1+d2+d3—2)r (VFasym(W*a X7, Y*))

for some positive constants R and C that depend only on the solution (W*, X*, Y*) and with
J = rank(VFqum(W*, X*,Y*)) = (di + d2 + d3 — 2)r. This establishes the result, if we prove
Proposition C.29.

Proof of Proposition C.29. The proof structure involves three steps. For the first step, we will
construct two sets H and H¢ of vectors with cardinalities (dy + ds + ds — 2)r and dideds — (dy +ds +
ds — 2)r, respectively, such that H U H¢ forms a basis for R%%293_ For the second step, we will show

that the set H¢ C null (VFaSym(VV, X, Y)VFuym(W, X, Y)T). This establishes an upper bound of

(dy + d3 + d3 — 2)r on rank (VF,ym(W, X,Y)). For the final step, we will prove that the set H
remains linearly independent after applying V Fagym (W, X, Y)V Fagym (W, X, Y)T. This establishes a
lower bound of (di + ds + d3 — 2)r on rank (V Fysym (W, X,Y")), finishing the proof.

To start, we introduce some notation. Define the index sets

Iy := {(l7l7l) | le [7“]},
L ={(l,Lk) |l €r], kel[ds], | #k},
L ={(l,k)|le]r], ke[da, | #k}, and
Is :={(k,l,))|L€]r], keldi], | #k}.
In what follows, we use M and N as placeholders for W, X, or Y. Further, dj; and dy denote the

number of rows of M and N, respectively. Define the sets

7;]&/[’]\[ ={(i,7) € [dy] x [dn] |i>7ror j>7ror i#j}, and

7511\1/[,]\7 — (Téfflvth)C ={(i,7) € l[dy] x [dn] | i = j and i < 7}

O

The sets in (59) form a partition of I := {(i,,k) | (1,5) € To¥"X or (j, k) € Tox¥ or (i,k) € TV}

(59)

(60)
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Probing sets. For M € {W, X,Y}, define
=1y N T
TM = UM (SM) (VM) (61)

VM o0
0 I

UM and (VM)T are the left and right eigenvectors of M, and o;’s are its singular values. We
construct H := {1}V @k, T} @k, T} | (i, 4, k) € I} and H® := {T}V @k, T} @x: TY | (i,5,k) €
[d1] x [d2] x [ds] \ I}. These sets are linearly independent since they correspond to column vectors
of the matrix

[ SN, o= s\ T ~oN—1 s\ T
W (ZW) (VW) Qe UX (EX> (VX) e UY (ZY) (VY) € Rd1d2dsxdidads
which again is invertible by (69). A relevant property about these vectors is

(M, TM) = Ly, (62)

where XM = diag (a{”,...,af/[,l,...l) e Rimxdu apnd VM = ( ) € Rdrxdm | where

Upper bound. We use the following lemma; whose proof is deferred to Appendix D.5.
Lemma C.30. Let (W, X,Y) € RUXT x R2X" x RBX" be full-rank matrices. Then,

VFasym(VVa X7 Y)VFasym(W7 X7 Y)T (Tzw QKr TJX QKr le/)
Y X w
= Lggpers (W@ X @0 T ) & L peqr (Wi 1 1% G i) + 1 ey (17 810 X @10 Vi)
By Lemma C.30, it is easy to see that V Fygym (W, X, Y)V Fygom (W, X, Y)T (TlW Ky T].X Ky Tg)
is zero when TZ-W RKr TjX RKr le/ € H¢. Therefore,
span (H®) € mll (V Fagym(W, X, Y)V Fagy (W, X, ¥)T) .

Since H€ is linearly independant, and since #H¢ = dydads—(d1+da+d3—2)r, then dim (span (H€)) =
dydads — (dy + dg + d3 — 2)r. Therefore,

didads — (di + dy + dg — 2)r < dim (nll (V Pagyn (W, X, Y)V Fagym (W, X, Y) ) ).
Then, the rank-nullity theorem yields
rank (V Fpsyum (W, X, V) = rank (V Fasym(W, X, V)V Faum(W, X, ¥) ) < (d1 + do + d3 — 2)r.

