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Abstract

We consider a deep matrix factorization model
of covariance matrices trained with the Bures-
Wasserstein distance. While recent works have
made advances in the study of the optimization
problem for overparametrized low-rank matrix
approximation, much emphasis has been placed
on discriminative settings and the square loss. In
contrast, our model considers another type of loss
and connects with the generative setting. We char-
acterize the critical points and minimizers of the
Bures-Wasserstein distance over the space of rank-
bounded matrices. The Hessian of this loss at low-
rank matrices can theoretically blow up, which
creates challenges to analyze convergence of gra-
dient optimization methods. We establish conver-
gence results for gradient flow using a smooth
perturbative version of the loss as well as conver-
gence results for finite step size gradient descent
under certain assumptions on the initial weights.

1. Introduction

We investigate generative deep linear networks and their
optimization using the Bures-Wasserstein distance. More
precisely, we consider the problem of approximating a target
Gaussian distribution with a deep linear neural network gen-
erator of Gaussian distributions by minimizing the Bures-
Wasserstein distance. This problem is of interest in two
ways. First, it pertains to the optimization of deep linear
networks for a type of loss that is qualitatively different
from the well-studied and very particular squared error loss.
Second, it can be regarded as a simplified but instructive in-
stance of the parameter optimization problem in generative
networks, specifically Wasserstein generative adversarial
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networks, which are currently not as well understood as
discriminative models.

The optimization landscapes and the properties of parameter
optimization procedures for neural networks are among the
most puzzling and actively studied topics in theoretical deep
learning (see, e.g. Mei et al., 2018; Liu et al., 2022). Deep
linear networks, i.e. neural networks having the identity
as activation function, serve as simplified models for such
investigations (Baldi & Hornik, 1989; Kawaguchi, 2016;
Trager et al., 2020; Kohn et al., 2022; Bah et al., 2021).
The study of linear networks has guided the development
of several useful notions and intuitions in the theoretical
analysis of neural networks, from the absence of bad local
minima to the role of parametrization and overparametriza-
tion in gradient optimization (Arora et al., 2018; 2019a;b).
Many previous works have focused on discriminative or
autoregressive settings and have emphasized the squared
error loss. Although this loss is indeed a popular choice in
regression tasks, it interacts in a very special way with the
particular geometry of linear networks (Trager et al., 2020).
The behavior of linear networks optimized with different
losses has also been considered in several works (Laurent &
Brecht, 2018; Lu & Kawaguchi, 2017; Trager et al., 2020)
but is less well understood.

The Bures-Wasserstein distance was introduced by Bures
(1969) to study Hermitian operators in quantum informa-
tion, particularly density matrices. It induces a metric on the
space of positive semi-definite matrices, and corresponds to
the 2-Wasserstein distance between two centered Gaussian
distributions (Bhatia et al., 2019). Wasserstein distances
have several useful properties, e.g. they remain well defined
between disjointly supported measures and have duality
formulations (Villani, 2003) that allow for practical imple-
mentations. This makes them good candidates and indeed
popular choices for learning generative models, with a well-
known case being the Wasserstein Generative Adversarial
Networks (WGANS) (Arjovsky et al., 2017). While the 1-
Wasserstein distance has been most commonly used in this
context, the Bures-Wasserstein distance has also attracted in-
terest, e.g. in the works of Muzellec & Cuturi (2018); Chewi
et al. (2020); Mallasto et al. (2022), and has also appeared
in the context of linear quadratic Wasserstein generative
adversarial networks (Feizi et al., 2020).
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Notably, De Meulemeester et al. (2021) observed exper-
imentally that the Bures-Wasserstein metric reduces the
infamous problem of mode collapse in GANs. In particu-
lar, the authors reported improvements in mode coverage
and generation quality by adding the Bures metric to the
objective function of a GAN. Our work casts light on the
theoretical properties of Bures-Wasserstein metric as a loss
function to train deep linear generative neural networks, by
studying a specific 2-Wasserstein GAN model.

A 2-Wasserstein GAN is a minimum 2-Wasserstein distance
estimator expressed in Kantorovich duality (see details in
Appendix B). This model can serve as a platform to develop
the theory particularly when the inner problem can be solved
in closed-form. Such a formula is available when comparing
pairs of Gaussian distributions, in particular centered Gaus-
sians, which corresponds precisely to the Bures-Wasserstein
distance between the corresponding covariance matrices.
Strikingly, even in this simple case, the properties of the cor-
responding optimization problem are not well understood;
we aim to address this in the present work.

1.1. Contributions

We establish a series of results on the optimization of deep
linear networks trained with the Bures-Wasserstein loss:

* We obtain an analogue of the Eckart-Young-Mirsky theo-
rem characterizing the critical points and minimizers of
the Bures-Wasserstein distance over matrices of a given
rank (Theorem 4.2).

e To circumvent the non-smooth behaviour of the Bures-
Wasserstein loss when the matrices drop rank, we in-
troduce a smooth perturbative version (Definition 6 and
Lemma 3.3), and characterize its critical points and min-
imizers over rank-constrained matrices (Theorem 4.5).
Under some conditions on the function realization, we
connect them to critical points on the parameter space
(Proposition 4.6).

* For the Bures-Wasserstein loss and its smooth version,
in Theorem 5.5 and Remark 5.6, we show exponential
convergence of the gradient flow assuming balanced initial
weights (Definition 2.1) and a modified margin deficiency
condition (Definition 5.2).

¢ For the Bures-Wasserstein loss and its smooth version, in
Theorem 5.7, we show convergence of gradient descent
provided the step size is small enough and the initial
weights are balanced.

1.2. Related works

Low rank matrix approximation The function space of
a linear network corresponds to n X m matrices of rank at

most d, the smallest width of the network. Hence optimiza-
tion in the function space is closely related to the problem
of approximating a given data matrix by a low-rank matrix.
When the approximation error is measured in Frobenius
norm, Eckart & Young (1936) characterized the optimal
bounded-rank approximation of a given matrix in terms of
its singular value decomposition. Mirsky (1960) obtained
the same characterization for the more general case of uni-
tary invariant matrix norms, which include the Euclidean
operator norm and the Schatten-p norms. There are further
generalizations to certain weighted norms (Ruben & Zamir,
1979; Dutta & Li, 2017). However, for general norms the
problem is known to be difficult (Song et al., 2017; Gillis &
Vavasis, 2018; Gillis & Shitov, 2019).

Loss landscape of deep linear networks For the squared
error loss, the optimization landscape of linear networks
has been studied in numerous works. The pioneering work
of Baldi & Hornik (1989) focused on the two-layer case,
and showed that there is a single minimum (up to a trivial
parametrization symmetry) and all other critical points are
saddle points. Kawaguchi (2016) obtained corresponding
results for deep linear networks and showed the existence
of bad saddles (with no negative Hessian eigenvalues) in
parameter space for networks with more than three layers.
Lu & Kawaguchi (2017) showed that if the loss is such that
any local minimizer in parameter space can be perturbed
to an equally good minimizer with full-rank factor matri-
ces, then all local minimizers in parameter space are local
minimizers in function space. Chulhee et al. (2018) found
sets of parameters in which any critical point is a global
minimizer, and any outside critical point is a saddle point.
We also mention other works that study critical points for
different types of neural network architectures, such as deep
linear residual networks (Hardt & Ma, 2017) and deep linear
convolutional networks (Kohn et al., 2022; 2023).

There are also several results for different losses. Laurent
& Brecht (2018) showed that for deep linear nets with no
bottlenecks all local minima are global for arbitrary convex
differentiable losses. Trager et al. (2020) found that for
linear networks with arbitrarily rank-constrained function
space, the squared error loss is special in the sense that
it ensures the non-existence of non-global local minima.
However, for arbitrary convex losses, non-global local mini-
mizers, when they exist, are always pure, meaning that they
correspond to local minimizers in function space.

Optimization dynamics of deep linear networks Saxe
et al. (2014) studied the learning dynamics of deep linear
networks under different types of initial conditions. Arora
et al. (2019b) obtained a closed-form expression for the
parametrization along time in a deep linear network for the
squared error loss. Notably, the authors found that solutions
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with a lower rank are preferred as the depth of the network
increases. Arora et al. (2018) derived several invariances of
the flow and compared the dynamics in parameter and func-
tion spaces. For the squared error loss, Arora et al. (2019a)
proved linear convergence of gradient descent for linear net-
works without bottlenecks, with weights initialized to fulfill
two assumptions — approximate balancedness and so that
the end-to-end matrix is close in some sense to the solution.
We frame our discussion by similar assumptions. Under
the balancedness assumption for the initial weights, Bah
et al. (2021) showed that for deep linear neural networks,
the gradient flow of the squared error loss can be cast as a
Riemannian gradient flow in the function space, and as such
converges to a critical point which is a global minimizer on
the manifold of fixed rank matrices of a given rank. More
recently, Nguegnang et al. (2021) extended this convergence
analysis to the (full-batch) gradient descent algorithm.

As a last note, a detailed analysis of the dynamics in the
case of shallow linear networks with the squared error loss
was conducted by Tarmoun et al. (2021); Min et al. (2021).
The authors use symmetric and asymmetric factorization of
a shallow linear network to study its convergence dynamics.
The role of the “imbalancedness” of the weights was also
remarked in those works.

Bures-Wasserstein distance The Bures-Wasserstein dis-
tance has been of particular interests due to its geometrical
properties. Chewi et al. (2020) studied the convergence
of gradient descent algorithms for the Bures-Wasserstein
barycenter, proving linear rates of convergence. In contrast
to our work, they considered a Polyak-Lojasiewicz inequal-
ity derived from optimal transport theory to circumvent the
non geodesic convexity of the barycenter. In the same vein,
Muzellec & Cuturi (2018) exploited optimal transport theory
to optimize the distance between two elliptical distributions.
To avoid rank deficiency, they perturbed the diagonal ele-
ments of the covariance matrix by a small parameter. We
also mention that Feizi et al. (2020) characterized the opti-
mal solution of a 2-Wasserstein GAN with a rank-k linear
generator as the k-PCA solution. We will obtain an anal-
ogous result in our particular parametrization, along with
detailed descriptions of critical points.

1.3. Notations

We adopt the following notations. For any n € N, let [n] :=
{1,2,...,n}. We equip R™ with its usual inner product, and
we denote by O(n) the space of real orthogonal matrices of
size n. Let S(n) be the space of real symmetric matrices of
size n. We denote S (n) (resp. S+ (n)) the space of real
symmetric positive semi-definite (resp. definite) matrices of
size n. We use M (k;n, m) (resp. M(< k;n, m)) to denote
the set of matrices of size n x m with rank exactly k (resp.
at most k). If not specified, the size of the matrix is n x m.

The scalar product between two matrices A, B € R™*"
is (A, B) = tr AT B, and the associated Frobenius norm
is ||-||%. The identity matrix of size n will be written as
I,,, or I when n is clear. For a (Fréchet) differentiable
function f: X — Y, we denote its differential at z € X
in the direction v by d f(x)[v]. Finally, Crit(f) is the set
of critical points of f, i.e. the set of points at which the
differential of f is 0.

2. Linear networks and their gradient
dynamics

We consider a linear network with d inputs and NV layers
of widths dy, . .., dy, which is a model of linear functions
of the form

(E'—)WN”-WL’E,

parametrized by the weight matrices W; € R%*%i-1_ for
all j € [N]. We will denote the tuple of weight matrices
by V_V> = (W1, ..., Wx) and the space of all such tuples by
©. This is the parameter space of our model. To slightly
simplify the notation we will also denote the input and
output dimensions by m = dy and n = dy, respectively,
and write W := Wy - - - W; for the end-to-end matrix. For
any 1 <14 < j < N, we will also write Wj.; :== W;---W;
for the matrix product of layer ¢ up to j. We note that the
represented function is linear in the network input z, but
the parametrization is not linear in the parameters . We
denote the network’s parametrization map by

p: © — RiNxdo,

W:(Wl,...

SWN) = Wy =Wy - WL
The function space of the network is the set of linear func-
tions it can represent. This corresponds to the set of possible
end-to-end matrices, which are the n X m matrices of rank
at most d := min{dp,...,dy}. When d = min{dg,dy},
the function space is a vector space. Otherwise, when there
is a bottleneck such that d < min{dy,dy}, it is a non-
convex subset of R™*" determined by polynomial con-
straints, namely the vanishing of the (d + 1) x (d + 1)
minors.

Next, we collect a few results on the gradient dynamics
of linear networks for general differentiable losses, which
have been established in previous works with focus on the
squared error loss (Kawaguchi, 2016; Bah et al., 2021; Chi-
tour et al., 2022; Arora et al., 2018). In the interest of
conciseness, here we only provide the main takeaways and
defer a more detailed discussion to Appendix C. For the
remainder of this section, let £': R®*™ — R be any differ-
entiable loss and £ be defined through the parametrization

— —
was LN (W) := L1 o u(W). For such a loss, the gradient
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flow t — W(t) is defined by

= =
LW (1) = —vLN (W)
<~
LW;(t) = =V, LY (Wi(t),..., Wx(t).
¢!
This governs the evolution of the parameters. Furthermore,

we observe that the partial derivative of £V with respect to
W, for all j € [N], is given by

vj € [N],

Vi, LN (W, ..., W)

2
=W, wyvetwwy - wl.

As it turns out, the gradient flow dynamics preserves the
difference of the Gramians of subsequent layer weight ma-
trices, which are thus invariants of the gradient flow; i.e.

WO W (0) = 5

The notion of balancedness for the weights of linear net-
works was first introduced by Fukumizu (1998) in the shal-
low case and generalized to the deep case by Du et al.
(2018). This is useful as it removes the redundancy of the
parametrization when investigating the dynamics in function
space and has been considered in numerous works.

Definition 2.1 (Balanced weights). The weights
Wi,...,Wx are said to be balanced if, for

allj e [N—1], W;W/ =W[ W;,.

(Wi (OW;() 7).

Assuming balanced initial weights, if the flow of each W
is defined and bounded, then the rank of the end-to-end
matrix W remains constant during training (Bah et al.,
2021, Proposition 4.4). Moreover, the products WNleV;:l
and W]—\;:1WN;1 can be written in a concise manner;
namely, Wy W7, = (WyWy)" and Wi Wy =
(W, Wl)N, which simplifies computations.

Remark 2.2. Some attempts to relax the balanced initial
weights assumption include the notion of approximate bal-
ancedness Arora et al. (2019a), which only requires that
there exists § > 0 such that |[W; W1 — W\ /W 1|l <6
for j € [N — 1]. Our proofs in this paper use exactly bal-
anced initial weights for simplicity, but they would also
work under the approximate balancedness setting. Further
initializations have been proposed by e.g. Gidel et al. (2019);
Yun et al. (2021). We defer the analysis of such cases for
future work favoring here a focused discussion of the Bures-
Wasserstein loss with balanced initial weights.

3. Wasserstein generative linear networks

3.1. The Bures-Wasserstein loss

The Bures-Wasserstein (BW) distance is defined on the
space of positive semi-definite matrices (or covariance

space) S1(n). We collect definitions and key properties
of the gradient.

