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Abstract

A typical assumption for the analysis of first order optimization methods is the Lipschitz continuity of
the gradient of the objective function. However, for many practical applications this assumption is violated,
including loss functions in deep learning. To overcome this issue, certain extensions based on generalized
proximity measures known as Bregman distances were introduced. This initiated the development of
the Bregman proximal gradient (BPG) algorithm and an inertial variant (momentum based) CoCaln
BPG, which however rely on problem dependent Bregman distances. In this paper, we develop Bregman
distances for using BPG methods to train Deep Linear Neural Networks. The main implications of our
results are strong convergence guarantees for these algorithms. We also propose several strategies for their
efficient implementation, for example, closed form updates and a closed form expression for the inertial
parameter of CoCaln BPG. Moreover, the BPG method requires neither diminishing step sizes nor line
search, unlike its corresponding Euclidean version. We numerically illustrate the competitiveness of the
proposed methods compared to existing state of the art schemes.
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1 Introduction

The analysis of many first-order optimization methods relies on the Lipschitz continuous gradient property for
the involved objective. Such a property allows for uniform quadratic upper and lower bounds at each point.
These bounds enable the usage of a constant step size rule, thus resulting in better performance compared
to diminishing step sizes. However, remarkably, even the simplest (one hidden layer linear) neural network
does not allow for uniform quadratic bounds. The same is true for many problems, e.g., phase retrieval and

matrix factorization.

A remedy with a general class of upper and lower bounds, induced by so-called Bregman distances was
proposed in [5]. Such bounds can be exploited algorithmically via the Bregman Proximal Gradient (BPG)
algorithm [10] and its inertial variant CoCaln BPG [27] (based on Nesterov’s momentum). In particular,
BPG enables the usage of a constant step size, which is efficient to implement in practice (see Section ,
instead of diminishing step sizes or line search. However, in order to use BPG methods, an appropriate

problem dependent Bregman distance must be developed.
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Key contribution. We consider deep linear neural networks with a squared loss, for which we propose a
novel class of Bregman distances. This is key to illustrate the applicability and also to transfer the global
convergence (to a stationary point) results of BPG and CoCaln BPG algorithms. To enable an efficient
implementation of the update step, we propose closed form analytic expressions for various practical settings.
We also propose a novel variant of CoCaln BPG, to further improve the efficiency for large scale problems.

The developed Bregman distance yields a base algorithm (BPG) that allows for modifications in analogy to
the development of alternating, stochastic or inertial variants of the base Proximal Gradient (PG) method.
The provided BPG based algorithms are usually competitive and often superior to their Kuclidean variants

(PG) whenever both are applicable. We discuss several such situations in Section []

1.1 Related Work

Extensions of Lipschitz Continuity of the Gradient. For many practically relevant problems includ-
ing poisson inverse problems [5], structured low-rank matrix factorization problems [26], quadratic inverse
problems [I0] or cubically regularized problems [27], the corresponding objective functions are not L-smooth.
This hinders us from a straight application of proximal gradient related schemes, unless a line search is in-
corporated. However, line search typically involves multiple objective evaluations in a single iteration, which
may be prohibitive in large scale setting. To overcome this limitation, in [5, [10] the notion of a L-smooth
adaptable (L-smad) function is introduced which extends the classical L-smoothness property by means of a
problem-dependent Bregman distance. This includes a much larger class of functions, in particular those that
grow with a higher-order than quadratic. However, the choice of the problem-dependent Bregman distance

is typically non-trivial.

Bregman Proximal Minimization. The L-smad property can be characterized in terms of a generalized
non-Euclidean Descent Lemma [10]. In analogy to the Euclidean case this yields a non-quadratic global
upper-bound whose minimization corresponds to a generalized proximal gradient iteration called Bregman
proximal gradient (BPG), see [0, 10]. In [27] an inertial variant of BPG, called CoCaln BPG has been
introduced, which relies on a Nesterov’s momentum like update strategy. Inertial variants were also explored
in [35, 19]. The mirror descent algorithm, (a special case of BPG when the second term in the problem is
zero) has been extended to a stochastic setting under convexity in [I8]. Later in [12] the BPG algorithm for
non-convex composite problems has been generalized to a stochastic setting as well, where the smooth term
is assumed to be smooth adaptable and the non-smooth term is convex.