Lower bound. We will show that the elements in H remain linearly indepent after applying
V Fasym(W, X, Y)V Fagym (W, X, Y) T, which shows that rank (VFasym(W, X,Y)V Faym(W, X, Y)T) >
(di + da + ds — 2)r. By Lemma C.30, we have that elements of such a set are given by

Y Facym (W, X, Y)V Fagym (W, X, V)T (T} @1, T @1 1Y)

Wi @kr Xi @ T + Wi @k T @xc Vi + 1)V @10 Xy @10 Vi, i (3,5, k) € o,
W; @kr Xi @xr TY if (4,4, k) € I,

= (Wi ®x: T @xr Vi, if (z,, k) € I,
TV @xr Xj ke Y, if (1,4,k) € I,
0 otherwise.

Recall that T}V ®k; T]-X @x: TY € H if (i,j,k) € I = IpU I; U Iy U I3. To show that these vectors
are linearly independent, we will show that any linear combination of them that equates to zero has
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to have zero coefficients. Thus, suppose that we have vectors of coefficients «, 3,7, d such that the
following linear combination is equal to zero

T
L7 =% "q (VVl Rk X; @ T} + Wi @i TS @1 Vi + T Ok Xi @kir Yl)
=1

+ Z Bk (Wz ®kr X ®Kr le/)
le[r], kelds]\ {1}

+ > Vi, (VVl ke Ti¥ Ok Yl)
l€[r], ke[d2]\{1}
+ Z 01k (T]XV Qxr X1 QK Yl) =0.
le[r], keldi\ {1}

For the rest of the proof, we focus on showing that the coefficients oy, 8 1, vk, 01, € R are all
zero. To this end, we probe the equality above with several linear maps, which allows us to derive
conclusions for specific coefficients. In particular, for fixed i € [r], j € [d3] \ {¢}, we apply the linear
transformation Iy, ®x; 17X Qxr TjY on both sides of the equality, which yields

0= (Id1 Sk T @k T]-Y) L
. T
3

2 3o (0 10) (1) (X ) (B 1)) + (1 16) (v 1)) W

+ > Bik <<Xl7TiX> <T13/7ij>) Wi

lelr], kelds]\{1}

+ Y we (T ) (T ) W (64)
telr], kelda\ {1}
+ Z 0.k <<X17Tix> <YlaT]Y>> TV
le[r], ke[di]\{1}
D0 T YW+ 0T T WL,

+< > /Bi,k:lefaTjY> Wi +< > Vj,szf(,TiX> Wilj<r,
kelds]\{i} kelda]\{5}

where (7) follows from (69) and (i7) use the choice of indices together with (62). Since W has
full column rank, the vectors {Wj, | k € [r]} are linearly independent. Thus, (64) implies that the

coefficient associated with the vector W; is zero. Consequently, <a,-TiY + D kelds]\{i} BixTY, T]Y> =0,
which can be rewritten equivalently as

Y i Y i T
(MY 1Y) =0 where W™= (Bit,. oo, Biio1, 0, Biivt, - Biay) |

Since this holds for all j € [d3] \ {i}, then TY w®? is orthogonal to all columns of TV except the
i-th column. The vector Y; is also orthogonal to all these TjY due to (62). Thus, 7Y w®?* and Y;
are orthogonal to the same d3 — 1 dimensional subspace, consequently colinear. Hence, for any
i € [r], there exists ¢®#% € R\ {0} such that TY w*#¢ = %5 and, consequently,

. , ~1 v SN2 [\ T
By an equivalent argument, for any i € [r], there exist ¢, ¢*%¢ € R such that

WO — i X (iX)Q (f/lX)T , and w0t = Oy W (f]W)Q (‘ZJW)T . (65)
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If we prove these vectors are zero, then the original coefficients in (63) would also be zero. Equipped
with this closed-form expression for the coefficients, we derive

=3 (Wl Qkr X1 QKr (OészY + > ﬂz,kTE))