Definition 3.1 (Bures-Wasserstein distance). Given two
symmetric positive semidefinite matrices (3¢, ¥) €

(S4(n))?, the squared Bures-Wasserstein distance between
Yo and X is defined as

B3(%, %) = tr (2 + % - 2(23/2225/2)1/2). 3)

Kroshnin et al. (2021, Lemma A.3) shows that the matrix
square root is differentiable on the set of positive definite
matrices. In turn, we can differentiate the BW distance at
¥ € Sy, (n). However, the mapping ¥ +— B2(%, %) is
not differentiable at all n X n matrices. Indeed, if we let
QLT be a spectral decomposition of E(l)/ 222(1)/ ?, then (3)
can be written as

B(2,%0) = [SY2)% + 20712 — 20 QY2 (@)

Due to the square root on (), the map 3 — B2(3, ) is not
differentiable when the number of positive eigenvalues of
Q, i.e. the rank of 2(1)/ 222(1)/ 2, changes. More specifically,
while one can compute the gradient over the set of matrices
of rank k£ for any given k, the norm of the gradient blows up
if the matrix changes rank. We describe the gradient of B2
restricted to the set of full-rank matrices in Appendix B. We
refer the reader to Bhatia et al. (2019) for further details on
the BW distance.

3.2. Linear Wasserstein GAN

The distance defined in (3) corresponds to the 2-Wasserstein
distance between two zero-centered Gaussians. It can be
used as a loss for training models of Gaussian distributions,
in particular generative linear networks. Recall that a zero-
centered Gaussian distribution is completely specified by
its covariance matrix. Given a bias-free linear network and
a latent Gaussian distribution A/ (0, I,,,), a linear network
generator computes a push-forward of the latent distribution,
which is again a Gaussian distribution. If Z ~ N(0,I,,,)
and X = W Z, then

X~ NOWWT) = v

Given a target distribution vy = A (0, Xo) (or simply a co-
variance matrix g, which may be a sample covariance ma-
trix), one can select W by minimizing B2(WW T %) =
W3 (v, 11). We will denote the map that takes the end-to-end
matrix W to the covariance matrix WW T by 7: R?*™ —
R Wos WW T,

Loss in covariance, function, and parameter spaces We
consider the following losses, which differ only on the
choice of the search variable, taking either a covariance
space, function space, or parameter space viewpoint.
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¢ First, we denote the loss over covariance matrices > €
Si(n)as L: ¥ — B%(3,%).

* Secondly, given7: W — WW T € S, (n), we define the
loss in the function space, i.e. over end-to-end matrices
W € R™™ as L': W + L o w(W). This is given by,
for W € R">™,

Ll(W) = tr (WWT + 20 _ 2(2(1)/2wa2(1)/2)1/2> .
)
This loss is not convex in R™®*™, which can be seen even
in the scalar case.

. . -
* Lastly, for a tuple of weight matrices W =
(W1, ...,Wy), we compose L' with the parametrization
=

map p: W — Wy to define El)e loss £1> the parameter
space as LY : W+ Lomo (W), for W € ©. Observe

that this is, again, a non-convex loss.

Thus, for W € ©, LN(W) LY (W) =
L(W(M(W)) = B3%(m o M(W), Yo). While the gradient
flow (1) is defined on the parameters W), viewing the prob-
lem in the covariance space is useful since then the objective
function is convex, even if it may be subject to non-convex

constraints. One of our goals is to translate properties be-
tween L, L, and LY.

Smooth perturbative loss As mentioned before, the
Bures-Wasserstein loss is non-smooth at covariance ma-
trices with vanishing eigenvalues. As a result, the usual
analysis tools to prove uniqueness and convergence of the
gradient flow do not apply here. To tackle this issue, we in-
troduce a smooth perturbative version of the loss. Consider
the perturbation map ¢, : ¥ +— X+ 71, where 7 > 0 plays
the role of a regularization strength. Then the perturbative
loss in the covariance space is defined as L, = L o ¢, and
the perturbative loss in the function space as LL = L, o 7.
More explicitly, we let

LYW) = tr (WWT + 71, + %o
(6)
— 2T+ L)),

This function is smooth and allows us to apply usual
convergence arguments for the gradient flow. Likewise,
LY := L, o7 oy is well-defined and smooth on ©.

Remark 3.2. The perturbative loss (6), as well as the orig-
inal loss on fixed-rank matrices, are differentiable. Many
results of Bah et al. (2021) can be carried over for these
differentiable Bures-Wasserstein losses. For example, the
uniform boundedness at any time ¢ > 0 of the end-to-end
matrix holds, |W (t)|| < /2LY(W(0)) + tr Xo. Similar
observations may apply for the case of L' in the case that

the matrix W T remains positive definite throughout train-
ing, in which case the gradient flow remains well-defined
and the loss is monotonically decreasing. We expand on this
in Appendix C.

The next lemma, proved in Appendix B.4, provides a quan-
titative bound for the difference between the original and
the perturbative loss. To compare the two losses, we set the
parameters — and hence, the end-to-end matrices — to a
fixed, common value.

Lemma 3.3. Let W € R" ™ and 7 > 0. Assume that
rank (3¢) = n. Then, with L*(W) given by (5) and LL(W)
given by (6), we have

2 max (S0
Ly (W) — L' (W)| < ny/T <\ﬁ+ WZ({;Q) , (D

with (/\max(zé/2),)\min(zé/2)) the maximum and mini-

; 1/2
mum eigenvalues of EO/ .

We observe that the upper bound (7) is tight in 7 in the sense
that it goes to zero as 7 goes to zero.

4. Critical points

In this section, we characterize the critical points of the
Bures-Wasserstein loss restricted to matrices of a given rank.
The proofs of results in this section are given in Appendix D.

For k € N, denote M (k) as the manifold of rank-% matrices
of size n x m:

M(k) = M(k;n,m) :={W € R™™™ | rank W = k}.

®)
Similarly, we denote by M(< k) = M(< k;n,m) the
set of n X m matrices of rank at most k. The manifold
M(k) is an embedded submanifold of the linear space
(R™*™ (.. -)F), with codimension (n— k)(m — k) (Helmke
& Shayman 1995, Proposition 4.5; Boumal 2022, §2.6).
Given a function f: R™"*™ — R, its restriction on M(k) is
denoted by f|rqk): M(k) > W — f(W). A function f
may not differentiable everywhere on R™*"" but still have a
restriction on M (k) that is differentiable.

Definition 4.1. Let M be a smooth manifold. Let
f: R™™ — R be any function such that its restriction
on M is differentiable. A point W € M is said to be a
critical point of f| if the differential of f| a4 at W is the
zero function, i.e. df| (W) = 0.

4.1. Critical points of L' over M (k)

Given a matrix A € R"*™ and a set J C [n], where the
subscript indicates the cardinality of the set, k = | Jj|, we
denote by A7, € R™*¥ the sub-matrix of A consisting of
the columns with index in J. If the matrix A is diagonal,
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we let A7, € RF** be the diagonal sub-matrix which ex-
tracts the rows and columns with index in Jj. The following
result characterizes the critical points of the loss in function
space. It can be regarded as a type of Eckart-Young-Mirsky
result for the case of the Bures-Wasserstein loss.

Theorem 4.2 (Critical points of L'). Assume Yy has n
distinct, positive eigenvalues. Let ¥o = QAQT be a spec-
tral decomposition of ¥g (so Q € O(n)), with eigenval-
ues ordered decreasingly. Let k € [min{n,m}]. A ma-
trix W* € M(k) is a critical point of L*| s if and
only if W* = ij]\}/fVT Sfor some Ji, C [n] with
|Tk| = kand V. € R™*k with V'V = I;. The mini-
mum over M(< k) is attained precisely when J, = [k|.
In particular, inf ) LY'(W) = minpgy L*(W) and
mlnM(k) Ll(W) = mlnM(gk) Ll(W)

Remark 4.3. Notice that there are (}) critical points up to

right rotation by an arbitrary orthonormal matrix (the trivial
symmetry of W s WW ).

The proof relies on evaluating the zeros of the gradient
VL1|M(k) (see Lemma D.3). Then evaluating the loss at
these critical points allows us to identify which of them
attain the minimum.

Remark 4.4. Interestingly, the critical points and the min-
imizer of L! characterized in the above result agree with
those of the squared error loss (Eckart & Young, 1936;
Mirsky, 1960). Nonetheless, we observe that (3) is only
defined for positive semi-definite matrices. Hence the no-
tion of unitary invariance considered by Mirsky (1960) only
makes sense for left and right multiplication by the same
matrix. Moreover, while we can establish unitary invariance
for a variational expression of the distance (see Lemma 5.1),
this is still not a norm in the sense that there is no function
B: 8:(n) — R such that B(X,%y) = B(X — Xy), and
hence it does not fall into the framework of Mirsky (1960).
‘We offer more details about this in Appendix B.

4.2. Critical points of the perturbative loss

For the critical points of the perturbative loss L1 (W) we
obtain the following results.

Theorem 4.5 (Critical points of L1). Assume Yo has n
distinct, positive eigenvalues. Let Y9 = QAQT be a
spectral decomposition of ¥, with eigenvalues ordered
decreasingly. A point W* € M(k) is a critical point
of LY sy if and only if W* = Qg (A, — 1) *V T
for some Ji. C [n] = kand V € Rk with
Vv = Ik Moreover, the value at such a point is
LI(w*) = > iga( (VA — V7)%. The minimum over
M(L k) is therefore attained precisely when J, = [k].
In particular, inf pqy) LE(W) = minpg ) LE(W) and
minM(k) L,lr(W) = minM(gk) L‘r

Note that the above characterization of the critical points

imposes an upper bound on 7: for a given W* to be a critical
point, one must have that 7 < A; for all j € J, because
the eigenvalues of A 7, — 71 have to be nonnegative.

In order to link the critical points in the parameter space to
the critical points in the function space, we appeal to the
correspondence drawn by Trager et al. (2020, Propositions
6 and 7). For the Bures-Wasserstein loss, this allows to
conclude the following.

Proposition 4.6 (Critical points in parameter space are crit-
ical points in function space). Assume a full-rank target
Yo with spectral decomposition ©o = QAQ" and distinct
ezgenvalues A1 > -+ >\, > 0 ordered decreasingly. Let
e (0,\]: IfW* € Crit(LY), then W* = p(W*) is
a crltzcal point of the loss L} I M(k), where k = rank W*.
Moreover, when k = d = min,¢[n){d;}, then W is a local

minimizer of the loss LY if and only if W* = ,u(W*) is
a local minimizer, and therefore the global minimizer, of
LY pm(ay- In this case, o = W*W* " + 71, is the T-best
d-rank approximation of the target in the covariance space,

in the sense that ¥ = (A[d] 7_) Qr.

Proposition 4.6 ensures that, under the assumption that the
solution of the gradient flow is a (local) minimizer in the
parameter space and has the highest possible rank d for the
given network architecture, the solution in the covariance
space is the best d-rank approximation of the target in the
sense of the 7-smoothed Bures-Wasserstein distance. The
fact that any local minimizer of L%|x(a) is indeed a global
minimizer is not immediate (since neither the loss L1 nor
the set M(d) are convex), but can be shown as we do in
Lemma D.10.

Remark 4.7. Under the balancedness assumption, one can
show that the rank of the end-to-end matrix does not drop
during training (Bah et al., 2021, Proposition 4.4), and that
the trajectory almost surely escapes the strict saddle points
(Bah et al., 2021, Theorem 6.3). If the initialization of the
network has rank d, the matrices W (t), ¢ > 0, maintain
rank d throughout training. There can be issues in the limit,
since M(d) is not closed. Proving whether or not the limit
point also belongs to M (d) is an interesting open problem.

5. Convergence analysis

The Bures-Wasserstein distance can be viewed through the
lens of the Procrustes metric (Dryden et al., 2009; Masarotto
et al., 2019). In fact, it can be obtained by the following
minimization problem.

Lemma 5.1 (Bhatia et al. 2019, Theorem 1). For (X, %) €
2
(S+(n)",

B(S,%0) = min 212 - Ul ©)
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where O(n) denotes the set of n X n orthogonal matrices.
Moreover, the minimizer U occurs in the polar decomposi-

tion of ©1/2535/2.

We emphasize that in the above description of the Bures-
Wasserstein distance, the minimizer U depends on W, so
that B2 fundamentally differs from a squared Frobenius
norm. Moreover, the square root on X can lead to singulari-
ties when differentiating the loss. Nonetheless, based on (9)
we can formulate the following deficiency margin concept
to avoid such singularities.

Definition 5.2 (Modified deficiency margin). Given a target
matrix o € R™*™ and a positive constant ¢ > 0, we say
that ¥ € R™*™ has a modified deficiency margin ¢ with
respect to g if

. 21/2_21/2[] < Ounin Z1/2 e
Ugg?n)ll o Ullr < omin(Xy7) — ¢

(10)
With a slight abuse of terminology, we will say that W has a
modified deficiency margin if WW T does. The deficiency
margin idea can be traced back to Arora et al. (2019a). Note
that we can write VWW T = X1/2, and this square root
can be realized by Cholesky decomposition. If we initialize
the parameters so that X is close to the target >, then (10)
holds trivially. In fact, if the initial value ¥ (0) satisfies the
modified deficiency margin condition, then the least singular
value of W (t) remains bounded below by ¢ along gradient
flow or gradient descent trajectories with decreasing L :

Lemma 5.3. Suppose W(0)W(0)" has a modified defi-
ciency margin c with respect to Xo. Then

uin(WOWDT) > e, fort=0. (D)
The proof of this and all results in this section are provided
in Appendix E. We note that, while the modified deficiency
margin assumption is sufficient for Lemma 5.3 to hold, it is
by no means necessary. We will assume that the modified
deficiency margin assumption holds for simplicity of expo-
sition, but the gradient flow analysis in the next paragraph
only requires the less restrictive Lemma 5.3 to hold.

5.1. Convergence of gradient flow for the smooth loss

Since we cannot exclude the possibility that the rank of
WW T drops along the gradient flow of the BW loss, we
consider the smooth perturbation introduced in Section 3.2
as a way to avoid singularities. We consider the gradient
flow (1) for the perturbative loss. The gradient of (6) is

VLI W) =
2(W S SP v wT 4+ TIn)Z(l)/Q)_l/QZ(lJ/2W).

The perturbation 71, ensures that A\pin(2,;) = 7 > 0,
which in turn makes L, strongly-convex, as shown next.

Lemma 5.4. The Hessian operator G, of the loss L, at¥ €
S+ (n) satisfies Apin(Gr) = K, for any ¥ € S (n), with

K, = T)‘Tz(zo) where C. == 2(L-(X(0)) + tr Xo).

This is proven in Lemma E.6.