Matrix Factorization. Bregman distances for matrix factorization problems has become an active research
area [23| [I]. In [13] a low-rank semidefinite program is reformulated in terms of a symmetric matrix factor-
ization problem which is solved with BPG. To this end the authors prove that the corresponding objective
is L-smad relative to a quartic kernel. More recently, in [26] this idea has been extended to a more general
regularized matrix factorization problem, for which the authors design a novel Bregman distance to guarantee
the L-smad property of the corresponding objective. However, such Bregman distances are not valid for deep
linear neural network training (resp. deep matrix factorization) involving an arbitrary number of factors.

Deep Linear Neural Networks. The main contribution of this work is to derive Bregman distances suitable
for training deep linear networks with a quadratic loss, which is an important and interesting optimization
problem due to the following reasons: Fristly, as remarked by [16] and in view of [I1], 20} B34 32] it is well
justified to first study the theoretically more tractable deep linear networks instead of the more challenging

deep nonlinear networks. Secondly, even though deep linear networks essentially describe a linear model,



mirror descent eventually inherits the implicit regularization bias observed for gradient descent optimization
[17, 15, 2] which has turned out to be beneficial and important for practical applications, for e.g., [7].

2 Bregman Proximal Minimization

In this section, we revisit required concepts from related works [5, [I0]. Most importantly this includes the
definition of a smooth adaptable function (L-smad), originally due to [5], which builds upon the notion of
a Bregman distance. We motivate with a simple one-dimensional example for which classical L-smoothness
fails. Finally we illustrate that the L-smad property gives rise to a global upper bound that can be exploited
algorithmically to derive an iterative minimization scheme, called Bregman proximal gradient method [10].
This generalizes the classical proximal gradient descent scheme to non-Euclidean geometry.

We use the notation of [31].

2.1 Smooth Adaptable Functions

Let g be a continuously differentiable function over R%. Then g is said to be (classically) L-smooth (has
Lipschitz continuous gradient), if there exists L > 0, such that for all z,y € R?, we have

IVg(x) = Vag)lly < Lz —yll, -

2 2
This implies that the functions L% —g and L% + g are convex on R?, which is equivalent to the statement

of the well-known Descent Lemma (as shown in |28, Lemma 1.2.3]).
However, the L-smoothness assumption can be too restrictive, which we illustrate by the following example.

Example 1. The simple two dimensional function g(z,y) = (2 + y?)? is not L-smooth in R?, as it lacks a
global quadratic upper bound. As long as the initialisation is unknown, this means that proximal gradient
algorithms (with constant step size) cannot be used for optimization. Notably, this issue persists even if we
resort to alternating, Gauss—Seidel like algorithms such as PALM [9], iPALM [30], BCD [33], which rely on
the L-smoothness of the objective with respect to one (block) variable. In the above example, even if we fix

y = c, for some constant ¢ € R, the function g;(z) = (22 + ¢?)? fails to be L-smooth.

Likewise, quadratic inverse problems, matrix factorization problems and many other practical problems,
lack L-smoothness. To overcome this limitation, recent works [5], 10, 24, 22] consider an extension of L-
smooth functions called L-smooth adaptable functions, which relies on the concept of a Bregman distance.
Such distances are constructed from a kernel generating distance, defined below. The rest of the section
introduces the concepts of [10], specialized to our unconstrained setting.

Definition 2. Let C' # () be a convex and open subset of R?. Associated with C, a function h : RY —

(—00,4+00] is a kernel generating distance if:
(i) h is proper, lower semicontinuous and convex, with dom h C C and dom dh = C' .
(ii) his C! on intdomh = C.