=1 kelds)\{l}

=1 ke[d2]\{1}

+> (Wl QKr (aszX + ) ’Yl,kaX) ®Kr Yz)
+> ( (aleW + ) 5l,kT]ZV) ®kr X1 Qkr Yl)
=1

ke[di]\{1}

,
> (Wi @ Xi @1 T 0™ ) 4 (W @ T¥w M @3 V1) + (T 0 @1 X, @1 Vi)
=1
T
_ Z (ca,ﬁ,l + ol 4 ca,&,l) (W) @xx Xi Ok Vi) (66)
=1
where the first equality follows from distributing the sum over [ and rearranging, the second equality
rewrites alTlY + Zke[dﬂ\ w ﬁl,kT,{ as TY w®P1 and the third equality follows from the definition of
Bl @l and ¢®% and the multilinearity of the Kronecker product.
Since the vectors {W; @k, X; @k, Y7 | I € [r]} are linearly independent, we conclude that
Pl 4 ol 4 ¢l = ( for all I. Let’s show that each term is also zero. Using (65), we can extract
the {th component from w®?! w* "l and w®d!

o = Y () () = e B (SY)7 (V) = et (S)° (V)

Observe that all the quadratic forms in these equalities are strictly positive because XV, X and
Y are positive definite matrices. Thus %!, ¢®7%! and ¢®%! have the same sign, which in turn
implies that ¢! 4+ ¢l 4 ¢! = 0 if, and only if, ¢! = ¢ "l = ¢! = (. Thus, by (65), that
w Pl = el = w®9 = 0 and, consequently all the coefficients in (63) are also zero. Hence, the
vectors {V Fasym(W, X, Y) TV Fasym(W, X,Y)v | v € H} are linearly independent; this finishes the
proof of Proposition C.29. O

via

This concludes the proof of Theorem 5.17.

D Auxiliary proofs and results

In this section, we summarize some auxiliary results that we use throughout the paper.

Lemma D.1 (Properties of the Kronecker Product). [[89]] Let A, B,C, D be matrices (or vectors)
of compatible dimensions. Then, the Kronecker product satisfies the following properties.

1. Multiplication from the right and left can be succinctly written as

vec (ABC) = (C’T ®Kr A) vec (B). (67)

2. The transpose commutes with the Kronecker product

(A OKr B)T = AT ®Kr BT- (68)

3. The matriz product commutes with the Kronecker product

(AB) ®k: (CD) = (A ®x:x C)(B @xr D). (69)
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4. Trivially, if x € R™ and y € R™, the vectorized outer product is equal to the Kronecker product
Y
Y QKr T = Vec (xy ) . (70)

Lemma D.2. Let U € R¥™9 be an orthogonal matriz. Then for any I C J C [d] and vector v € R?
we have

HUIUITUH2 =< HUJUJTUHQ'
Proof. We have
HUJU}sz - <v, UJU}v> - <v, UJ\IUJT\IU> + <v, U]UITU> > HUIUM z

where the first equality follows since orthogonal projections are symmetric and idempotent. O

Lemma D.3 (Lemma 2.5 in [21]). Suppose U = [Up, U] and V = [Viy, V1] are square orthonormal

matrices, where Uy, Vo € R¥*F. Let 0y,...,0; denote the principal angles between span(Up) and
span(Vy), and denote ©(Uy, V) = diag (01,...,0r). Then
|vd | = lisin © (U0, Vo) |- (71)

Lemma D.4 (Lemma 2.6 in [21]). Let U,V € R™* (k < d) have orthonormal columns. Write the
principal angles between span(U) and span(V') as 61, ...,0k and denote ©O(U, V') = diag (01, ..., 60k).
Then,

U-VQl|,< o,V
Zin, I Qllr < V2|sinOU,V)||5.

D.1 Proof of Lemma C.8
Eigenpairs. For any pair of indexes (i,7) with i < j, label Z = UiXUjXT + UJ-XUZ-XT. Then,
¥ Fayn(X)V Fayua(X) T[2] = 29 Faym(X) [2X]
=2ZXX" +2XX"Z

=2<ZZJ£<X> UXUX " + Z X) U XTZ)
k=1
:2(03(X) (UZ-XUjXTqLUjXUZ-X )—|—o'j (X) <UiXUjXT+UjXUiXT)>

=2(0? (X) + 03 (X)) Z,
where the first two lines follow from (43) and the last two lines follow by definition of Z.