Let us denote the minimizer of the perturbative loss L(X;)
by XZ. Equipped with the strong convexity of the loss
L., given by Lemma 5.4, we are ready to show that the
gradient flow has convergence rate O(e™¥e.vE+t) to the
global minimizer of L., where K, is the constant from the
Hessian bound given by Lemma 5.4, and f{a N 1s a con-
stant which depends on the modified margin deficiency
and the depth of the network. Recall that for ¢ > 0,
S-(t) = Waa(t)Wy,(t) + 71, so we prove conver-
gence of gradient flow on the loss under the parametrization

Er(t) = oo (r(u(W (1)),

Theorem 5.5 (Convergence of gradient flow for the smooth
loss). Let AL := 3. (0)—X7* be the distance from the initial-
ization to the minimizer 33 := argmingcg, () L+(2) =
Yo — 71,. Assume both balancedness (Definition 2.1) and
the modified deficiency margin (Definition 5.2). Then the

gradient flow W(t) = —VLiV(V—[}(t)) converges as

2(2N—1)
L(Z,(t) = L(Zp) <e ™V 7 RBtax (12)
TAmin (o) . .
where K. = ~—— 57— is the strong convexity parameter

Sfrom Lemma 5.4, with C. = 2(L(2+(0)) 4+ tr(XZp)).

Remark 5.6. Under the modified margin assumption (Defi-
nition 5.2), the parametrized covariance matrix ¥ = WW T
has its eigenvalues lower-bounded by c? at all times, as per
Lemma 5.3. Therefore, the convergence result obtained

in Theorem 5.5 can be extended to the original loss, with
(X-(t), 2%) replaced with (X(t),X*), AL replaced with
A* = $(0) — B, K, replaced with K> = Y amn(o)
and C' replaced with Cy = 2(L(X(0)) + tr(X)). More
details about this are given in Appendix E.3.

5.2. Convergence of gradient descent for the BW loss

Assuming that the initial end-to-end matrix W has a modi-
fied deficiency margin, we can establish the following con-
vergence result for gradient descent with finite step sizes,
which is valid for both the perturbed loss and the origi-
nal (non-perturbed) loss. Given an initial value W (0), we
consider the gradient descent iteration

Wk+1)=Wk) —gVINW(K), k=0,1,...,
(13)
where 1 > 0 is the learning rate or step size and the gradient
is given by (2).

Theorem 5.7 (Convergence of gradient descent). Assume
that the initial values W;(0), 1 < i < N, are balanced and
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W(0) = Wn:1(0) has a modified deficiency margin c. If
the learning rate n > 0 satisfies

9 2(N—1)

< min ¢ ¢ 7 !
! SMYIW(O)  2A NS [
where A = %NZM(ZLN*?’)/N)\%;(EO) +
SN (N 1)M<3N—4>/N(M1/N + ||23/2||F), and

M = \/2L1(W(O)) + |1S8/2112., then, for any € > 0, one

achieves € loss by the gradient descent (13) at iteration

1 LYW (0
Fe o log Lwo)y
N~ €

Remark 5.8. Theorems 5.5 and 5.7 show that the depth of
the network can accelerate the convergence of the gradient
algorithms. We verify this experimentally in Section 5.3.

5.3. Experimental evaluation of the convergence rate

We conduct numerical experiments to illustrate our theo-
retical results!. We observe empirically (Figure 1) the lin-
ear dependency of the asymptotic rate of convergence as a
function of the depth of the network N and the minimum

singular value square root of the target amin(Zé/ 2).

Setup The target covariance matrix is sampled as ¥ :=
QAQT, where Q € R™*" is a random orthogonal matrix,
and the eigenvalues in A follow a Zipf distribution, A; o<
1/j for j € [n]. The input data dimension is set to be
n = 20. We vary the minimum eigenvalue for the target
Amin and set A; = n/j - Anin for j € [n]. We consider
constant width networks with d; = n = m = 20, for each
i € [N].

To fulfill the modified deficiency margin assumption (Def-
inition 5.2), we initialize the parameters close to the tar-
get Xg. If X9 = QAQT, then the weights are initial-
ized in a way such that the initial covariance matrix is
¥(0) = (¥o — 71,) + A, with A being a random perturba-
tion. More precisely, we choose A = I'DI' T, where I' is a
random orthogonal matrix, and D is a diagonal matrix with
small eigenvalues — so that the overall distance between the
initialization and the target is bounded by o,;,, — ¢, for some
¢ > 0. With this initialization and the balancedness protocol
explained by Arora et al. (2019a), the network satisfies both
the balancedness and modified deficiency margin assump-
tions. In this case we expect Theorem 5.5 to hold for small
step sizes. We estimate the asymptotic linear convergence
rate numerically.

'The source code for the experiments can be found at
https://github.com/brechetp/BW-linear-networks.

4%' == a=—116, r?=0.999
-2 R’x 4 —1155
EN —
. =50 S, 2oy
= \ g —2309
= ~ E
—75 5
53} }.t N 9
N —3464
~100 N
> 1
0 50 100 25 50 7 100 —1618
depth depth
(a) (b)

Figure 1. Logarithm of the linear convergence rate as a function
of the depth NV and the minimum singular value amin(Zé/ ). In
(a), amm(Z(l)/ 2) ~ 0.7078 is fixed; convergence rate and its linear
regression as a function of the depth N. In (b), both the depth
and omin are varying, and the rate is shown in a contour plot. The
hyperbolas indicate a linear dependency on both the depth N of
the network and the minimum singular value of the target square
root amin(Zé/ 2), which is coherent with the upper-bound given
by Theorem 5.5.

Result We compute the rate of convergence as follows.
First, the network (initialized as detailed above) is trained
with a small enough learning rate 1. Then, we compute
log (L(X(t) — L(X*))). Theorem 5.5 states that this should
be a linear function of the time ¢. Therefore, a linear re-
gression is performed, and the slope taken as the empirical
rate of convergence. According to Theorem 5.5, this rate
should be linear in the depth NV and linear in the strong con-
vexity parameter K, which suggests that it could be linear
in amin(Zé/ 2) = omin- Hence, we compute the empirical
rate of convergence for varying depths and oy, reported
in Figure 1. In Figure 1a the linear dependence in the depth
is clearly visible, and Figure 1b indicates a linear depen-
dence in i, too. Our Theorem 5.5 only provides an upper
bound on the convergence rate and hence we compare with
the empirical rates. The results suggest that this is indeed
the actual behavior in practice.

6. Conclusion

In this work, we studied the training of generative linear
neural networks using the Bures-Wasserstein distance. We
characterized the critical points and minimizers of this loss
in function space, over the set of matrices of fixed rank
k. We introduced a smooth approximation of the BW loss,
obtained by regularizing the covariance matrix, and char-
acterized its critical points in function space as well. Fur-
thermore, under the assumption of balanced initial weights
satisfying a modified deficiency margin condition, we es-
tablished a convergence guarantee to the global minimizer
for the gradient flow of both losses, with exponential rate of
convergence. Finally, we also considered the finite step-size
gradient descent optimization and established a linear con-
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vergence result for both losses too, provided the step size is
small enough depending on the modified deficiency margin
condition. We collect our results in Tables 1 and 2 in Ap-
pendix A. These results contribute to the ongoing efforts to
better characterize the optimization problems that arise in
learning with deep neural networks beyond the commonly
considered discriminative settings with the square loss.

In future work, it would be interesting to refine our charac-
terization of critical points of the Bures-Wasserstein loss in
the parameter space, and to relax the modified deficiency
margin condition that we invoked in order to establish our
convergence results, as this constrains the parametrization
to be of full rank.
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Appendix

The appendix is organized as follows.

» Appendix A gives a quick summary of the different geometrical and convergence results.

» Appendix B provides background on the Bures-Wasserstein loss and related optimal transport topics.

» Appendix C presents general properties of linear neural networks and classical results on convergence in parameter space.
» Appendix D presents the proofs of results about critical points from Section 4.

» Appendix E presents the proofs of results about convergence from Section 5.

» Appendix F evaluates the Hessian of the loss.

A. Summary of the results

Tables 1 and 2 present a summary of the results obtained in this paper.

Loss Parametrization Critical points Ref
L' w Q7. A%QVT Theorem 4.2
Lt W Qs Az, —71)"?VT Theorem 4.5

Table 1. Summary of critical point results. The target is assumed full rank with distinct eigenvalues and spectral decomposition
Yo = QAQT. Here V€ R™** is any semi-orthogonal matrix and 75 C [n] is an index set of cardinality k.

Loss Parametrization Initialization Convergence rate Ref

%
L]TV V_[>/ Balanced, MDM  GF: Exponential ~ Theorem 5.5
N w Balanced, MDM  GD: O(log(1/¢)) Theorem 5.7

Table 2. Summary of convergence results. Here “Balanced” stands for balanced weights (Definition 2.1), “MDM” stands for modified
deficiency margin (Definition 5.2), and ¢ is the precision we want to achieve (Theorem 5.7).

B. Properties of the Bures-Wasserstein distance
B.1. BW and the 2-Wasserstein distance

The Bures-Wasserstein distance has a natural connection with the 2-Wasserstein distance on a metric space. In the case
of zero-centered Gaussian measures, the two distances are identical. We briefly describe the general definition of the
2-Wasserstein distance.

Given a metric space (X, ||-||), the 2-Wasserstein distance is a well-known metric on the space of quadratically integrable
probability measures Pa(X) := { € P(X) | [ ||z||? du(z) < oo}

Definition B.1 (2-Wasserstein distance). The 2-Wasserstein distance between two measures (v, 1y) € (P2(X))? is defined
as the solution to following minimization problem:

Wi(v,up) = inf )/Hw—yHde(x,y), (14)

well(v,vo

where TI(v, 1) is the set of distributions with fixed marginals v and vy, (v, 1) = {7 € Po(X x X) | 11 = v, ™2 = o},
with m; denoting the marginal of 7 along the ¢th variable.

It is known that the 2-Wasserstein distance metrizes the weak convergence on the space P (see, e.g. Villani, 2008, Theorem
6.9). Therefore, it can used to compare probability distributions in systems such as GANs. On the other hand, the cost of
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computing this loss can quickly become prohibitive (see, e.g. Pele & Werman, 2009). Only in some cases, efficient ways
to compute (14) are known. In a usual WGAN (Arjovsky et al., 2017), an approximation of the 1-Wasserstein distance is
computed based on the dual expression of the (1-)Wasserstein distance using a neural network to approximate the dual
variable, called the discriminator network.

The 2-Wasserstein distance between two Gaussian measures has a closed-form expression (or a closed-form expression for
the discriminator), so that adversarial training is not needed. We will consider two centered Gaussian distributions, which
are described by their covariance matrices. In the case of centered Gaussian distributions, the 2-Wasserstein distance reduces
to the Bures-Wasserstein distance between the covariance matrices >y and 3 (Dowson & Landau, 1982):

Lemma B.2. If v = N(m, X) and vy = N (myg, Xq), then

W3 (v,10) = |lm — myl|* + B*(2, o).

It is well known (see Kantorovitch 1958 or Villani 2003, Theorem 1.3 or Villani 2008, Theorem 5.10) that the squared
2-Wasserstein distance has the following dual expression, also known as the Kantorovich duality:

Wi (vo,v0) s { [ @)@+ [ oo dn@) | Vo), 1@+ o) < oo} as)

 (F9)EL (ve) X L1 (1)

where L'(v) is the set of the integrable functions with respect to a measure v. Therefore, the dual variables f and g are
required to be integrable with respect to the source and target measures, and to fulfill the cost inequality.

Remark B.3. In the context of WGANS it is common to consider the 1-Wasserstein distance with cost given by the distance
||z — y||. This has a dual expression, referred to as the Kantorovich-Rubinstein formula (Villani, 2008, §6.2), that allows
for a more tractable computation in practice, with for instance only one dual variable. Nonetheless, in general there is no
closed-form solution known when ¢(z,y) = ||z — y|.

B.2. BW and the Eckart-Young-Mirsky theorem

In this section, we provide further background on the Bures-Wasserstein distance. First, we show that, except in some
particular cases (Lemma B.4), the Bures-Wasserstein distance between two covariance matrices is not translation invariant
(Lemma B.5), which implies that it cannot be expressed as the norm (let alone unitary) of a difference between two matrices.
Then, an explanation as to why the critical points found in Theorem 4.2 are the same as the one found when using the
squared Frobenius norm between X and Y, is given.

Lemma B.4. In the case that o and 3> commute, the Bures-Wasserstein distance reduces to the Hellinger distance:

SE=%% = B%,%) = |22 - 5|3

2
Proof. This follows from the fact that, if ¥ and ¢ commute, so do »1/2 and 25/2, so that 23/222(1)/2 = (25/221/2) and

tr ((BY/2)2 + (21/%)2 — 2(21/281/2)) = ¢ (52 — 51/ (212 — 51/
2
= [=Y2 - 5%,

as claimed. ]

From this, one remarks that the problem of minimizing the BW distance between covariance matrices that commute falls

. . . N . . 1/2
under the framework of the Eckart- Young-Mirsky theorem. In this case if the optimization variable is ¥/2 = (WWT) / ,
we obtain a formulation in terms of the squared error loss. Nonetheless, in the case where ¥ and ¥ do not commute, we do
not have such a correspondence, as in general, the BW distance is not translation invariant, neither when considered as a

function of (X, X) nor when considered as a function of (X1/2, Z(l)/ %).

Lemma B.5 (BW is not translation invariant). There exist positive semidefinite matrices (¥, %) € Sy (n) x Sy (n) and a
translation T € S (n), such that B*(X + T, 3o + T) # B%(%, X0). The same statement also holds for the loss £ defined

on the matrix square roots, E(SV/2, $1/?) 1= B2(%, ).

13
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Proof. For the first part of the statement, taking

10 10 t 0
2=y 1) m=(5 ). 7=(5 7). >0

then B2(X +T,%0 +T) — B%(2,%50) = (V2 +t — 1+ t)2 — (V2 - 1)2, which is non-zero.

For the second part of the statement, if
12 (1 0 12 _ (11 (10
Yo = (O 2) , Y= (1 2)’ T= 0o 1)’

1/2

one computes

1/2 1/2 1/2 1/2
EEV2 ) =123 + |5y %1% - 2t (5225 ?)

1/2
2 6
=12 - 2¢r (6 20)

and
EEV? +T,5y% + 1) =5 + T|% + 115 + T3
1/2
2t (E 4+ T)E + TSV 4+ T2+ 1))
1/2
20 30
=28 — 2tr <30 90> :
which gives the difference £(X1/2 + T, £1/% + T) — £(£1/2,%}/%) ~ 0.121229 # 0. O

Lemma B.5 implies that in general one cannot express the Bures-Wasserstein distance (either on the covariance or on their
square roots) as a norm of a difference (otherwise, the loss would be translation invariant). This hinders a direct application
of the Eckart-Young-Mirsky theorem, where the problem is cast as min x || A — X ||, with a fixed A for some unitary invariant
norm || - ||«.

Nonetheless, there is a close link between the Bures-Wasserstein distance and the (squared) Euclidean distance. This is
best seen through the definition of the 2-Wasserstein distance between two zero-centered Gaussian distributions, as we will
present next. We follow here an approach inspired by Feizi et al. (2020, Theorem 1), for which we provide details in order
to show a link between the minimization of the Bures-Wasserstein distance over rank-constrained covariance matrices and
the Eckart- Young-Mirsky theorem (or k-PCA).