Denote the class of kernel generating distances by G(C). For every h € G(C), the associated Bregman
distance for (z,y) € domh x int dom h is given by

Dy (z,y) = h(z) —h(y) —(Vh(y),z —y) , (2.1)

and is set to +00 otherwise. Henceforth, we assume the following.



Assumption A. (i) h € G(RY) with C = R4
(ii) g :R% — R is continuously differentiable.

For non-convex functions, the extension of Lipschitz continuity is referred to as the L-smad property which

we record below.

Definition 3. A pair (g, h) is L-smooth adaptable (L-smad) on RY if there exists L > 0 such that Lh — g

and Lh + g are convex on R%.

Remark 4. Note that we can always always assume that L = 1 by absorbing the constant L into h. Also,
if a pair (g, h) is L-smad on R?, we can equivalently say that g is L-smad on R? with respect to h.

The L-smad property can be reformulated in terms of Bregman distances, which yields the extended Descent
Lemma (see [10, Lemma 2.1, p. 2134]).

Lemma 5 (Extended Descent Lemma). The pair of functions (g, h) is L-smooth adaptable on R? if and only
if for all x,y € R? the following holds

lg (@) —g () —(Vg(y),z —y)| < LDy (z,y) . (2.2)

For h = (1/2)|-||?, the notion of L-smoothness and the classical Descent Lemma are recovered.

2.2 Bregman Proximal Gradient

In analogy to the Euclidean case the extended Descent Lemma motivates us to consider the following iterative
majorize-minimize scheme, which minimizes the following upper bound at each iteration k.
Let 2* € R%. The extended Descent Lemma, yields:

g(z) < g(aF) + <Vg (l’k) , T — a:k> + LDy, (m,wk)
=: My(x), (2.3)

with My(2*) = g(2¥). Then clearly for z**! given as

21 € argmin My (z), (2.4)
z€RY

we have g(zF1) < M (2*+1) < My(2¥) = g(2¥), i.e. a descent on the objective function. Notably, for
h = (1/2)] - |* we recover the classical gradient descent method and more generally the mirror descent [6]
algorithm. Like in the classical proximal gradient method the majorization property of My still holds if we
add a second convex non-smooth term f to both sides of the inequality . Minimization of My + f then

yields the Bregman proximal gradient scheme for non-convex additive composite problems given as
(P) inf{\II(m) = f(z)+g(z): z€ Rd} , (2.5)

where g, h satisfy Assumption [A] The complete BPG algorithm is given in Algorithm [I] It is formulated in
terms of the Bregman Proximal Gradient (BPG) mapping given by

. 1
T\ (z) := aigerﬂgiln {f (u) + (Vg (z),u) + XDh (u, x)} . (2.6)

This generalizes the proximal gradient mapping, by replacing the Euclidean distance with a Bregman distance.



Algorithm 1 (BPG: Bregman Proximal Gradient [10]).

Input. Choose h € G(R?) such that g satisfies L-smad with respect to h on R
Initialization. z! € intdomh and 0 < A < (1/L).

General Step. For k > 1, compute z*+1 € Ty (z¥).

For convergence and well-definedness we require the following standard assumption.
Assumption B. (i) f:R? = (—00,+00] is a proper, lower semicontinuous, convex function.
(ii) v(P) :=inf {¥ (z) : z € R} > —cc.
(iii) h is o-strongly convex on R?.
(iv) For all A > 0, the function h + Af is supercoercive, thus satisfying

h(z) + Af(x)

||| 00 ]|

Assumption (iv) ensures the well-definedness of the T), in the sense that T} is non-empty and compact.

We provide below the condensed global convergence result from [I0], which states the convergence of the full
sequence generated by BPG to a stationary point. The global convergence of Bregman proximal algorithms
relies on the standard non-smooth Kurdyka—t.ojasiewicz (KL) property [8, B]. The KL property is satisfied
for semi-algebraic functions (see for example [4]). Note that g in is a real polynomial function, thus
semi-algebraic. For the remainder of this paper, we restrict ourselves also to semi-algebraic f, for e.g.,

standard L1 norm and squared L2 norm (see [33]).