Orthonormal basis. Recall that the image of VF is 8%, thus the number of eigenvectors above
matches the number of dimensions of S?. It suffices to prove that they are orthogonal. Let U/ be a
placeholder for

Ul = vee (U UX +UXUY ).
Let (i,7),(k,£) € [d] x [d] with ¢ < j and k < ¢. We shall show that U}, is nonzero, and if

(i,5) # (k,£) , then (U]}, U} ) = 0. Then,

UL, Upy) = UXUX + U X ok uX T v oo
J J
= trace (UiX U)X TuXuX T) + trace (UiX UX ey T)
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+ trace (UJ‘XUZ-XTUgXU,g(T) + trace (Uj{UZXTU;fUéXT)
= 2(UX, U ) (U, U + 2 (U, U ) (U, U

First if (i,j) = (k,¢), then ]

!
Ui,

2 2, i#j
‘ et 73 . # 0 and so Uj; is nonzero. Second, if
2 4, otherwise 7

(1,7) # (k, ), then either i # k or j # £. Without loss of generality, assume that i # k; thus, the
first term in the last expression is zero. Seeking contradiction, assume that the second term is
nonzero. Since {UZX } forms an orthonormal basis, we derive that i = ¢ > k = j and by assumption
1 < j, therefore, i = j = k = £, which is a contradiction. This completes the proof of the lemma.

D.2 Proof of Lemma C.16
Recall that we denote by r* the ranks of X* and Y*. One has
HXX XX ‘F < H(X S XX 4 X (X - X*)TH

F
< fJox - 1T+ et - x0T
< 2 max {01 (X*), 01 (X)} |X — X7,

(#9) * * *
< 2(0n(X7) +[|X = X[ p) [|[X = X[

(i<U) min {02 (X*),0% (Y*)}  min {0 (X*), 0%

: Oy x
8v/2 8v/201(X*) S

(2) min {02 (X*), 02 (Y*)}

= 4\@ ’

where (i) follows from the triangle inequality, (i7) follows from the variational characterization of sin-
min{af* (X*),Uf* (Y*)}
16201 (X *)

gular values, (iii) follows from Weyl’s inequality, (iv) holds since || X — X*|| 5 <
min{of* (X™*) af* (Y*)}
16v201(X*)

and (v) holds since < 01(X™*). A similar argument yields

Ts*

42
\F+HYY —yry*T

HYY _ Y*Y*T min {GE* (X*)v ap (Y*)} )

| <
F

min{af* (X*),02, (Y*)}
2V2 ’

Adding both bounds, we conclude that HX X — X*x*T

| <
F

D.3 Proof of Lemma C.15
Eigenpairs. Let i,j € [d1] X [d2] with corresponding eigenpairs ((712 (X) ,Uix) and (sz- (Y), U]Y)
for respectively XX T and YYT. Let M be a placeholder for UXuU jYT. We have
VFE(X,Y)VF(X,Y)TM=MYYT +XXTM
=2 (V) (XU} ) + o2 (x) (U0 )
= (0?7 (X) + 0} (V) M,

where the first equality follows from (48) and the second equality is due to the orthonormality of
the eigenvectors of both XX " and YY T.
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Orthonormal basis.  Let (i,7), (k,¢) € [di] x [d2]. We will show that if (i,j) = (k,¢), then
<UZ.XU]YT, U,ngg/T> £ 0 and that if (i, j) # (k, 1), then <U5<U}’T, U,fUZYT> — 0.

Case 1. (i, j) = (k,1). Then (UXUY ", UXUY ") = w(UXUY "0y UX ") = (UX,0X) (UY,0) ) =
1#0.

Case 2.(i,j) # (k.1). Then (UXUY ", UXUF ") = (U, 02) (UY 0¥ ) = 0.

D.4 Proof of Lemma C.26

Fix X,D € R¥" arbitrary. For the action of the Jacobian, expanding the denominator in
V Fyym (X) vec (D) = limy Fsym(XHI;)_Fsym(X) leads to
T
V Fyym(X) vec (D) =Y (Dg @k Xi @ur Xo + Xy @z Dy Okr Xo + Xg Qe Xo Qe Dy) . (72)
/=1

A straight computation shows that the permutation matrices P» and P53 from Definition C.23 satisfy
Py(a ®@kr b @k b) = b®k: b ®xk; a and Ps(a @y b @Ky b) = b @y a ®k; b for arbitary vectors a, b, so
that VEgym(X)vec (D) can be written as > j_; (I + P3 + P») (D ®xr X¢ Qkr Xo) -