Given k € [n], the set of rank-k positive semi-definite matrices is denoted by Sy (k;n). Withn € N\ {0} and k € [n], we
are interested in the minimization problem

inf  B%*(A4,B). 16
AESI_I:(k;n) ( ) (16)

For any measure «, denote supp(«) its support, i.e. a(X) = 0 for X C R™ \ supp(«). The following is a well known
connection between covariance matrices and the support of the corresponding Gaussian probability distributions.

Lemma B.6. Let A € S, (k;n) and o = N (0, A). Then the support of « is equal to the column space of A,
supp(a) = span(A).

For k € [n], denote the set of linear subspaces of R™ of dimension k by £(R", k), and, for C € £(R", k), denote by
N(C) :=={N(0,M) | M € S;(k;n), span(M) = C} the set of all Gaussian distributions with mean 0 and support C.

Lemma B.6 allows to translate the problem (16) to a problem on linear subspaces of fixed dimension. Indeed, with
a = N(0,A) and 8 = N(0, B), we know that B2(A, B) = W3(a, 3). Therefore, we can split the optimization problem as

inf B*(A,B) < inf {inf{wg(a,ﬁ) |a e N(C)} |Ce S(R”Jc)}. (17)
AeSi(kn)
Solving (16) is therefore equivalent to solving the right-hand side of (17), which is split in two parts:

14
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* For a given linear subset C of dimension k, find the Gaussian distribution that minimizes the 2-Wasserstein distance to
B. Lemma B.7 below states that this o* is the projection of 3 onto C.

* Then, find the subset C of required dimension that minimizes the variance of the projection of 5 onto the orthogonal
complement of C; or, equivalently, find C that maximizes the variance of the projection of 5 onto C. The solution to
this problem is the k-PCA decomposition of 3, as stated in Lemma B.8.

Recall, given any 3 € P,(R™), that we are interested in solving inf{W3(a, 3) | « € N(C)}. The next lemma gives the
solution this problem in «. For any given linear subspace C C R", denote pc the orthogonal projection onto C.

Lemma B.7. Let 8 € Po(R™). One has inf {W3(c, B) | « € N(C)} = min {W3 (v, 8) | « € N'(C)}, and the distribution
o that achieves the minimum for a given C is the orthogonal projection of 3 onto C: & = pc 48 = fc.

Proof. Denote the admissible set of couplings with given marginals by I'(«, ) = {m € P2(R™ x R") | 1, = o, m3 = S},
with 7; the marginal along the ith variable, so that

W2(a, §) = inf{ / o — yll? dn(e,y) | 7 € (e, B)).

Then, for any given linear subspace C C R", denote pc the orthogonal projection onto C. Define pic := pcyp for any
u € Pa(R™), and likewise mexe = pexcyTs for m € P2(R™ x R™), where, for (X,)) two (measurable) spaces, the
push-forward Ty € P2(Y) of a measure 4 € Po(X) by an operator T': X — ) is such that, for any measurable set
8 C Y. Tyu(S) = u(T~(S)).

If supp(a) = C (i.e. @« = a¢), one obtains

W%(a, g) = inf /||33 — y||2 dr(z,y)

n€ll(r,8)

weﬁ?aﬁ){ JIETG mcmy} R (18)

Thus, for a given C € £(R™, k) one has

inf{wg(a,ﬁ) lac J\/(C)}

=inf{inf{/|x—y|2dmc<z,y>|wen< B} lacaic } [l ase: )

We are interested in the term that is dependent on 7 (and therefore «), which is equivalent to

mf{inf{ / e~y dm(z,y) | 7 € H(aﬁc)} |ae N(C)} = inf{WE(a,c) |0 € N(O)}.
Since B¢ € N(C), the solution is attained for o* = Sc. O
Then, the problem (16) is equivalent to
inf {inf {wg(a,,@) lac N(C)} 1Ce S(R",k)} — mf{/yHQdﬁMw ICe S(R",k)}
= sun{ [l aset) ¢ € 2R .

Therefore, the problem boils down to finding the linear subspace C which maximizes the variance of the target when
projected onto C. The solution to this problem, also known as k-PCA, is given in the next lemma, of which we provide a
proof for convenience.

15
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Lemma B.8. Let QAQ" = B be a spectral decomposition of B € S, 1 (n), with the eigenvalues in A ranked in decreasing
order. Let k € [n], and let 2 =: (Q[k] QJ_) be such that Q) € R™*k corresponds to the k highest eigenvalues of B.
Denote 3 = N (0, B) and for a linear subspace C, denote by 3¢ the orthogonal projection of 3 onto C. Then

sup{ / lyll? dfe(y) | € € SR™ k)} = max{ / Iyl dBe() | C € SR™ k)} = / Iyl dBe- (v),
where C* = span Q).

Proof. Recall that 8¢ = (pc) 43, where p is the orthogonal projection onto any C € L(R™, k). Then,

/ Iyl dfe(y) = / lpe(@)I? dB(y) = / wdye dB(y) = / tr(ud ve) dB(y) = / tr(yesd) dB(y)
—tr ([ el a5(w). (19

where the usual notation for y¢ = pc(y) is used.

For C C R", there is equivalence between the two statements

(i) C € £(R™, k); and
(i) 3C e R™**: CTC = I;,C = spanC.

With such a C spanning C, the projection onto C can be written pc = CC'T, and
/ yeye dB(y) = / CCTyyTCCT ap(y) = o™ ( / yy" dB(y))CCT = cCTBCCT,
so that (19) becomes

tr ( / yeyd dﬁ(y)) — t1(CCTBCCT) = tx(CT BO)
Therefore, with 3 = N(0, B) and ¢ = (pc) .3 for any C € £(R™, k), the following equivalence holds

sup{/uyn2 dBe(y) | C € &R™, k)} — sup{tr(C’TBC’) |CeRk CTC = Ik}. (20)

Let QAQT = Z:L:I /\iwiw; be a spectral decomposition of B with decreasing eigenvalues A\; > --- > A,,.

For any C' € R™** such that C' " C' = I},, we compute
trCTBC =) Ntr(CTwiw C) = Aitr (w CCTw;) =Y Nifwi, CCTwy). (21)

i=1 1=1 =1

For each i € [n], by orthogonal decomposition w; = CCTw; + (I,, — CCT)w;, one has that {(w;, CCTw;) < 1, with
equality if and only if CC'Tw; = wy, i.e., if and only if w; € span C. The sum (21) is therefore maximized for C' = Q-

Therefore, the supremum in (20) is attained for C' = Q) <= C = span ()], concluding the proof. O

Thus, the solution to (17) can be given as follows.

QT

Proposition B.9. Let k € [n], and let (Q) Q1) (A[k] A ) (QL’F}> = B be a spectral decomposition of B € Sy (n),
1 il

with the k largest eigenvalues in Ay). Using the same notations as before, the problem (17) is solved for C = span(Q).

In this case, o* = N (0, Bly,), where B|j, = Q[k]A[k]QF,;].
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Proof. Lemma B.8 already shows that the supremum is obtained for C = span ;). In this case, the optimal o, the
projection of 3 onto C = span )}, has covariance matrix

A* = / 227 da*(z) = / 227 d(pe) ,B(x)

— [ wead as(a)

= Qg iy S g
= QA QY

_ Bls.

B.3. Gradient of the Bures-Wasserstein loss

We give here the gradient of the squared-Bures-Wasserstein distance between two full-rank covariance matrices.

Notation (Differential). We denote the differential of f at X in the direction H by d f(X)[H]. Sometimes, with Y = f(X),
the shorthand notation dY is preferred, and it is assumed that the direction H is a small perturbation d X around X. For
instance, if Y = f(X) = XX ", thendY = dX X" + XdX " is one way to write df (X)[H] = HX " + XH'.

Lemma B.10 (Differential of L). The differential of L on S14(n) is
VS _ 1/21el/2wwl/2,7 /212
€8i1(n), X € Syp(n), dL(E)[X] =tr(X — X7 [5,/"E%7] X" X).

Proof. We will use the fact that, for A € S;4(n), dtr(4/2) = Ltr(A~Y/2dA). By the differential calculus rules,
for ¥ € S11(n),

dL(S) = dtx(S + 3o — 2(3,/*55%)2)
— trdY — 2trd[(SL/288L/?)1/2)
= tr(dS — (2975 %) "2 (2 25y))
= tr(dZ — 22 (T ° 25y %) V2 8y ? ax).

Corollary B.11 (Gradient of L). The gradient of L on S (n) is
~1/2
VE €S (n), VLE)=I-xi2sexly P eye

B.4. Difference between BW and its smooth version

In this section, we provide the proof of Lemma 3.3 stated in Section 3.

Proof of Lemma 3.3. Let Y = WW T and ¥, = WW T + 71,,. In view of (3.1), the difference between the perturbative
and the original loss is given by

Lz (W) = LY(W)| = |L(2;) — L' (W)| =

1/2 1/2
- 2tr <(2§/2272§/2> - (=P wwTsy?) >‘

<™ +2

1/2 1/2
tr((Eé/QZTEéﬂ) —(23/2WWT23/2) )‘ (22)

Let A := 2(1)/222(1)/2 and A; := 25/2272(1)/2. Note that A, = A 4+ 7%,. We aim to bound

tr (412 41/2)

tr ((A +ryg) /% - A1/2)

17
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We can bound the absolute value of the trace of a matrix by its spectral norm (defined as || X ||« := v/ Amax(X X T) for any
matrix X) as |tr (X)| < n||X ||, for any matrix X € R"*™. Then, a bound on || X||, can be found.

First assume that ¥ (hence A) is full rank, so that A > Apin(A4)I > 0. We can then use the perturbation inequality
from Schmitt (1992, Lemma 2.2) and find that

1

(A+1750)"% — AV2||, < 756 %
| 0 \/Amin(A+TEo)+\/Amin(A)H o |l
Since
>\m1n(A + TZO) 2 )\min(A) + )\mm (720)7
)\mln(A) > )\min(z))\min(z())v
and  V(a,b) € (Re0)’, Va+ Vb2 Vath
one gets
i Amax (5p?
I(A+750)"% = A2, < 1/72” o < |/t $/2),
)\min(zo ) T+ 2Amin(2) )\min(zo )
so that
Amax (Zg*
tr ((A + 720)1/2 - A1/2> < nﬁi( %2).
)‘min<20 )
Plugging it into (22) yields the following bound
2max (5572
|L(2,) — L(Z)| < ny'T <ﬁ+ (10/2)> : (23)
)\min(zo )

Now, in the case where 3 has a rank deficiency, by continuity of the function X ~ tr (X v 2), the bound found in (23) still
holds, since it does not depend on 3. This completes the proof. O

C. General results for linear networks

This section deals with general properties of linear networks and their first- and second-order differential in parameter space.
We first recall results that hold for any differentiable loss £! on R™”*™ and its parametrization £ = £! o ;1 on ©. These
results have a long history in the linear neural networks literature (Baldi & Hornik, 1989; Kawaguchi, 2016; Arora et al.,
2018; 2019a; Chitour et al., 2022; Bah et al., 2021); we report them here borrowing the presentation from Bah et al., 2021.
By convention, the product of matrices W, := W, W, _1 --- W), is equal to I4, when q < p.

Lemma C.1 (Gradient flow, Bah et al. 2021, Lemma 2.1). For any differentiable loss L', and parametrization LN =rlo L,
such that u(Wh,...,Wx) =Wy --- W1, one has:

1. Forall j € [N], N . ) .
VWJ;C (W17...,WN) = WN]-‘,-lV‘C (W)W]—ll (24)

2. If each of the W;(t) satisfies the flow (1), then the product Wy., = Wy - - - W7 satisfies

N
dW(t
% ==Y Wyt Wiy VE (W W,L W 1a (25)
j=1
3. Forallj € [N —1]andallt > 0,
d, -+ d .
7 Wir1(OWin(8) = 5 (W;(0)W; (1)) (26)
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4. If W1(0),...,Wn(0) are balanced, then, for all j € [N — 1] and all t > 0, WJ+1( Wit (t) = W; (t)VVjT (t) and

Ji—1

o Z ) T L W)W W) T =o. on

R(t)

In the case of a twice-differentiable loss £! and the parametrization LY = L! o y, one can express the second-order
differential as follows.

Lemma C.2 (Second-order differential). Let (ﬁ, 7) € © X © be two parameters, ﬁ = (U1,...,Un), 7 =V1,...,VN).
The second-order differential of the loss LN at W = (Wy,...,Wx) € O is

N
LT,V =S S WL Wk -V WL Wy W)
i=1 j#i
N N (28)
+ 3> vee(U)' (Wi,l;l ® (Wisig1) | - VELAW) - (Wy_1a) ' @ (WN:j+1)> vec(Vj),

where (A, B) = tr ABT for two matrices of compatible sizes and V2L (W) € R X" is the matrix such that, V(U, V) €
(R Q2L (W)U, V] = vec(U) T V2L (W) vec(V).

Proof. The second-order differential for the parametrization ¢ is, for two parameters (ﬁ, 7) €0 x0,

2o 77—dWHd¢( >[U}>[71:{d¢ﬁ+77f %U}}hm

ZWN—H/N Ui (Wy + V) ZWN W

i=1
N

Here, f (U?, 7) |iin refers to the linear part of f with respect to each U;, V;. From the chain rule for second-order differentials,
2N [T, V]

= (L o )T, V]
:d%l(W)[dqs(v_v))[ﬁ],dgb(v_&)[?]}+dcl( [d% 77}

I
/—/H

lin

e Uy - WL

wMz

N
d2£1(W)[WN'-'Ui-"W17WN"-Vj-'-Wﬂ+sz£1(W)[WN-“Vj-"Uz‘"'Wﬂ
i=1 j£i

I
M-
] =

o
Il
-

.
Il
_

I
] =
Eﬂz

(WN"‘Ui"'Wl)TVQ»Cl(W)VeC(WN"'V}"'Wl)+Zz<v£1(W)7WN""/}"'Ui"'W1>

@
Il
-

-
I
-
-
Il
-
<
S
<

(Wt W) © Wy Wegr)vee()) V2L W) (W W) © (Woy - W) vee(V;)

I
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s
Il
—

.
Il
—

WNVL: ( ) WTlaU'>
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i
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O

Corollary C.3 (Hessian of the Loss). The Hessian of L, V2L (0), can be represented as a dg x dg matrix. It is a block
matrix with blocks corresponding to different layers. Each block V%,V“Wj LN (W) has dimension d;d;_1 x djd;_1, and

corresponds to the differential dQEN(W)[Ui, ﬁJ] where 71’ =(0,...,0,U;,0,...,0). The diagonal block elements are
%
V. LY W) = (Wicia @ (Wisig1) ') - VELAW) - (Wiz1a) ' @ (W), (29)
and the off-diagonal blocks are

Viv,w, LY W) = (Witta ® Wnr) ) - V2L W) - (Wym1a) " © W) (30)

i—

N
| Wi AL W) Wy W) @ (W W) K, s

where K, is the pq-commutation matrix (for X € RP*9, K, vec X = vec X ).