Theorem 6 (Global Convergence of BPG). Let Assumptions hold and let g be L-smad with respect to

h. Assume Vg,Vh to be Lipschitz continuous on any bounded subset. Let {x be a bounded sequence

“}
keN
generated by BPG with 0 < AL < 1, and suppose V¥ satisfies the KL property, then, such a sequence has finite

length, and converges to a critical point.

By a critical point, we mean a point for which the limiting subdifferential of the objective contains zero, i.e.,
Fermat’s rule is satisfied [31, Theorem 10.1]. The boundedness assumption in the statement is automatically
satisfied, if, for example, the objective is coercive (lower level-bounded).

3 Bregman Distance for DLNN

This section is the main part of our paper, where we specialize g to be a quadratic loss function with a deep
linear neural network (DLNN). In view of Example [1] such a cost function is not classically L-smooth and
therefore lacks a quadratic upper bound even for the two layer case. Therefore our main goal is to derive a
novel kernel generating distance h that allows us to obtain a global upper bound. More precisely in the first
part we show that g satisfies the L-smad property for a certain non-trivial choice of h. In the second part
we derive closed form solutions of the Bregman proximal gradient map for popular choices of f such as

the L1- and the squared L2-norm. To this end we consider the following optimization problem

1 2
mi W) = = [W; Wy WnX — Y|, 3.1
B - g(W) 2|| 1Wa2 N % (3.1)

where N denotes the number of layers. Furthermore we denote by W; = R%*%i+1 where d; € N for all i € [N].
Let dyy1 = d and X € R be fixed, where np € N, which typically corresponds to the number of training



samples. Similarly we have fixed Y € R4*"T which typically corresponds to the labels of the inputs in X.
We denote by W := (Wq,..., Wy, meaning W lies in the product space W := W x --- x Wy, equipped
with the norm |[W||% := S |[W;||%. We focus on N > 2 in this paper.

3.1 Smooth Adaptable Property for DLNN

To prove the L-smad property we consider its characterization via the Hessian. More precisely, Lh — g
and g + Lh are convex if and only if LV?h(z) = V2g(x) and —LV?h(z) < V?g(x), i.e. the eigenvalues of
the Hessian of g are bounded by eigenvalues of the Hessian of Lh. The analysis suggests that h and the
corresponding Bregman distance involve polynomials of degree 2N and N. We consider the odd and the

even case separately.

3.1.1 Even Number of Layers

Let N be even and define the following functions

2\ N 2\ 3
Hy(W) = <||VJVV\F> (W)= (w;nF) |

Then, we have the following result, which shows that for an appropriate linear combination of H; and Hs
we obtain the L-smad property for ¢ in (3.1)).

Proposition 7. Let Hi, Hy be as defined above and let g be as in (3.1). Then, for L = 1, the function g
satisfies the L-smad property with respect to the following kernel generating distance

Ho(W) = c1(N)H1((W) + c2(N)Ha (W), (3.2)

where we have

N—-2

_ XY lIX]p (N -1N"="
(N —2)"%

(2N — 1)N

N
ci(N) = X[, ca(V)
2N

The proof is given in Section in the appendix.

Note that H, is a polynomial of order 2N as a linear combination of a degree 2N and a degree N polynomial.
Moreover, observe that the resulting Bregman distances are data-dependent. More precisely, the coefficients
c1(N) and c2(N), are not only dependent on the number of layers but also on X and Y.

We remark, that for N = 2 and ||X||» = 1, this matches the results from [26] for the matrix factorization
problems.

3.1.2 0Odd Number of Layers

Let N be odd and denote

9 N+l
Wl +1Y -~

As the following proposition reveals, the loss function for the odd case is L-smooth adaptable with respect

(3.3)

to a degree 2N polynomial Hj which is given as a linear combination of H; and Hj.