For the action of the adjoint, recall that by definition, we have

<VFsym(X)T(a ®Kr b @Kk ), vec (D)> = (VFEym(X) vec (D), a @y b Qk; ¢) .
Using (72), we have
<VFsym (X) vec (D) @ ®Kr b RKr C>

= < Z (Xf QKr XZ QKr Dé + XE QKr DZ QKr XE + Dé QKr XZ QKr X() , & QKr b Qxr C>
Le(r)

= > Y (XuXjDpe + XieDje Xy + DigXjeXe) aibjcy,
i,9,k€[d]® Le(r]
= Z Z (Xingnggaibjck + Xingnggaibjck + Dingnggaibjck).
szzke[d]s ée[r]
Next, we derive an expression for the first term of the above equation. Changing the order of
summation, we have

Z Z XMngDkgaibjCk = Z Dy (Ck Z XiZXjZaibj) .

i,9,k€[d]® L€[r] keld) Le(r] i,j€[d]?
The matrix M with components My = ¢, Zi,je[d}r" X jea;b; can be compactly written as M =
cla” @k bT)[ X1 Qe X1 -+ X, ®xr X |. Therefore,

.
Z ZXiZXjeDkéaibjck = <D, C(CLT RKr bT)[Xl RQKr X1 -+ X Qrr Xp ]> .
Z:jzke[d}:; (=1

Similarly, for the two remaining terms

> Y XuDjiXieabjer = <D, bla" @k ) X1 @ X1 -+ Xy Ok Xr]> )
i keld]® e=1
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and

,
> > DuXjiXpeaibjcr = <D,a(bT ke ¢ )[ X1 @kr X1 - Xp Ok Xr]> :
Z:jzke[d}:; (=1
By linearity of the inner product and matrix multiplication, we obtain

<VFsym(X)T(a ®Kr b ®k; €), vec (D)> = <(c(aT RKr bT) + b(aT RKr cT) + a(bT RKr cT)) (X, X), D> .

Since D was arbitrary, one can show component-wise that VFgym(X )T (a ®k: b @K, ¢) matches
(c(aT Qe b)) +b(a’ @xrc’) +alb’ @k, CT)) (X, X). This concludes the proof.

D.5 Proof of Lemma C.30

The proof relies heavily on the following two claims.

Claim D.5. Let u Qg v @y w € R41%24 pe arbitrary. Then,
V Fasym (W, X, V)V Fagymn (W, X, Y) T (1 @Ky 0 @kx w) = u @iy [¥(X,Y) (v @Ky w)]
+ Py (v Qkr [¥(W,Y) (u Qky w)])
+ P3 (w @Ky [¥(W, X) (u @k v)]),

where P; and ¥ are introduced in Definitions C.23 and C.25, respectively.
Proof of Claim D.5. By Lemma C.28, we have

VF(W,X,Y)VE(W,X,Y) =J¥ (JW>T +JX (JX)T +JY (JY)T

= Iy ®ks <Z (XX €xe (YIYZT)>

=1

+ Py (Id2 Okr (Z (W) @k (YZYIT)>> Py

=1
+ P <Id3 QKr (i (WlWlT) QKr (XleT)>) Py,
=1

where the second equality we use the Kronecker property (68) to take the transpose and (69) to
simplify the product. Given a vector u Qg v ®k, w we expand

VEW,X,Y)VEW,X,Y)T (u®k: v @k: w)

= (1 0 (35 (067 e (7)) ) w1

+ P, <Id2 Ok (Z (W) @ (Yﬂfﬁ))) Py (4 g 0 Oy w)
=1

+ Py (Id3 QKr (Zr: (VVZVVZT) Kr (XZXIT)>> PgT(u ®Kr UV QKr W)
=1

g (Idl Ok (Z (X" @ (wﬁ))) (u @kr v Bk W)

=1

+ P (Idz Ok (Z (W) @ (Yﬁfﬁ))) (v @k 1 Bxcr W)

=1

79



+ P (Idg ®Kr (Z (WZWZT) Ok (XleT)>> (w Ok v O v)
=1
(g) U QKr ((Z )(l)(l—r ®Kr Yl}/l—r> (U QKr w)) + P |"U OKr ((Z I/VlVVlT OKr }/lelT> (’LL ®Kr w))]