H
Proof. The evaluation of the second-order differential d? L (V[/')[ﬁ7 7] given in (28) at [ﬁz, ﬁz] readily provides the
diagonal blocks of the Hessian. For the off-diagonal blocks, the expression

(s, WiTH e U]T WAL W)W W)
can be transformed into
vec (U;) " vee (W, - Ul - WVL W)W, - Wiy)

= vec (U;) " [(Wiq  WAVLE W)W - W) @ (Wi - T

)] vee(])
= vec (U3) " [(Wiey - WAVL W)W+ Wyi1) @ Wy - W) Kapa, -, vee(U),
proving (30). O

Now, for the smooth BW loss, we would like to show convergence to a critical point of LY under the gradient flow update of
the parameters. We first show that the BW loss L' restricted to the matrices W of full row-rank M, satisfies the so-called
Lojasiewicz inequality (meaning there exist constants ¢ > 0, 4 > 0 such that, for all W € M, in a neighbourhood of a
critical point W* € M., [[VLY(W)|| > || LY (W) — LY (W*)||*).

Lemma C.4. For any W € M, (such that WW'T € S, (n)), and for the loss L' defined in (5), we have

IVw L (W) = ALY (W).
Proof. This equality can be obtained by direct computation. Since
VLY (W) = 2W — 2525 Pww Tsd/?)-1/25l 2w,
we have
IVw LY (W)
— 4tr ((W — 2 Pww Ty ) T e Py (W — WTZ})/Q(z})“WWng/Q)—l/Qzé/z))
= 4te(WWT) — dtr (WWTE}/Q(25/2WWT25/2)*1/22})/2)
—dtr (B2 PWW TS 2R AW T ) + dte(So).
Note that the mid two terms above are the same, and they can be simplified as
tr (WWTE}J/Q(Eé/QWWTEé/Q)—l/Qz})/Q) = tr (23/2(23/2WWT23/2)—1/22})/2WWT)
= tr (P Ww Ty 2).
Combining all the terms together, we get the equality (C.4). O
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The conservation quantity described in Lemma C.1 item 3 for the gradient flow (1) is key in numerous analyses. Another
useful property is the following, which ensures that the gradient flow (1) converges to a critical point of £¥. Namely, if the
trajectory t — W (t) remains bounded for all ¢ > 0, and if £ is an analytic function (i.e. locally given by a power series),
then (1) converges to a critical point of £V, i.e. a point #* so that VLY (6*) = 0. This is stated in the next theorem.

Theorem C.5 (Gradient flow converges to a critical point of L), Let L' be analytic and suppose the trajectory t — 1(6(t))

remains bounded under the gradient flow evolution § = —V [L! o p] (). Then, the flows of W;(t) and W (t) given by (1)
and (25) are defined and bounded for all t > 0 and (W1, ..., W) converges to a critical point of LN = L o past — oo.

Proof. This result is proven by Bah et al. (2021, Thereoem 3.2) for the squared error loss, but it can be stated for an arbitrary
analytic loss. It relies on the Lojasiewicz argument for the convergence of gradient flows (Absil et al., 2005, Theorem 2.2),
and the fact that each of the weights W is bounded in norm as long as the end-to-end product 1(6) = Wy is. This last
claim is proven by Bah et al. (2021, Theorem 3.2) and does not depend on the particular loss, as long as it is differentiable
(so that the gradient flow is well defined). O

The boundedness of ||WW]| can be shown depending on the loss that is considered. For example, it holds for the regularized
loss L! as we discuss next. For the loss L! introduced in (6), one can indeed bound the norm of W' throughout training as
stated in Lemma C.8 below. Since the loss L? is analytic, one immediately gets the following result. We give a simple test
to show the boundedness of a trajectory under (1), using the decrease of the loss along training.

Lemma C.6. Let £': R™*™ — R be a given loss, let j1: © — R™¥™ be the linear network parametrization, and denote
W(t) = u(0(t)) for 0: R — © a path on the parameter space. Assume that there exists an increasing function f: R — R
such that, for any t > 0, one has |W (t)|| < f(LY(W (t))). Then, the trajectory t — W (t) under the gradient flow (1) is
bounded.

Proof. Under gradient flow, for any ¢t > 0, L1(W(t)) < L£Y(W(0)). Indeed, writing the chain rule and the gradient
flow (25),
LA W @) =D D, LY Wa(0), .., Wi (1) T2
J
- 7Z|\VW7LN(W1,...,WN)||§; <0.
J
Therefore, for any ¢ > 0, L1(W (t)) < LY(W(0)). Now, let f: R — R be an increasing function, so that f(L£*(W(t))) <
f(LY(W(0))). Therefore, if forany ¢ > 0, [W()[| < f(L1(W(?))), then [W(t)[| < f(LY(W(2))) < F(LH(W(0))) is
bounded. O

The assumption in Lemma C.6 is satisfied for a couple of losses, including the squared error loss (Bah et al., 2021) and the
Ll loss, as shown in Lemma C.8 below. This allows us to consider losses that “grow with the weights”, so that the end-to-end
matrix is bounded when the loss converges to zero. We now show the boundedness of the weights when considering the
Bures-Wasserstein loss (5).

Lemma C.7 (Boundedness for the BW loss L). Given a target ¥, the loss L(X) is lower-bounded by % tr X — tr X.

Proof. By the dual expression of the Wasserstein distance (15),

L(X) = Wi(vp,v9) = sup /f dl/9—|—/fH ” y) dvg (),

feLt(ve)

with vy = NV(0, %), o = N(0, %) and fII* the ||-||2-transform of f defined as Vy € R?, fI'I* (y) = inf, cpallz — y||2 —
().

With f: 2+ L||z|/%, the ||| >-transform of fis fI1°: y s —||y||?, and we get

L(E)zW%(ww)>/f\|wll2dw /||3/H2dV0 —trz—trzo, 31
as claimed. O
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Lemma C.8 (Boundedness for the loss LL). The norm of the end-to-end matrix W is upper-bounded when using the loss
L} defined in (6).

Proof. With ¢, (X) =X + 71, =: %, the loss L! satisfies

1 1
LL(W) = L(p,(n(W))) > 5 trZ, —trZ = S tr WWT —tr, + gr

—  2LL(W) +2tr % —nt > |W].

Therefore, there exists an increasing function f such that ||W| < f(LL(W)). Since the loss decreases under gradient flow,
one has

IW ()]l < v/2LLW(0)) +2tr X — nr, (32)

and the boundedness of ¢ — W (t) is shown. O

Corollary C.9. For the Bures-Wasserstein loss L, if WW T is positive definite, so that the loss is differentiable, then, the
norm of the end-to-end matrix W (t) = u(0(t)) is uniformly bounded throughout the flow:

Vi >0, [W ()] < /2L (W(0)) + 2 tr o, (33)
by using similar arguments as in the proof of Lemma C.8.

Corollary C.9 will be useful in the proof of Theorem 5.7.

Lemma C.10. The gradient flow (1) on the perturbative loss (6) converges to a critical point 0* of LY.

This property of the gradient flow is necessary in order to prove the convergence of the training to a minimizer of L1. At
first glance, there is no immediate reason to expect that the critical points of LY correspond to critical points of L., since
the parametrization p could introduce critical points. This last aspect led Trager et al. (2020) to distinguish between the pure

and spurious critical points of a linear network; i.e. points that are critical for both LY and L', and those that are critical
only for L”, and study conditions under which spurious local minima can be excluded.

D. Proofs of Section 4

In this section, we provide the proofs of the statements about the critical points of the loss functions in function space,
LY M(k) and LY M(k)- We characterize the critical points and show that all saddles are strict.

D.1. Critical points of L' | v

First, the loss L' is expressed on the manifolds M (k) (Lemma D.2), where it is differentiable (Lemma D.3). Then, necessary
conditions (Lemma D.5) on the critical points can be expressed, leading to the first part of Theorem 4.2. The second part of
Theorem 4.2 is then proven by evaluating the loss at the critical points found, and ranking them.

Recall Definition 4.1 of the critical points of a function restricted to a manifold. Computing the differential of the restriction
L' M(k) Will allow to characterize the different critical points.

Definition D.1 (Gradient). Given an embedded manifold M and a function f with a differentiable restriction f|, the
gradient of f|xq at z € M is the (unique) element of the tangent space T, M such that, for all v € T, M, d f|sm(z)[v] =

(Vflam(z), ).
We begin by expressing the loss L' M(k) With the Singular Value Decomposition (SVD) of E[l)/ W

LemmaD.2. Let USVT = S/2W be a thin SVD of S/*W, so that U € Rk V e Rm*k UTU = VTV = I, § =
Diag(s1, ..., sr) € RF*k where k = rank Eé/QW = rank W. The loss L' from (5) on M(k) can be expressed as

LY gy (W) = W + 110713 — 2t S. (34)
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1/2 1/2 1/2 1200 T2
Proof. TEUSVT = X5/*W is a thin SVD of $/2W, then (S¢/°W (Sy/*W) ) = USUT. Therefore, the expression
of the loss L! given by (5) can be written as

LYy (W) = tr WW T 05 — 2tr USU T = |W|% + || S%|[% — 2tr S,

as claimed. O

With this description at hand, we now give the gradient of L!| M(k)-

Lemma D.3 (Gradient of L'| ). Let (n,m) € (N'\ {0})?, and let k < min{n,m}. The loss LY pmky (as given

by (34)) is twice continuously differentiable on M(k). With W € M(k) and USV T = Eé/QW a thin SVD on(l)/QW, its

gradient is
VL pigy (W) = 2w — 253/ °0V T, (35)

In order to prove Lemma D.3, we need the differential expression for the singular values appearing in the SVD of a matrix.

Recall the notation given in Appendix B.3 for the differential.

Lemma D.4 (Differential of the SVD). Let k < min{n,m} and let X € M(k) be a matrix with rank X = k. Let
USVT = X be a thin SVD of X, withU € R**F § € REXF 'V € Rm*F S diagonal and UTU = V'V = I},. Then, the
differential dS is

dS =10 (U"dXV),

where A © B denotes the Hadamard product between A and B.

Proof. LetUSV T = X be the decomposition as given in the lemma statement. The differential rules ensure that
dX =dUSV' +UdSVT +USdV".
This implies that

UdXV =U"dUSV'V+UTUdSV'V +UTUSAVTV
=UTdUS +dS+ SdV'V
= dS=U"TdXV -U"dUS - SdV'V.
Since U'U = I,, dUTU+UTAU = 0,and A := U"dU = —dUTU = —AT. Likewise, B := VT dV is also
antisymmetric. The matrices A and B being antisymmetric, their diagonals are null; hence so are the diagonals of A.S and
SB,ie. I, ® (AS) = I © (SB) = 0. Since S is constrained to be diagonal, dS must also be diagonal, i.e. I;; ® dS = dS.

Therefore,
dS=1,0 (U"dXV),

as was claimed. O

Now that the differential of the singular values is available, we are ready to prove Lemma D.3.

Proof of Lemma D.3. For W € M(k),1etUSV T = 25/2W be a thin SVD of 28/2W =: X. Lemma D.2 ensures that
L'y (W) = [WIE + 12615 — 21 S. (36)

According to Lemma D.4, the matrix S is differentiable and has differential dS = I}, ©® (U T dX V). Therefore, the loss
L' M(k) 1s differentiable. With the fact that d tr S = trdS (see, e.g. Magnus & Neudecker, 2019, Chap. 8, Eq. 18), we can
compute

dtrS =trdS =tr (I, © (UTdXV)) =tr (U" dXV)
= (UVT,dX) = UV, s2aw) = (5 2UvV T aw).
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Moreover, d||W||% = 2(W,dW), and so
AL gy (W) = AW} — 2dtr S = 2(W — 25UV, dw),

and
VL gy (W) = 2(W — 520V T).

Since matrices U and V' are continuously differentiable on M (k), VL | pq() (W) = 2(W — Z(l)/ *UVT) is again continu-
ously differentiable, and L' M(k) 18 twice continuously differentiable. O

We are now ready to give the proof of Theorem 4.2. We divide the proof into necessary and sufficient conditions for a point
to be a critical point of L' | vq(x)-

Lemma D.5 (Necessary condition on the critical points of L*| M(k))- Assume Yo has n distinct eigenvalues. Let W* € M(k)
be a critical point of L' | m(k)- Then, with UsS* V=T = Z(l)/QW* a thin SVD ojiEé/ZW*, and QAQT = ¥ a spectral
decomposition of ¥ (i.e. with Q € O(n)), there exists Ji, C [n], such that S* = Az, and U* = Q 7,.

Proof. Since W* € M(k), and U*S*V*T = S5/ * is a thin SVD of /W, this means that §* € R¥*¥, Then,

VLY W*) =0 = wr =2V, by (35)
= NPWr=xutveT
— U*S*V*T _ EOU*V*T

= S* = U*T8U", UUt =L, VTV = I
Therefore, U* ' SoU* must be diagonal; and since U™ is semi-orthogonal, this is the case if and only if the vectors in U™ are
eigenvectors for ¥, by uniqueness of the spectral decomposition of 3. Therefore, there exist j1, . . ., ji indices between 1
and n such that U* = (w;, -+ wj,) = Qg,, in which case

)\jl
§* = Qg Sy, = =Ag,.
Ak
O

Now we are ready to prove the first part of Theorem 4.2.

Proof of Theorem 4.2, first part. Consider the expression for the gradient of L? | M(k) given in (35). The necessary condition
follows from Lemma D.5, since

VL gy (W) =0 = S 2W* = Qs A5 VT
=  wr=x""Q5A, V"
= QA Y2QTQ, A VT
= QA V2N, VT
= QAV2p, VT
= QP; AV
= Qs AV,

which corresponds to the necessary condition in Theorem 4.2.
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The sufficient condition can be verified as follows. With W* = Q 7, f\lijT, one has E(l)/QW* =QA2QTQ 17\}7/51/—'— =
Q7. A7, VT, and, as this is a correct thin SVD of Zé/QW*, Lemma D.3 gives

VL oy (W*) = 20W* — 55205, V7).

Further,
520, = QAY2QT 0y,
= QAY/2P;,
=QP; A}’
= QA2
Hence
VLY iy (W) = 20W* = 2/°QVT) = 2(Q, AL VT — Qg AYPVT) =0,
and the sufficient condition is verified. O

Now, the loss can be evaluated at the critical points in order to identify its minimizers.

Corollary D.6 (Value of L' at the critical points). The value of the loss L' at a critical point W* = ) Jk/_&}/kQVT is
Ll(W*) =trA— tI'l_\jk = Zi%]k A

Proof. For k > 0, let W* be a critical point of L!| M(k)- From Theorem 4.2, with 3o = QAQT a spectral decomposition of

Yo, there exists a set J;, and a semi-orthogonal matrix V' € R™*¥ such that W* = Q 7, /_\%CQVT. One can then compute the
value of the loss at W*:

Ty 1/2
LYW*) = e W*W*T 4 tr Sy — 2tr ((2(1)/2W*)(Z(1)/2W*) )

_ B 1/2
= trQs As Qg +trA — 2tr (QJkAQJkQ}k)

=trAg +trA—2trAg,
=trA—trAg,.