Proposition 8. Let Hi, Hs be as defined above and let g be as in (3.1). Then, for L = 1, the function g
satisfies the L-smad property with respect to the following kernel generating distance

Hy(W) = ¢1(N)H (W) + e5(N) H3 (W), (3.4)

where we have

(2N —1)NVN

N-1
_ XY X[ (N =1)(N +1)"=
2N '

(N-1)"z

c1(N) = IXIF . ea(V)

The proof is given in Section in the appendix.

Like in the even case H; is a polynomial of order 2N. But, here H» is not applicable as IV is odd. We fix this
issue using Hs, a polynomial of order N 4+ 1. Note that the analysis of the objective results in a polynomial of
degree only N. This is automatically resolved with Hs, because the constant term 1 in H3 allows for certain
terms to be of order NV, while preserving the convexity of Hs. Note that this is just one potential way to
obtain polynomials of order N. Considering the practical applicability we show that the proposed Bregman
distances are efficient to implement in practice.

Strong convexity of h. The global convergence results of Bregman proximal algorithms, provided in the
next section, rely on the strong convexity of h. We denote o as the strong convexity parameter. Notably,
for N = 2 the strong convexity is satisfied directly by H,. For the general case denote Hy(W) = % For
N > 2 and if N is even, then with any p > 0, we use the following h

h(W) = Ho(W) + pHy(W),
for which ¢ = QW'”. For N > 2 and N being odd, we use the following h

h(W) = Hy(W) + pHy(W),

with any p > 0, where 0 = —— + % We fix p in the initialization phase of the algorithms.

(N+1)" 2

3.2 Closed Form Updates for BPG

While closed form solutions of Euclidean proximal mappings are typically available for common choices of
f, it is in general difficult to compute the Bregman proximal mapping (7 in (2.6)) in closed form, even
for common f. Typically this involves the computation of the convex conjugate function of the problem-
dependent h which can be hard to derive. In our case we show in Proposition [0 that the computation of
the Bregman proximal gradient map can be reduced to a simple projection problem and a simple one-
dimensional nonlinear equation, more precisely a polynomial equation with a unique real root. We remark
that this closed form solution is also valid for any other Bregman proximal algorithm including, stochastic
BPG [12]. We denote g = ¥ from and f := 0 and we set h as in Section

Proposition 9. In BPG, with above defined g, f, h, denoting P%‘ = AVw,g (Wk) — Vwih(Wk) , the update

steps in each iteration are given by
k+1 _ VN P§

-Tr
' Pl

for all'i € [N], where |P||3 =N, HPE‘H? Then for N =2, r > 0 satisfies

_IIPllg

2¢1(2)r® + ca(2)r 7

=0, (3.5)



if N > 2 and even, r > 0 satisfies

- 1, 20 P
201 (N)P2N=1 4 eo(N)PV 1 4 255 — F:O7 3.6
and, if N > 2 and odd, r > 0 satisfies
NP AT 9 |P|
_ + 2 p
2¢1 (N)r?N -1 N ST —r — F—. .
c(N)r + c3( )<N—|—1 T+NT Wi 0 (3.7)
The proof is given in Section [B:I]in the appendix.
Weight decay or L2-regularization. Consider
min UL (W) = U(W) 4 20 W%+, (3.8)
W;eW; Vie[K] 2

where Ao > 0 and the term % HWH% is the L2-regularizer. The closed forms are obtained by replacing ?V—p
with (%p + )\)\o) in Proposition@ by setting f(W) := ’\2—0 Zfil W%

L1-Regularization. It is also possible to obtain the closed form solutions when Ll-regularization is
used, where we set f(W) := Zfil i ||[Will;. Then using the element wise soft-thresholding operator
Sy(z) = max{|z| — 0,0}sgn(z), the closed form updates are obtained by replacing —P¥ with Sy, (—P¥)
in Proposition [0l Proof is given in Section [B.3] in the appendix.