=1 =1

w Ry ((Z W, @ XX, ) (u @y v))]
=1
=u @k [V(X,Y) (v @kr w)] + P (v Qky [YT(W,Y) (uQkr w)]) + P3 (w Qi [T (W, X) (u Rk, v)]) ,

where (i) follows from the definition of P; and (i) follows from (69). This concludes the proof. [J

+ P3

Claim D.6. The following identity holds
U(M,N) (T @1 TN ) = 1, o (M; @1 N,

Proof of Claim D.6. To establish the claim, we express the operator ¥(M, N) using the SVD of
T
M and N. Since My = Y5y o/ VUM, then 357_; MiM;" =305 1ocrps Okt o Vis i Vit U U
Moreover, by bilinearity of the Kronecker product, we have
T T
MlMlT ®Kr ]\[l]\[lT = Z U%U%O’E10£2 Vk%VkQZ‘Q]l\EWQl (U%U]\g ) ®Kr (Ue]:] g ) y
k1,k2,01,02€[r]*
and so, taking a sum over / yields
T T
VLN = S oM alo o VMMV (UM UM exe (UNUR )

Lk1,k2,61,62€[r]5
We are now ready to establish the action of this operator in a vector of the form TiM QKr TJN .
Recall the definition of TV given in (60). First, assume that max{i,j} > r, without loss of
generality, suppose that i > r. Then, TM = UM and U,;; TM =0 for all ky € [r] and, consequently,
O(M, N)(TM @Kk, TJN) = 0. Second, assuming both 4,7 € [r], we have that T ®x, TjN =

UM (EM)A (Vf—”)T Qxx UN (EN)A (V§V)T. Then
v(M,N) (1 o 7Y

]
= Y ollolal ol ViV (RO UM e (1))
Lk1,k2,l1 ,L2€[r]®

Okr <U51V oY TuN (s (V§v>T) (73)

(@) M _M 1 (yrM N
= Z Ok, Oky Uzl O,y Vlkl Vl Vlzl Vl@ ‘/;,kg (% )~ Vm (022) (Uk1 ®Kr Uel )
Lk1,ko 01 ,b2€][r]®

(49)
=Y oo VRV V Vi Vil Vi, (U e UFY)
k1 ,k2,01,02€[r]5

= aMevittvi (Vi vty (v v (U e UF) (74)
l,k1,1€[r]3

M M N
=1y Y. ooy ViV (Ul ex UL
k17€1€[r}2

= ]]'(i,j)E%AnJ’N (Mz RKr N]) ’

80



T - T
where (i) follows since Ué\gTUM(EM)_I (Vf\/[> = (a%) Vil and UM UN(ZN)_1 (VZN) =

—1
(ag ) VZZ , (i1) follows from the fact that the columns of UM and U form orthonormal bases,

and (#i7) follows from factorizing out the dot product. This finishes the proof of the claim. O
We apply Claim D.5 with u =TV, v = TjX7 and w = T}, to derive

VEaym (W, X, Y)VEW, X, V)T (T 01 T e TY ) = TV @ [0 (X, Y) (¥ 0 )]

+ R T evwy) (1 oY)

+ P 1Y 2w (W, X) (1 o T)Y)].
Using Lemma D.6 in tandem with Definition C.23 of P, and P3 we obtain
VE(W,X,Y)VF(W,X,Y)" (Tiw ke T; @k TK) =1 herwx (Wz QKr Xj Ky le/)
 Lgeruy (Mo TY @ i)

L pery (T 81 X 10 )
This completes the argument.
D.6 Alignment lemmas

Lemma D.7. Let X,X* € ROX" qnd Y, Y* € Rdw with rank (X*) = rank (Y*) = r*. Let

kye{r*...r}, ko € {r*...r}, and define Qx = vl kl_HUXU and Qy =) ;2 szU)U} T.
Under the assumption that VX" =VY" if
1
T * vk T e al . 2 * 2 *
- - < — * *
HXX XX ’ —|—HY¥ Y*Y ’ 2\&mm{ S (X)), 05 (Y )},
one has
1 2
*y x| T *v x|
<
HQXX Y QYHF S in {02 (X7, 0% (V)] H(I— Ox)XY '(I - Qy)—X*Y ‘F

Moreover, if k1 = ko and VX = VY, one has

S I p—

min {o2 (X*),0% (Y*)}

HXYT —x*y*T ‘2 .
F

Proof. We will denote E := (I — Qx)XY (I — Qy) — X*Y*'. We can decompose the error F as
E=(I-9x)E(I-Qy)+QxE(I—Qy)+ (I - Qx)EQy + QxEQy.