We now have all ingredients needed to prove the second part of Theorem 4.2.

Proof of Theorem 4.2, second part. The first part of the statement is readily implied by Corollary D.6, as the eigenvalues are
in decreasing order. The second part is implied by the fact that the minimum L!| M(k) 1s indeed achieved for any & < n (by
selecting the £ largest eigenvalues of ) and the optimal value of the loss L} is smaller when considering more eigenvalues,
ie. minpqy L' < minpg gy L O

Next we show that only one point per set M (k) is a minimizer of the loss L' | v((x) and all other points are (strict) saddle
points. We recall the definition of a strict saddle point: a point where there exists a descent direction.

Definition D.7 (Strict saddle point). A critical point x of a function f is said to be a strict saddle point if the Hessian of f at
x has a strict negative eigenvalue. If all critical points of f are either a strict saddle point or a global minimizer, the we say
that f satisfies the strict saddle point property.

If the gradient flow can be expressed on a manifold, with a Riemannian gradient corresponding to a given metric, there is an
equivalent definition of those saddle points, which will be handy to use. We refer to Bah et al. (2021, §6.1) for the details.

Proposition D.8. The loss L' | M(k) Satisfies the strict saddle point property.
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Proof. Let ¥y = QAQT be the spectral decomposition of ¥y with decreasing eigenvalues. For k& € N, according to
Theorem 4.2, W* is a critical point of L'| vy if and only if there exists 7, C [n], such that W* = ijA;/kQVT, with
any V € R™*¥ so that V'V = I,,. If Jj, = [k], W* is a global minimum of L'| (1), as shown in Corollary D.6, and the
proposition holds.

Assume Jj, # [k], then there exists jo € Jj such that A;, < A, and there exists j; ¢ Jj but j1 € [k] such that A;, > ;.
We will show that W* is a strict saddle point of L?| M(k)-

The critical point W* can equivalently be expressed as
W =513 Nwi] (37)
1€Tk
where w;, v; are corresponding orthonormal vectors in §2 and V/, and A; are eigenvalues in A.
Fort € (—1,1), we define
Wi (t) =twj, +V1-— tzwjo
and the curve v : (—1,1) — M(k). We look at the perturbed matrix
—-1/2

i€T\{Jjo}

Note that v(0) = W. Recall L} (W) = tr (WW T + 5 — 2(Sg/*WW T5/?)1/2). Tt is enough to show that (Bah et al.,
2021, §6.1):

We check it term by term,

tr (vOy®)T) = tr (552 (o g, + 30 Awie]) oo (Dol + 30 Awin]) T5512)

1€ \{jo} i€ \{jo}
= tr (Eol()\ Wiy (t)wjo (t Z Mww, )
i€ \{jo}
( Z )\iilwiW;r)(A?owjo( w]o Z )\20‘)1 )
1<ign 167\{10}
~ Mg - + 0> N,
- A JO
Jn 76.7\{J0}

and

((21/2 ()V(t)TZ(lJ/Q)l/Q)
:“(“%o%o()” Y ) (s (0], + X dwel) )

i€eT\{jo} 1€T\{jo}

= (()\ wio (B)wj, (t Z Mww, 1/2)

i€ \{jo}
(] -0« T )

i€ \{jo}
:t|/\jo‘+ \% 1_t2|)‘j0|+ Z Al
i€ I \{jo}
Thus, since Aj, > Aj,
2 .
IO =282 = A) = Pl <0
This completes the proof. O
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D.2. Critical points of the perturbative loss L. |,

In this section, we provide the derivations for Section 4.2. The structure of reasoning is similar to the one found in the proof
of Theorem 4.2: first the gradient of L! is computed, then the critical points are characterized and ordered.

Lemma D.9 (Gradient of L1). The loss L. has the following gradient
—-1/2
VW e R”™ VLLW) =2(W — 52 [SP(WW T + 71,)%/?] / 5o/ 2W). (38)

Proof. This results comes from the chain rule for the loss L1 (W) = Lo ¢, o 7(W). With ¥ = 7#(W) = WW T and
Y, = ¢, (X) =% +71I,,and since dr(W)[Z] = WZ" + ZW T and dp,(X) = id, one has

ALLW)Z) = d(L o, o m)(W)[Z]
—a(2,) | der (2) an(7) 2]

AL(ENWZT +ZW )

(VLI (W), Z) = (VL(Z,),WZT + ZWT)
= VLL(W) = (VL(Z,) + VL(S,) )W
—1/2
— oW — sL2ml2s sl T Pl

With the expression of the gradient of L1 available, Theorem 4.5 can be proven.

Proof of Theorem 4.5. The eigenvectors of WIW T + 7 are the same as WIV7, and the eigenvalues are shifted by 7.
Therefore, the expression of the critical points in the original loss can be adapted, so that the modified critical points

have the same left singular vectors and shifted singular values. This leads to having W* = Q, (A7, — 71, k.)l/ 2VHT =

i 1/2
(27, Opxn—k) <(A‘7’“ 1)
On—ka—k

VVT = I,,,.In the following, we will make sure that VLL(W*) = 0.

) v VL)T, with V = (V VL) € R™*™ suchsuchthat V'V =

Indeed, assume without loss of generality that 2 = (Q 7. 9 jk) (and A = (AJ’“ A )), where J¢ := [n] \ Jj for
Ji

Ji C [n]. Then,

W*W*T:ij([_xjk—TIk)Q}k :Q(Ajk_TIk 0 )QT,
n—kxn—k

S = WWHT 1L, = WWHT 7007 = Q (Ajk I ) Q'
n—~k
1/2¢x1/2 1/200T Ajk T 1/200T ]\\27, T
3o TR T =QAVE0 Q Q QA“Q =Q k = Q,
TIn,k TA]C
A-1

—1/2 A I
Sy i) el — an2aTo ( i (T/_\jc)_l/z> QTQAY2QT = Q < ’ 7_1/2537/3) ar,
k k

and

w1/2 12l /2 20172 [ Ok ) T
I, - S (sl 2l sl _ g o~y | 97
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Since QTQ7, =I5, = ( >, with A € RE**_ the gradient evaluates to

0n—kxk

—-1/2 1/2

VLLW*) = 2(L, — 2 (2 2:5y%) 2y, (Mg, — 711

Ok xk A T /2,7
=20 ( I p— 7_1/2A37/§2> <0nkxk> (Ag, —11x) Vi

=0.

.
I

For such a critical point W* = Q. (Ag, — 71 k)l/ 2VT, with regularized covariance ¥} = W*W*" + 71, the value of
the loss is

1/2
LE(W*) = tr SF + tr$o — 2tr (S22 5)/?)

=) A=k DN+ DN =20 N+ D V)

JE€ETk JE€ETk JETS JE€ETk JETE
= Z Aj+T—=2y/TA;
jeTE
2
= > W=V,
jege

which is uniquely minimized of 7}, for J;, = [k] when the eigenvalues of ¥ are distinct and in descending order.

Moreover, as in the unregularized case, we have the increasing sequence of minimizers min () L} < min M(<k) L!
which, together with the identity M (< k) = M (k) U M(< k), implies that min vy L = minyy ) L7

The loss L! satisfies the strict-saddle point property in a similar fashion as Proposition D.8 for L.

Lemma D.10. The loss L} | M(k) Satisfies the strict saddle point property.

Proof of Lemma D.10. The proof of Proposition D.8 can be adapted, with the expression of the critical points as, if

Yo = QAQT, and with V' € R"** any semi-orthogonal matrix, W* = (3 — 7'In)_1/2 2?210\72 — 7w, O

We are now ready to prove Proposition 4.6.

— —
Proof of Proposition 4.6. The fact that W* = p(W*) is a critical point of LY | ¢z (with k = rank W*) if and only if W*
is a critical point for LY, as well as the fact that, when k = d = min;(d;), W* is a local minimizer of L. | M(q) if and only

%
if W* is a local minimizer of LJTV are straightforwardly deduced from Trager et al. (2020, Proposition 6), since Li is smooth.

The additional fact that any local minimizer of rank d of L | y4(a) is a global minimizer of L1 | r(4) comes from Lemma D.10:
Ll M(q) satisfies the strict saddle point property, therefore, the only critical points of Ll M(d) are strict saddle points and
the global minimizer.

Now, the expression of such a global minimizer is given by Theorem 4.5: with o = QAQT a spectral decomposition of 3

in descending order of the eigenvalues, there exists V' € O(m) orthogonal, such that W* = Q4 (Ajg — Tld)l/ ZV[;] and

SE=WW*T 471, =Q (AW] T> Qr. O

E. Proofs of Section 5

In this section, we provide the proofs of the convergence statements in Theorems 5.5 and 5.7.
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E.1. Bounds on the Hessian of L!

In this section, we provide bounds on the Hessian of the perturbative loss L. We first compute the Hessian the loss L
as a function of the covariance matrix, as given by Kroshnin et al. (2021, Lemma A.2). Then, a simple chain rule for the
differential allows to express the Hessian in the case the loss is a function of the end-to-end matrix W.

Denoting ¥, := WW T 4 71, the regularized covariance matrix, the loss L can be expressed in terms of the optimal
transport plan between X, and 3y (Kroshnin et al., 2021, Proposition 2.1). We have
L(Z,) =tr (5, + X — 2(50/°5,55/%)1/?)
=75y = D27 (39)
—ir (T30~ 1)3. (15 - 1),

where T3 = £¢/%(54/25,55/%) 712582 = 572 (21 2 nn/?) e 12,

This expression of the loss allows to compute its second order differential.

Lemma E.1 (Second-order differential of L., Kroshnin et al. 2021, Lemma A.6). Let W € R"*™ and let 7 > 0. Define
Y, = WW T 471, to be the regularized covariance matrix. Given that 3. > 0, the loss L given by (39) is twice continuously
differentiable at ¥... LetTQT'T = 2(1)/2272(1)/2 be a spectral decomposition ofE(l)/zETZém, with @ = Diag (q1, - - -, qn)-
ForY € 8;4(n), define A(Y') € S(n) to be the matrix with element A(Y),; = (\/q; + \/(Tj)fl(FTEé/zYZé/zf)ij. Let
G be the linear operator defined as

Gr: Sii(n) — S

40
Y — G (V) =X TQ 12A(Y)Q- /T e/, “0)

Then, the second order differential of L. is given by
Y(X,Y) € Sir(n)’, AL (3.)[X,Y] = (X,G(Y)). (41)

Proof. For completeness, we provide a proof of the statement different from the one by Kroshnin et al. (2021). We begin by
stating the first-order differential for the loss L evaluated on the PD matrix X,. This is given in Lemma B.10

—1/2
dL(Z)[X] = tr(X — 222y, 2y el x)

~1/2

= (1= 22625 5%, X).

Let GL(n) = {A € R™" | det A # 0}, and let f: GL(n) > F ~ F~!; then f is differentiable with differential
df(F)[X] = —F~1XF~! (Magnus & Neudecker, 2019, Theorem 8.3). Let g: ST, > A — A'/2 be the matrix square
root. The function g is differentiable on Sy 1 (n), and its differential can be computed as follows (Kroshnin et al., 2021,
Lemma A.1). Let A € S, 1 (n), and let TQT'T be its spectral decomposition, with @ = Diag(qi, . . ., gn). For X € S(n),
define (X)) € R™ " to be the matrix with elements 6(X),; := (/¢ + \/qu)fl(FTXl")ij. Then, the differential of g at A
in the direction X is dg(A4)[X] = T§(X)T'T.

Therefore, the chain rule on the differentials gives
d(f 0 9)(A)X] = df(9(4))[dg(A)[X]] = —AT2dg(A)[X]AT/? = —A7V2rs(X)rTATY2,
and, with A = 21/%5,51/2,
P’L(2-)[X, Y] = d(Z; = dL(Z,)[X])[Y]

-1/

= d(er(X — (232278, 5) s )Y

— —u(zy ey My )sy A
= — (S (- ATATa(d (35, 2 2 YT A5 X)
= tr(S)/ P TQ25(2Y Py S/ QAT T Rl 2 X)

= (X,G,(Y))
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with
G, (Y) =5/’ TQ V2A(Y)Q /I Tx)/?
and
A, =62 YEy?) = (Va + @) T 0TSV S ).
O

In order to express the Hessian of the loss as a function of the end-to-end matrix W, we need the chain rule for the
second-order differential. We first recall the chain rule for the second-order differential.

Lemma E.2 (Chain rule for second-order differential, Magnus & Neudecker 2019, Theorem 6.9). Let f: R — S and
g: S = T be two differentiable functions on open sets, such that h = go f: R — T is always well defined. Then, given
two directions u, v, the second-order differential of h at c is

d*h(e)[u, v] = d*g(f(e))[df(e)[u], df(e)[v]] + dg(f(e))[d*f(e)[u, ]]. (42)

With this computation rule, we are able to give the second-order differential of L1 = L, o 7.

Lemma E.3 (Second-order differential of L1). Let W € R™ ™. For any U,V € R"*™, the second order differential of L}
at Win the directions U,V is

L (W)U, V] = (U H(V)),
where
H, (V) = 26, (VIVT + WV W + (I — SY2(sY 2, 512 2512y, @3)
and G, is defined as in (40).

Proof. Applying the formula (42) to L! = L, o 7 gives, with ¥ = 7(W) and d2x(W)[U, V] =UV T +VUT,

LI (W)U, V] = & L(Z)[dr(W)[U], dr(W)[V]] 4 AL, () [d*x(W)[U, V]]
=OUWT+WUT,G,(VWT + WV ) +tr(UVT +VUT)
s e, 2 Sy T Ve
— UG, (VW + WV W 4V — 525125 w1/ 5l/2yy
= (U,H-(V)),

—1/2
where we used the symmetry of 2(1)/ Q(Eé/ 2272(1)/ 2) / 3o to simplify the expression. O

The maximal eigenvalue of H, will be computed in Lemma E.9. But first, we study the eigenvalues of G.

E.2. Lipschitz-smoothness of L!

The aim of this section is to study the Lipschitz-smoothness of the loss L1. For that, we will study the spectrum of its
Hessian operator, and the closely related Hessian operator of L. We first recall the definition we take for the eigenvalues of
those matrix operators.

Definition E.4 (Eigenvalues of matrix operators). Let F: RP*9 — R”X$ be a linear operator. Then, its extremal eigenvalues
Amax(F), Amin(F) are defined as

Amax (F) 1= su UFU)), Anin(F):= inf
") UGR"X":IH)UHF:1< O ) UeRrx4: ||U|lp=1

(U,FU)).

One can use the bounds of Kroshnin et al. (2021, Lemma A.3) to bound the Hessian of the loss.
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Lemma E.5 (Bounds on the second-order differential, Kroshnin et al. 2021, Lemma A.3). Let G, (X) be defined as in (40).
The second-order differential of L. respects the following bounds

Al (B0 8,57

(X, G- (X)) < 5 272X 2 (44)
AL/2 21/22721/2
(X,6,(x) > Dm0 E200) v vz, (44b)

Those in turn bound the extremal eigenvalues of the Hessian, as defined in Definition E.4.