4 Closed Form Inertial BPG

In this section, we present an important contribution for efficiently using a momentum based BPG method.
We focus on the recently introduced Convex-Concave Inertial (CoCaln) BPG [27], which uses Nesterov-type
extrapolation in BPG for non-smooth non-convex optimization problems. It is given in Algorithm [2] Besides
inertia, the key feature of CoCaln BPG is the usage of different constants for the upper bound Lh — g and
lower bound Lh+g. Since the amount of extrapolation is closely tied to the lower bound, tight approximations
are desirable.

Moreover, CoCaln BPG provides the possibility to adapt the upper and lower bound locally via a back-
tracking line search strategy. The maximal extrapolation is restricted by the inequality in , which can
be incorporated into the same backtracking loop. Note that CoCaln BPG does not require nested loops to
satisfy all conditions. The following convergence result analog to Theorem [6] holds.

Theorem 10 (Global Convergence of CoCaln BPG). Let Assumptions hold, let g be L-smad with respect
to h. Assume Vg and Vh to be Lipschitz continuous on any bounded subset in R%. Let {xk}keN be a bounded
sequence generated by CoCaln BPG, and suppose f,g satisfy the KL property, then, such a sequence has
finite length, and converges to a critical point.

CoCaln BPG uses an extrapolation strategy where in each iteration we need to solve (4.1), for a certain
constant x > 0, the following condition has to be satisfied

Dy, (:L‘k,yk> < kDy, (a:k_l, xk) , (4.2)

which involves finding 75, € [0,1], where y* = ¥ 4 4(2* — 2F~1). For large scale applications, including

deep learning, checking the condition in a backtracking loop may be expensive. Hence, we contribute to an



Algorithm 2 (Convex-Concave Inertial (CoCaln) BPG [27]).
Input. 6, >0 with 1> 9§ > e.

Initialization. 20 = 2! € intdom hNdom f, Lo > 0 and 19 < Z_Lgl.
General Step. For £k =1,2,..., compute

yF =¥ + Vi <$ — k- ) € int dom h,
where 4 is chosen such that
(6 — ) Dy (:ck—l, xk) > (14 Lymi_1) Dy (xk yk) (4.1)
holds and such that L, satisfies
() 20() + (90 (1) ) - am (A1)
Now, choose Ly > Lj_1, set 7, < min {Tk_l, E,;l} and compute
*1 ¢ argmin,, {f (u) + <Vg (yk> U — yk> + 7}th (u, yk)}

with L;, fulfilling

g (wk“) <g (y’“) + <Vg (yk) Lot — yk> + Ly Dy, (cv’”l,yk) -

efficient implementation of the CoCaln BPG extrapolation step by providing closed form solution for the
extrapolation parameter. For Euclidean distances, we obtain that 0 < v, < /k satisfies (4.1)). Such a closed
form interval is non-trivial to obtain in general. But, the structure of the proposed Bregman distances allows

also for closed form inertial parameter.

Proposition 11. Denote 2% = (WX,... ' WK). For k > 0, y* := 2% + v, (2% — 2%71) and 2F # 2%71, the
parameter v given by
k=1 Lk
KDy, (zF=1 zF) <1
X(N)
satisfies condition (4.2)), where for N = 2, we set x(N) = c¢1(N)By + c2(N)Ck, for even N > 2, we set

0<m <

X(N) = (ed(N)Bi+ ea(N)Ci + p |18

and for odd N > 2, we set
X(N) = (e1(N)Bic+ es(N)Dy + p [ A )

with Ay = o — 21 Qp =2 kaHQ—G—Q | AL and By := ( @r= D) AL (%) N . For even N we denote
Ci = ( NN_ll) A2 (Qk) . For odd N we denote Dy, := ﬁ AN (% + 1)¥
NT- (N+1)" 2+

The proof of Proposition is given in Section . For N = 2 (Matrix Factorization) we provide novel
tighter bounds in Section [25]in the appendix.