Observe that all the terms in this sum are pairwise orthogonal in the Frobenius inner product.
Therefore,

IE|% = (I - Qx)E(I — Qy)||% + |OxE(I — Qy)||% + (I — Ox)EQy % + | Ox EQy | -
> |QxE(I - Qy)|7 + (I — Qx)EQy |7
2 Jover - gt - 00y Tar:

T

Qx (X*VX*){L...,T*} ((Y*VY*>{1,...,T*}) (7= Qy)

(i2)

F
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T
* X*
+ H(I — Qx) (X Vv {1’ ,7’*} < {17“.’7-*}) QY

F
> o2, ((1 Oy )(Y 1% {17 . )HQ X 1% ){1,...,r*} i
2 X* Y* 2
* *
vat (-0 (xve) ) HQY (v ) ool
(g) }mln {0_2* (X*) * Y* HQX X*VX*) HQY Y*VY*) 2
- 2 r " Ir {Lr | p 1}

)
> min {ag* (X*), 0% (Y*)} HQXX*Y*TQYHF

where (i) follows from Qx(I — Qx) = 0 and Qy (I — Qy) = 0; (i) follows from VX" = VY~
and r* = r*; (iit) follows from the variational characterization of singular values; (iv) follows
from Corollary D.9 and (v) follows from Young’s inequality in conjunction with the Cauchy—

Schwarz inequality. Moreover, if VX = VY and k; = ko, then the same argument holds for
E:=XYT — X*Y*T since equality (i) holds. This concludes the proof. O

Lemma D.8 (Lemma 33 in [106]). Let X* € R of rank r* and let X € R, Assume that

|XXT = xx+T|| < Shmo? (X7). Let Qx = S0, UXUX " with ky > r*. Then

A (XTI = Qx)X*) > 0 (X7 X7)

Proof. We will use as placeholders oy := A« (X*T(I - Qx)X*) and ag 1= A\ (X*T QXX*) Our

ot ; L XXX T 1 1
argument follows by contradiction, we will prove that a; < ag implies 7. (X% E > 75> 55

which contradicts the hypothesis of the lemma. We bound

2
2 - QXX - Qx) — (1 - @)X X (1 - oy

HXXT o X*X*T

. (75)

2T - 20X x*T x|
2
+[exxxTox — oxxx*Tox

@) T * vx 2
> (1 - @)X XTI - 0x) = (I - Qx)X*X* (1 - Qx|

]l QxXXTox — Qxx* X TOx|} +20% (I~ Qx)X*) 0F (Qx X?)
(76)

(ié‘i) 2

(1= Qx)XXT(I = Qx) = (I = Qx)X*X* (I - Q)|

t]loxXxTox — 0xx* X T Ox|] + 2010 (77)

where (i) follows by expanding the square and using orthogonality and (ii) follows from the
variational characterization of singular values, and (7i4) holds since o2 (PX*) = )y (X *TPTpX *) =
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Ak (X*TPX*> for any k € {1...7*} and any orthogonal projection matrix P € R¥>*%_ We claim
T * yx | 2 T * k| 2
1= Q)X XT(1— Qx) = (I = Qx)X*X* (I = Qy)|} + || Qx X X TQx — QxX*X* Qx|
> min —o)?+ —a)?t, 78
= B1.B2€R 411252 {5 =)+ (3 — ) (78)
let us defer the proof of this inequality until after we establish the result. Given (78), if oy < awo,

then the optimal solution of the lower bound occurs at 51 = (B = O‘1+°‘2 , 80 the minimum value
becomes 1 (a1 — az)?. Substituting this into (75) gives

2 1 1
HXXT — )(*)(*—r ‘F > 5(0&1 — 042)2 + 200109 = 5(0&1 +052) > * (X*),

NJM—~

where we used Weyl’s inequality in the last step to bound

o+ 0 > A (X1 = Q) X* 4+ X" TQxX*) = A (X1 XY) = 02 (X7).