Lemma E.6 (Bounds on the Hessian G..). Let G, be defined as in (40). Then, the extremal eigenvalues of G are bounded
as

OT AInax (EO)
272 ’

T)\Hlil'l (EO)
2C2 ’
where C. = 2(L(X.:(0)) +tr(20)) is initialization-dependent. In particular, the loss L is strongly convex, with parameter

)\max(GT) g Amin(GT) 2 (45)

7-Arnin (ZO)

K, =
202

Proof. We first provide the proof for the maximal eigenvalue.

The maximal eigenvalue of the Hessian is defined as

Amax(Gr) = sup  (X,G.(X)).
X:||X||lp=1

From the upper-bound of (X, G- (X)) in (44a), one has

A (S8, 50

sup  (X,G,(X)) < sup [Daiaried oyl f

X:|| X||r=1 X: X ||lF=1 2
1/2 1/2 1/2
_ )\m/ax(z()/ ETZO/ ) sup ||Z_1/2XE_1/2||2F
2 X X[p=1 !
1/2 1/2 1/2
(0 EE) o
2 XX |p=1
1/2 1/2 1/2
— )\m/ax(zo/ Z:"'EO/ ) 2 (271)
2 max T
Ml (558, 5"%)
< )
272

The last inequality comes from the definition of X; if Ay > Ay > --- > A\p > 0 are the positive eigenvalues of WwT,
then X! = (WWT + TIn)_l has eigenvalues 7! = --- =7 ' > (e +7) = > (M 4+1) L
—_— ——

n—Fk times

For any positive definite matrices A, B € S (n) with increasing eigenvalues, and for any k € [n], we know that
Ae(A)M(B) < A(AB) = M\ (AY2BAY?) < N(A) A (B).

Therefore, we have the bound )\Ilﬁx(Zé/QZTZé/Q) < rln/azx(Zo) Iln/azx(ZT). Moreover, Apax(X:) < trX,, and from
Lemma C.7, we know that tr X, < 2(L(2,) — L(Xg)) =: C.. Therefore, we obtain

C‘I‘ )\max (E())

Amax G‘r <
(Gr) 272

The proof for the minimal eigenvalue is similar and follows from the bound (44b). In this case, the term A2 (Z(l)/ 22723/ 2)

min

can be lower bounded by /7T Amin(X0)- O
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Remark E.7. In a more generic situation, if @, . = S11(n) N {A € S(n) | Amin(A) > e}, then, the original loss L is
differentiable on Q,, .. The bounds found in Lemma E.5 are valid if 7 is replaced with €. Specifically, since Q,, . is convex,

the loss L is strongly convex on Q,, ., with strong-convexity constant K, = 7%3(20) where C' := 2(L(X(0)) + tr Xo).

The above Remark E.7 leads to stating the following lemma.
LemmaE.8. Forn € N\ {0} ande € Ry, let Q,, . := S (n)N{A € S(n) | Amin(A) > e}. Then, (Q,, - is convex and)

the loss L is strongly convex on Q,, ., with constant K. = 7%“'2(20), where C := 2(L(X(0)) + tr(Xo)).

Proof. Q,, ¢ is convex as the intersection of convex sets. On Q,, ., the Hessian of the loss L has its spectrum lower-bounded
as stated in Remark E.7. The proof of Lemma E.5 can therefore be adapted with ¢ in place of 7. O

The Lemma E.8 will be useful to state the gradient flow convergence result for the original loss L in Theorem E.15.

We now turn to the Hessian of Li, H,.

Lemma E.9 (Spectral bound of H..). Let H, be defined as in (43). The maximal eigenvalue for the Hessian of L} respects
the following bound

2 2
Amax(Hr) < AL/2 (23,/22723/2)£ +2(1 = Amin (52 (5528, 50

max 7_2

i) (46)

Proof. From (44a), one has for any X € S, (n),

A (D628, 582
2

(X,6,(X)) < =722
Let U € R™™. With X(U) = UW " + WU, the bound becomes

Ade (S * 2, 5y?)

OwWT + WUT,G.(X(U))) < 1= X (U) 2725

2
1/2 11/2 1/2
= 2w e (xy) < A EE) ey s
1/2 ;1/2 1/2
— 2U, G, (X(U))W) < Am‘“(ZOQZTzo >||2;1/2X(U)E¥”2H%-

Therefore,

—1/2
(UHL(U) = 20,6, (X(ONW + (T - 222, 5% sl
1/2 1/2 1/2
M (5 72, 2p"%)

= 2

—1/2
IS 2X () 2 42U, (1 - 222 ) e, @7)

We proceed by bounding each of the summands.

First consider the term HZ:UQX(U)Z)T_UQH?J = |71 X(U)||2. I U is such that |U ||z = 1, then | X (U)||% = [UW T +
WUT||?2 < 4|W||%. We know that ||W || < C for some constant C, c.f. (32). Therefore, |U||r =1 = || X(U)|| < 2C
and

sup  [STX(U)IE < osup IBTX(O)]F

U: lU|lp=1 X: | X||r<2C
= sup  4C?TIX)
X:IX]=1
_ 4C?
= 402)‘?11;1)((27- 1) = 7

32



Deep Linear Networks Trained with Bures-Wasserstein Loss

Therefore,

A11n/2x 21/22721/2 202
ap A0 E ) v ymoes < A2 ey e sl 2
U |U|p=1 2 T

The second summation in (47) can be bounded as

—1/2
sup  2(U, (I-s8/2 (2?5, 58 /23/2)U>
U: |U||lr=1
—-1/2 1/2
25'%)

—1/2

= Wmax(I — S/ 2(28/22, 552

1/2 5n1/2 1/2 1/2
=2(1- Amin(zo/ (20/ 2720/ ) Eo/ )

Lemma E.10 (Lipschitz-smoothness of LL). For T > 0, the loss W + LL(W) is Lipschitz smooth.

Proof. This directly follows from the boundedness of the Hessian showed previously and the convexity of L1 using Taylor
approximation. O

Once the Lipschitz-smoothness of the loss has been proven, one can turn to showing that the rank is preserved under
balanced initial conditions.

Proposition E.11 (Bah et al. 2021, Proposition 4.4). Let £ : R**™ — R be a Lipschitz smooth function (i.e., a differentiable
function with Lipschitz gradient). Suppose that W1 (t), . .., Wy (t) are solutions of the gradient flow (1) of L™V with balanced
initial values W;(0) and define the product W (t) = ¢(8(t)) = Wy (t) - -- Wi (t). If W(0) is contained in M(k) for some
k € N, then W (t) is contained in M(k) for all t > 0.

1/ 1/

N N

Proof. Let P(t) = Wi(t) " Wi(t) = (W) W ()" and Q(t) = Wx(OWx(t) = (W(@HW(t)") . The proof
follows if the gradient flow is locally Lipschitz continuous in P, @), W, so that the curves P, Q), W are uniquely determined
by an initial datum P(0), Q(0), W (0). From Equations (1) and (24),

P=-wTvc(w) - v w) w,
Q=-—vorwwT —wveiw)',
N
W=-Y QNIvLl(w)piTt.
j=1

Now, with the assumption of Lipschitz continuity of the flow, a given solution is uniquely determined by the initial data, and
the proof tools of Bah et al. (2021, Proposition 4.4) can be used here as well. O

Remark E.12. The loss Li satisfies the conditions of Proposition E.11; therefore, the flow on Ll remains in the manifold
M(k) if W (to) € M(k) for some tg.
E.3. Proofs of gradient flow convergence

We first prove here the convergence of the gradient flow of LY to a parameter corresponding to a covariance matrix that
is a global minimizer of L., under the assumptions of balanced weights (Definition 2.1) and modified deficiency margin
(Definition 5.2). Then, in Theorem E.15, we state the theorem for the original loss, under the same assumptions on the
weights.

Proof of Theorem 5.5. The idea of the proof is to transfer the strong convexity property from L. to the evolution of the
parameters. Let us start by the inequality which holds due to strong convexity

1
_ ¥ < T 2
L(E:) - L(Z) < 5 IVLEIP,
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where K is the constant from Lemma (E.6). Rearranging the terms in the above equation, we have

T

—|IVL(E)|? € —2K; (L(S,) — L(3)) - (48)

On the covariance space, for the regularized loss, the gradient flow is written

L) — (VL (), £3(1))

— (VL. (S), W 4 dWypT)
= 2(VnL (D)W, ).

The expression of % is given in Lemma C.1.2:

dw

N
a D Wi Wy VI (W)W, W
=1

N—¢

Since VLY (W) = 2VL(Z )W and from the balancedness assumption we have Wiy 41 WJQI—:J’H = (WWT) ™ and
W, Wi = (WTW) , we get

AL (3(1) _ v Nt I
T_—4;<VLT(Z)W,(WWT) VL (Z)WWTW) V).

Now, let USV' T = W be a (thin) SVD of W, so that WW T = US?U T and WTW = V.S2V " For one layer £ € [N], w
then have

(VLW (W) T VLW TW) T ) = tr (VLS >W<wTw> WTVL( ><wa>¥>
= tr (VL () USVT VSUTVL,(Y)
— tr (UTVL(S)US™ v UTVL(D)US ~ )

2(N+Z 1) 2(N 2)

=({U'VL.()US™ ~ ,8 % U'VL(S)U).

)

2(N+tz 1)

Let X :=U'VL.(X)U, D:=S~ ~ ,and E :=

(XD, EX) for the diagonal D, E as
(XD,EX)=> X;;D;X; ;E; =Y E;D;X?.
,J i3

2(N—¢) 2(N+4£—1)

Since E; =s; ¥ andD; =s; ¥ ,and due to the modified margin deficiency assumption, for all (i, j) € k], we
have E; > % and D; > R 5o that
2(2N 1) 2(2N 1)
(XD, EX) ZX X% (49)

Since X = UTVL,(X)UT, we have that || X||% = ||VL,(X)||%, so that in total

N
d 2(2N 1) 2(2N 1)
L) < —4) ¢ v ||VL(E)|F = —4Ne IVL- (D)1
(=1
From the strong convexity of L, (48), we get the bound
2(2N 1) x
%LT(Z( )) < —8Nc¢™ N KT(LT(Z) - LT(Z ))
! L(L(S(t) — L (7)) < 8NN K
= LEm) - L ar O ) S SN



Deep Linear Networks Trained with Bures-Wasserstein Loss

Now, by integrating both sides from 0 to ¢,

2(2N—1)
N

K.t

N <L<2T<t>> - L(z)

Let Af = X,(0) — X¥ be the distance from the initialization to optimality. Finally we get the desired exponential rate

2(2N—1)

L(E. (1) — L(E3) < e8¢ ¥ Ketar,

which concludes the proof. O

Remark E.13. The modified deficiency margin assumption Definition 5.2 is used only in order to lower-bound the singular
values of the parametrized covariance matrix WWT in (49). Furthermore, under the MDM assumption, the parametrized
matrix is always full-rank and, therefore, we do not need to regularize the loss in order to define the gradient flow and to
prove convergence of the same.

Remark E.13 suggests that we can adapt the statement of Theorem 5.5 in two ways. Namely, we could substitute the MDM
assumption with the weaker condition (11), or we could keep the MDM assumption and substitute the regularized loss by
the unregularized loss. In the following we briefly discuss the arguments for the latter of these two options.

Fore > 0, let Q(n, ) i= Sy (n) N {A € S() | Amin(A) = €}

From Lemma E.8, we know that the loss L is strongly-convex on the set Q,,., for € > 0, and the convergence of the gradient
flow will therefore be linear on this set. Under the modified margin deficiency assumption, we know that the parametrized
covariance matrix remains in the set Q,, .2, as stated in the next lemma.

Corollary E.14 (from Lemma 5.3). If W satisfies the modified deficiency margin assumption at some time t, then,
WwT e Q,, 2 for all time.

Therefore, the modified deficiency margin assumption allows to conclude on the linear convergence of the gradient flow for

the original loss L.

Theorem E.15. Assume both balancedness (Definition 2.1) and the modified deficiency margin (Definition 5.2) conditions
. —

hold. Then the gradient flow W(t) = —VLYN(W(t)) converges as

2(2N—1
N

)

L(X(t)) — L(%*) < e 8N¢ LV, (50)

where K = 7”0222';‘(20) is the strong convexity parameter from Lemma 5.4, with C = 2(L(X(0)) + tr(XZo)), and
A} = X(0) — X* is the distance from the optimum as initialization.

Proof. Under the modified margin deficiency assumption, by Corollary E.14, the model covariance X(t) = W (¢)W (t)
has its eigenvalues lower-bounded by ¢? at all time ¢ > 0. Therefore, the proof of Theorem 5.5 can be adapted, with c? in
place of 7. O

E.4. Proof of gradient descent convergence

We start by proving Lemma 5.3 so that with the modified margin deficiency assumption on the initial weights, W T does
not degenerate along the gradient descent training algorithms.

Proof of Lemma 5.3. Let U(k) = argming o |v/W kW (E)T — S¢/°U|% for each k, then as L'(W(k)) <
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LY (W (0)) for all k > 0, we have

u
(S 0W)
> uin (2520 (K)) = Iy WERW R)T = 2520 (k) |
= omin (S5 U (R)) = VITW(R))
> o (5520 (k)) = VIT(W(0))
= 0w (2520 (R)) = I/ W(OW(O)T - 5520 (0)]
)

61y

The cancellation in the last equality works due to the fact that the multiplication with an arbitrary unitary matrix does not

change singular values.

O

Now we are ready to prove the finite step size gradient descent convergence of the BW loss. We consider the perfect
balancedness of initial values W;(0),1 < ¢ < N in the remaining proof. The approximation balancedness case can also be
carried out but require more complicated auxiliary estimates. We leave the approximate balancedness assumption as a future

direction.

Proof of Theorem 5.7. Let us start from the gradient descent of the loss with respect to each layer

W;(k+1) = Wi(k) — nVw, LN (Wi (k), - - W, (k))
= W(k) = nWjtan (k) Vw L' (W (k) Wij-1 (k) T, 1<j <N,

with the boundary conditions W1.o(k) = I, and Wi 1.5(k) = I, forall k& > 0.

—>
With the notations W = (Wy, Wa,--- , Wy ) and

. Vi, LY (W)
VINW) = : ,
Vi LY (W)

we consider to write the Taylor expansion in the form

LN (W (k+ 1)) = LY (W (k) + (VLY (W (1)), W+ 1) = W (k) )

+ %<(W(k +1) = W) TV2LY (AL (k) Wk + 1) = W (k) ),

with
AL(k) = W(k) + €W (k +1) — W(k)), forsome ¢ € [0,1].