5 Discussion of BPG Variants

The proposed Bregman distances for DLNN allow for variants that can be adapted to specialized settings,
for example, stochastic extensions. In the following, we comprehensively discuss the applicability and per-
formance of BPG based algorithms for DLNN compared to several existing optimization schemes.

The base algorithm BPG. The key advantage of BPG for DLNN compared to its Euclidean variant, the
Proximal Gradient (PG) method, is the guaranteed convergence when a constant step size rule is used. This
fact is enabled by validity of (global) relative smoothness (Proposition [7]and[§). On the contrary, PG, which
requires a classical L-smoothness can only be used by the following trick. Under a coercivity assumption,
all iterates generated by PG lie in a compact set, on which a global Lipschitz constant for the objective’s
gradient can be found. However, the compact set is usually unknown (and cannot be determined before
running the algorithm), which makes the practical computation of such a global Lipschitz constant difficult.
A good heuristic guess may result in PG being more efficient than BPG. Therefore, BPG and CoCaln BPG
(with L = L) render promising alternatives to PG when line search must be avoided due to a prohibitively

expensive function evaluation.

BPG with Backtracking. If backtracking line search variants are affordable for solving the given opti-
mization problem, then BPG, CoCaln BPG and their Euclidean variants PG and iPiano provide the same
convergence guarantees. Intuitively, from a global perspective, the adapted upper and lower bounds given
by the Bregman distance for BPG should tighter to the objective function than quadratic functions of L-
smoothness. But, this situation can change when backtracking line search is used and only locally tight
approximations are sought. We cannot claim that any of the two strategies has a clear and consistent advan-
tage. The performance can depend significantly on the starting point and the initialization of the line search

parameters and needs problem dependent exploration.

BPG vs PALM. Proximal Alternating Linearized Minimization (PALM) [9] has a clear bias towards the
first block of coordinates, if the update direction points into a narrow valley. This effect may be compensated
by its inertial variant iPALM. For DLNN with identical regularizers, this effect cannot be observed due to
the symmetry of the objective function with respect to the blocks of coordinates, resulting in an oftentimes
favorable performance. We leave the exploration of alternating variants of BPG as future work. Some of the
related works include [23], 19)].

Alternating vs non-alternating strategies. We would like to stress two important advantages of non-
alternating schemes such as BPG over alternating minimization strategies. Firstly, BPG allows for block-
wise parallelization, and, secondly, there are interesting settings for which alternating minimization is not
applicable. The obvious example is symmetric Matrix Factorization, for which BPG is studied in [I3]. In
the context of DLNN (N > 2 in (3.1)) requiring W; = Wy = ... = Wi (upto a transpose) can be considered
as a prototype for an unrolled recurrent neural network architecture, where weights are shared across layers.
Here, there is no natural way to apply alternating minimization schemes and the objective is not classically
L-smooth.

Stochastic setting extensions. A stochastic version of BPG was developed recently in [12]. The proposed
Bregman distances are also valid here and can be applied for training DLNN. Furthermore, several popular
stochastic variants such as Adam [2I], Adagrad [14], SC-Adagrad [25] can potentially be extended with

Bregman proximal framework.
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6 Experiments
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Figure 1: Convergence plots illustrate the competitive performance of CoCaln BPG variants for DLNN.

We provide experiments for Deep Linear Neural Networks with squared L2-regularizer and Ll-regularizers
and a non-regularized setting (3.1)).

Algorithms. In the experiments, we compare BPG (Algorithm (1)) and CoCaln BPG (Algorithm [2)) with
many existing optimization methods. We consider alternating strategies such as PALM [9] and iPALM [30].
As non-alternating algorithms, we use forward backward splitting with backtracking (FBS-WB) and iPiano
with backtracking (iPiano-WB) [29]. Apart from BPG and backtracking based CoCaln BPG, we also inspect
CoCaln BPG with closed form inertia denoted as CoCaln BPG CFI (see Proposition and the backtracking
scheme BPG-WB, which is the same version as CoCaln BPG, but with v, = 0.