Taking the square roots on both side implies HX XT — x*x*T
radius hypothesis. We turn to proving (78), we have that

’ > \% 7+ (X™), a contradicts the
(7= @)X XT(T— Q1) ~ (1 - @)X x* (1 - Q)| +]|exXXTax ~ exx*x* oy

i

>

—~
=

1 (1 - Q)X X (1 — Q) + |52 — @xx*x* oy

min
S51%70,S82>=0|0,.x (S1)>01(S2)

(
(B1 — a1)® + (B2 — a2)?,

)
BN
=

min
B1,82€R 1 [B1>B2
where (i) is due to o, (I = Qx)XX (I = Qx)) > o1 (QxX X Qx) and (ii) follows from the
Hoffman-Wielandt Theorem [7, Problem III.6.15]. This concludes the proof. O]

Corollary D.9. Let X* € R¥™" of rank r*. If HXXT — X*X*T o2, (X*), we have that

‘ = 2\/5
A (X*TX%) < 20 (X*T(I — Qx)X* ) .

Proof. One has

A (X7 = A (X7 = Q) X" + X*T Q1 Ox X)

—
INS
=

A (XTI = @) X*) + 0 (X X¥)
o (x*T(1 - 0x)x*),

where (7) follows from Weyl’s inequality and (i7) follows from Lemma D.8. O

E Computing the preconditioner
In this section, we elaborate on how to compute the preconditioners
-1
(VE@)TVF@) + ) g

given a fixed g € R?. For this task, we use the conjugate gradients method (CG), which converges
linearly at a rate that depends on the condition number of the matrix P(z, \) = VF(z) " VF(z)+ .
We have found empirically that executing around ten iterations of CG suffices to obtain fast
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convergence of LMM. The main subroutine necessary for CG is the matrix-vector product y —
P(x,\)y; in what follows, we study the complexity of this subroutine in the examples we studied.

E.1 Square-variable map
For the component-wise square, we have that m = d, and that VF(x) = 2diag (). Thus, we have
that the quantity P(z, \)y = 4 ® z ® y + Ay which can be computed with O(d) flops.
E.2 Burer-Monteiro factorization
For Burer-Monteiro map, given inputs X € R%" we have
P(X, N)[X] = vee (XXTX + XXTX +2X)  for X e R

The computation follows from (43). This action can be computed with O(dr?) flops.

E.3 Asymmetric matrix factorization
For the asymmetric matrix factorization map, given inputs X € R*" and Y € R%*" we have
<XYTY + XYY

X
PG, ) l] T \YXTX £ PXTX

v ) for X e R"*" and Y € R2*T,

where the computation follows from (48). This action can be computed with O ((d; + d2)r?) flops.

E.4 Symmetric CP factorization
For the symmetric canonical polyadic map, given an input X € R%*" we have
P(X,)[X]=3X (XX 0 X X)+6X (XX 0 X X)+AX  for X e R
This computation follows from Lemma C.26. As with the matrix case, this action can be computed
with O(dr?) flops.
E.5 CP factorization

For the canonical polyadic map, given inputs W € R4*", X € R2*" Y € R%*" we have

W W(XTXoYTY)+W(XTXoVTY + XTXoVTY) 4+ AW
P(W,X,Y)N) [ X | = [ X(WTWoYTY)+ X (WTWey Ty + WIWoVTy)+ X
Y Y(WwWoeoXxTX)+Y (WTWoXTX+WWweXTX)+A7

for W e R4*7 X € R2*" Y € R®*". This computation follows from Lemma C.28. Once more,
this action can be computed with O((dy + da + d3)r?) flops.

84



	Introduction
	Preliminaries
	Algorithm and assumptions
	Algorithmic description
	Regularity of the parameterization
	Regularity for nonsmooth outer functions
	Regularity for smooth outer functions

	General convergence guarantees
	Guarantees for nonsmooth losses
	Guarantees for smooth losses
	Guarantees under local regularity

	Consequences for statistical recovery problems
	Squared-variable formulations
	Matrix recovery problems
	Tensor factorization

	Numerical experiments
	Missing proofs from Section 3
	Missing proofs from Section 4
	Missing proofs from Section 5
	Auxiliary proofs and results
	Computing the preconditioner