Recall the relation (24), for 1 < j < N,

Vw, LYN(Wi,... . Wy) =W} - Wy Vw L'W)W - WL
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then the first order term in (53), under (52), can be written as

(VLN (W (1), W (k1) — W (k) ) = va LN (W (k)T (W; (4 1) — W; ()

N
=0y Wi WAVw L (W (k) Wy - Wi Wy - Wy Vi LN (W (k)W - W,

j—

(54)
N
==Y Wig - WiV LW (R) T (W W )N~/ Vo LW (k)W - WL,
N . .
=03 G (W W)Y )i (W7 Wlw-l) IV w L (W (k) 13-
j=1
Throughout the computation above, W; = W;(k) for all 1 < ¢ < N. Moreover, we use the balancedness W WT =
WJ +1WJ+1 forall 1 < ¢ < N — 1 so that, in the symmetric structure above,
Wy - Wi Wy - Wy = (Wy W)V
Wy WL Wy W = (W W)
Therefore, thanks to Lemma 5.3,
i (W ()W (0) )™ ) = o (W2 (B) TWA())Y ) = i (W (R)W ()T ) > €,
from which we get
= = — 2(N-1)
(VLN (W (), Wk +1) = W (k) ) < —nNe™ 5 [V L (W (k) (55)

Let us mention that Arora et al. (2018, Theorem 1 and Claim 1) provide rigorous derivations about the equalities above. The
second order term in (53) is more complicated to handle, as we have

2L (W) NoX d2LN (W)
2IN(
VLY (TR, X] - Z< a2 X;) PP .<Xj’ dW; AW X (50)
J=11i=1,i#j
— —
Thanks to Corollary C.3, we have expressions of dzg;vv(_gw) and ‘fML,jV (;;/VV,) ready.
j J
Note that we have the boundedness (Corollary C.9)
IWle < V2L W) + [S52]2) < /2 (W (0) + 1252]13) = M, 57)
and it is straightforward to see that
IWill3 < WY, forall 1<i< N. (58)

Moreover, for all 1 < ¢ < N, since € € [0, 1],
Ag,i(k) = Wilk) + E(Wik + 1) = Wi(k)) = (1 = Wi(k) + EWilk + 1),
we then have the uniform upper bound for all £ > 0,
14ei(k)lle < (1= OIWi(B) | F + EIWilk + 1)l » < MYV, (59)

Using A¢ (k) = Wi(k) — EnWs1.n (k) TV LYW (k))W1;—1(k) T, we can obtain a lower bound in terms of the
minimum singular value,

Omin (Aﬁ,l(k)A&’b(k)T)
2 Omin (Wz‘(k‘)Wi(’f)T) = 260||Wi (k)| p [|Wjs1on (B) | 2 | W1 () |2 [ Vo LH (W () || (60)
> ¢ —dnpM /LY (W (k) = ¢® — 4nM /L1 (W (0)),
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where we utilize (C.4), (58) and (57), as well as non-increment of Ll(W) throughout the training. We denote X; =
W18 (k) TV LY (W (k))W1;-1(k) T. We may choose

ne— &
8M\/LI(W(0))

)

so that forall £ > 0,

2

7min (Afvi(k)Af,i(k)T) >3

Then combining all estimates above, we have

and  opmin (Ag(k)Ag(k)T> > 61)

(W (k1) = W (k) T92LY (A (), W (e + 1) = W ()|

N

N 27N/ A
<3 f(n EEEI ) L5 5 |, PG

J=1i=1,i%j

i Moo (5% Ae (k) Ae (k) T520/%)
< 2

1X; (Ae (k) Ag (k) T) ™' |2 2N -D/N

N
i > MWTINIX R X P Vw L (A (k)| 2
i=1,i#j
N
Z ( Mt (Z0/% Ae (k) Ae () T/%)
2

.

Il
-

J

-1

+

b3

Mz

X (Ag (k) Ag(k) )

J=li=1i#j

—1 _
X1 X (Ae (R)Ag(k)T) ™| 2N DY),

by using (59), (E.5) and applying the Cauchy-Schwarz inequality for the last term. Notice that | X;||r <
2pM N =D/N |7 LY (W (K))|| 7. Now combining all the bounds we obtained previously, in addition to (61), we get
that
— — — — —
(W (k+ 1) = W () TV2LY (Ag(R), W (k1) = W(K))|

MAN-1)/N
Omin (Ag(k)Ag(k)T)
+ AN (N — 1)MON =N 7y LY (A (k) || 2| Vw L (W (k) || 3.

Moreover, we can use (9), (C.4) again to get

1/2
HVWLl(AE(k))HF = 24/L1(Ae(k)) < 2||(A5(k)A£(]§)T) 2 _ 21/2[]”
< 2||(A§(k)A5(k)T)1/2HF +2H21/2HF oMLN _|_2H21/2H .

< 2PN A¢ (k)| At (o)

max

|V LY (W (K))|3 (62)

Thus, we conclude the estimate for the second order term by

(W (k1) = W (k) T92LY (A (), W O+ 1) = W ()|

2N+1

< WQIVWLI(W(’C))II%< N

MONIINNLE (5)

+8N(N — 1)MBN-4/N (Ml/N + ||23/2||F)> .

Let us denote the constant

N+1
A = o NEMON=INAE (89) + 8N (N = )MV (Y 4 552 ),
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then, we can write the iteration as

2(N

LYWk +1) = (1= 4Ne™ 5y + 2a9?) LN (W (k).

If we choose

2(N—-1)
¢ N
"S oA

then we have
2(N—1)

LN<V—1>/(1€))<(1_277NC ~ )kLN(VT}(o)).

2(N-1) 2(N-—-1)

For 7 being sufficiently small, we have 1 — 2nNc¢™ ¥ < exp (—277N c N ) Thus, to achieve e-error for the loss,

k> 12@!;1) log (Ll(VL/(O))) .

2nNc™~

F. Empirical evaluation of the Hessian

In order to compare the smooth Bures-Wasserstein loss and the Frobenius loss, here we conduct experiments evaluating the
Hessian of both. We first discuss the Burer-Monteiro parametrization and relate the differential of a given loss in function
and covariance space.

F.1. General computations for losses under the Burer-Monteiro parametrization

Let m: R™™ — S, (n), W +— «(W) := WW T be the so-called Burer-Monteiro parametrization of a positive semi-
definite matrix. We will consider computing second-order derivatives of a differentiable function f: Sy (n) — R under the
parametrization f o 7.

Proposition F.1 (Second-order differential chain rule for the Burer-Monteiro parametrization). Let m: R"*™ —
Si(n), W — 7(W) := WWT be the Burer-Monteiro parametrization of a positive semi-definite matrix. Then, for
any twice-differentiable function f: Sy(n) — R, the second-order differential of f o m can be expressed as , with
W eRY™m Z e R, and ¥ = w(W):

A(for)W)[Z] = A2f(D)ZW T+ A f(X)WZ | +22f(X)WZT,Z2ZW T +2df(2)[227]. (63)
Proof. The chain rule for the second order differential in Lemma E.2 states that
(fom)(W)[Z] = & f(x(W))[dx(W)[Z]] + df (x(W))[d*x(W)[Z]].
Since dr(W)[Z] = ZW T + WZT and d?n(W)[Z] =2ZZ 7, and with ¥ = 7(W), one further has

A(for)W)[Z] = f(D)2ZWT +WZT|+df(X)[2227]
=A2f(X)ZW T+ BF)WZ T +2d2f(X)Z2WT +WZ T +2df(2)[2Z27],

where the last inequality comes from the bilinearity of d2f(X) and the linearity of d f(X). O

Now, we turn to the expression of the Hessian matrix for the function f o 7 at some point W € R™*™. Recall that, by
definition, this is the only symmetric matrix of size nm x nm, denoted by V2 (f om)(W), such that, for all Z € R™*™,

A2(f o m)(W)[Z] = (vec Z) ' [V2(f o 7)(W)] vec Z.

Corollary F.2. With the same notations as in Proposition F.1, the Hessian of the loss can then be identified as
Vifom)W)=(W' @L)K,+ W' @ L)Vf(E)K,(W QL) +W ®I,) + 2L, @ Vf(X). (64)
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Proof. In order to prove the relation (64), we will rely on the identity vec ABC = (C'T ® A) vec(B) which holds for any
matrices of compatible shapes. For more details about the matrix computations, we refer to Magnus & Neudecker (2019).
Using the expression of the second-order differential (63), it implies that, for W, Z € R™*™, one has

EFE)ZWT] = (vec ZWT) V2F () vec ZW T = (W @ I, vec Z) T V2F(S)(W @ I,,) vec Z
= (vec Z)"(WT @ L)V f(2)(W @ I,,) vec Z,

)W ZT] = (vee (ZW )Y V2A(E) vee((ZWT) ) = (K vee ZW ) V2F(S)(Ky vee ZWT)
= (vecZ)"(WT @ I)K,V2f(2)K,(W @ I,) vec Z,

where K,, € R™**7* is such that K, vec X" =vecX for X € R"™*" and

W2z, ZWT) = (vec 2)" (W' @ L) K, V?f(S)(W @ 1,,) vec Z
= (vec Z) (WT @ I,)V2f(2) K, (W ® I,,) vec Z.
Moreover,
Af()[22T) = (Vf(2), 22T = VF(£)2Z" = (vec Z) (I, @ V(X)) vec Z,
where we have used the identity tr ABC'D = (vec DT)T (CT ® A)vec B for the last equality. Adding the different terms
according to (63), and factorizing, we get the desired expression

Vi fomW)Z = W' @I, + (W' @ L)K)V2f(Z)W @I, + K,(W @ I,,)) + 2(I;, @ V().

In order to compute V2(f o 7)(X), one therefore only needs to know V2 f(2) and Vf(Z).

F.2. Frobenius loss

Define
1
Le(E) = 5IE = Sol3,

and denote L}, the Frobenius loss defined on W € R"*™ and L¥ the Frobenius norm defined on the parameters 6 € ©.

Since L} admits a Burer-Monteiro factorization, we only need to recall the gradient and Hessian matrix of L in order to
compute their counterparts on the function space.

Lemma F.3. The first-order differential of Ly at ¥ € S(n)4 is dLp(X)[X] = (X — 3o, X), and its gradient is
VLF(D) =3 - %,

Lemma F.4. The second-order differential of L at X in the direction X is
ALp(D)[X]=tr XX,
and its Hessian matrix is V2LF(E) =1, I,.

We can then give the Hessian matrix of the loss L.

Corollary F.5. The Hessian matrix of L} at W is given by

VALp(W) = 2(WTW DL+ KyW W) + 1, ® (% - 20))

Proof. This is a direct consequence of the previous lemma and Corollary F.2. O
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F.3. Bures-Wasserstein loss
We now turn to the expression of the Hessian matrix for the Bures-Wasserstein loss. Denote

Lopw(Z) = L-(%) = B(%,, %)’ (65)
the 7-regularized Bures-Wasserstein loss, and L! 5y, (W) = L. g (WW 7). Again, we only need to derive the expressions
of VL, pw (¥) and V2L, gy .

Recall the expression of the second-order differential for the loss L. gy given in Lemma E.1. Given the definition of the
operator G in (40), and A in (E.1), we first need to express the Hadamard product of two matrices as a linear operation.
This is done in the next lemma.

Lemma F.6 (Hadamard product as matrix multiplications). For any A, M of same order; with U Diag (o1, ...,0,)V " = A
a SVD of A, and letting Ey, = Diag(uy) and Fy, = Diag(vy), one has

AoM= (nguk RuE) O M = ZUkEkMFk.
k k

Then, the Hessian of the loss L gy can be computed as follows.

Proposition F.7. Let ' Diag(qi,...,q,)T" = 23/222(1)/2 be a spectral decomposition, and let U Diag(o1, ...,0,)U " =

((\/QT + @)_1)i . =: P be a spectral decomposition of the (symmetric) P. Furthermore, let E;, = Diag(uy,) and let

B, = Eé/QFQ*1/2EkFTEé/2 = B,;r. The Hessian matrix for the Bures-Wasserstein loss L. gy at ¥ € S (n) is
n
VQLTBw(E) = Z O'k.B];r ® Bg.
k=1

Proof. This follows from the expression of the second-order differential given in Lemma E.1 and Lemma F.6. O

The loss L. 5, admits the parametrization L! 5, = L, gw o m, its Hessian matrix can therefore be computed using Corol-
lary F.2 and Corollary B.11. The Hessian matrix of the loss LiVBW can then be computed using Corollary C.3.

F.4. Condition number of the Hessian

We evaluate the Hessian for both losses in the setting n = m = d = 20, and N = 3. We evaluate the Hessians of LY and
Lg (on the parameter space) according to the discussion in Appendices F.2 and F.3, together with Corollary C.3. Let H be
any symmetric matrix. We define the relative condition number for H as

)\max (H)
rel(H) = ————=, 66
" ]( ) )\min(H) ( )
and the absolute condition number for H as \ ()
. \max

where A2 (H) is the minimal eigenvalue in absolute value of H that is non-zero. Both riye(H) and aps(H) should
characterize the condition of the matrix H: if the negative eigenvalues of the Hessian are large in absolute value (fe
negative, small in absolute value), we expect the gradient descent iterations to escape the saddle points quicker, since the
negative eigenvalues corresponds to those escaping, descent directions. Note that this x.,] number is always negative for the

Hessian matrices we will consider, but due to the log domain used for plotting, its absolute value is rather reported.

If A2bs (H) is large, the Hessian is generally less degenerate and the iterates can converge quicker to a critical point. We plot
the different quantities in Figure 2 (for 7 = 0.1) and in Figure 3 (for 7 = 0.001), at the five first local minimizers of the losses
with decreasing rank (starting with the full-rank one). Those are the saddle points for the optimization, and the behavior
of the Hessian at these locations is therefore relevant. Specifically, on the function space, they are given by the spectral
decomposition of the target: if ¥y = QAQT and the eigenvalues are in decreasing order, then Wiy = Q[n_i]ﬁ[z :] VJ_ il
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is the critical point of L1, of index i , and Wiisw = Qp_y) (K[n_i] — TIn_i)l/QV[Z_i] is a critical point of LiBW of

index ¢ according to Theorem 4.5. The corresponding points in the covariance spaces are simply the images through 7 of

Wi g, Wi gy For the corresponding points on the parameter spaces, there are infinitely many of them, but only one that

satisfies the balancedness property. This is the one we choose.

We observe that the Hessian of the Bures-Wasserstein loss V2L, is better conditioned than the one of the Frobenius
norm V2 LY, both for the relative and absolute condition number.

10%4
Forob |
>I< >l< 1013 >I< .
o= X
2 | S = XLy .
e = 7 ® 12
% LN = LYy <10
102 101
1004 -
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Index i

Index i Index @

(b) krat(V2LY), in absolute value. Lower (c) kabs(VZL"). Lower values are linked

(a) Upper-bounds of the spectrum of V2L .
values are linked with better conditioned ma- with better conditioned matrices.

There is an order of magnitude between the
two losses. trices.

Figure 2. Different spectral values for the Hessian matrices in the case 7 = 0.1. The abscissa ¢ refers to the index of the critical point W;*.
Mean and standard deviations are reported for seven different targets Xo.
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Figure 3. Different spectral values for the Hessian matrices in the case 7 = 0.001. The abscissa ¢ refers to the index of the critical point
W;*. Mean and standard deviations are reported for seven different targets Y.
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