Experiment. We set W; € R>*5, Vi = 1,.... N where all weights are initialized with 0.1. Our dataset
contains 50 data points with the input X € R3*%" and the output Y € R5*°? being randomly generated
in the interval [0,1]. In this experiment, we work with a network consisting of three, four and five layers
(N =3,4,5). The convergence plots are given in Figure |1, where the y-axis measures difference between the

absolute objective and the least objective value attained by any of the methods.
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Analysis. The performance of CoCaln BPG, CoCaln BPG CFI and BPG-WB is mostly better than other
methods. The next competitive algorithms include FBS-WB and iPiano-WB, followed by PALM and iPALM.
The performance of the alternating algorithms strongly depends on the usage of a regularizer, whereas BPG-
WRB is competitive in both settings. At first glance, it might appear that the performance of BPG is weaker
compared to CoCaln BPG, BPG-WB, FBS-WB, iPiano-WB and other methods. However, note that line
search techniques may not be always desirable in practical scenarios, because line search requires multiple
objective evaluations, which can involve computationally expensive matrix multiplications (see Section .
Moreover, PALM and iPALM require block-wise Lipschitz constant computations in each iteration, which

can also be very expensive.

In the appendix, we further illustrate the competitiveness of our methods with time plots, the statistical

evaluation and results for an additional dataset.

Conclusion and Extensions

We proposed new Bregman distances suitable for deep linear neural networks. This result makes BPG and
its inertial variant CoCaln BPG applicable and enables the transfer of their convergence results to such
problems. Moreover, we develop update formulas, which are crucial for efficient large scale optimization. In
general, the validity of inertial (or momentum) parameter requires to be checked via backtracking line search.
To avoid expensive backtracking operation, we derive a analytic expression. These contributions serve as a
first step towards the optimization of deep (non-linear) neural networks by a new class of Bregman Proximal
algorithms.
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Appendix

A Bregman distance and L-smad property

Proposition 12. Denote g(W71,..., W) := % IW1Wy.. . WnX — YH% as in the setting of (3.1). Then
the gradient with respect to weights Wj is given by

. T
Vw,g(W1,..., W) = (H;;lle) (WiWa.. WaX —Y) (1, W) X)" .

We have for N = 2,

((Hy,...,Hn),V?¢(W1,...,Wn)(Hy,...,Hn))

N
2 2 2 2 2
< BXIE ST IO, Wl + Y 1K (0 + )
i=1

12



If N > 2 and even, we have

((Hy,...,Hn), V?g(W1,...,Wn)(Hy,...,Hn))

N—-2
N N 2
Yl e Xl (N —
<N =1 Hll R s W55 X + ——F Fﬁz ZHHZHF > IWadlz
i=1 (N_Q) k=1
If N > 2 and odd, we have
<(H17 s 7HN)) VQQ(Wla s 7WN)(H17 ceey HN)>
- Y1 X1 (V - N
<N =1 IHillE I s W15 X5 + ——F FL (ZHI_LHF) > IWE ] +1
i=1 (N —1)7= k=1kg{i 5}
Proof. Consider the following
1
5H(Wl+H1)(W2+H2)"'(WN+HN)X_YH?T : (A1)

We are only interested in terms till second order, thus we have

N
(W1 +Hy)(Wa + Hz)...(Wy + Hy)X = WiWa . WX + Y (H;’;lle) H; (1Y, W;X)
i=1

N-1 N
+ Z Z (AW (Hk71+1wk) H; (H]kV:jJerkX) .
i=1 j>i
Now expanding ([A.1]), we have terms upto second order as following

N

1 -

5 [WiW2 .. WX - Y2 + <W1W2 WX Y Y (H;.;le) H; (Y, W;) X>
=1

N 2 N-1 N
1 . _
5 [ (mzwy) B (I, W) X <Y, >3 (W) By (T2, W) B (T, W) X>
=1 F =1 j>1
N—-1 N '
+ <W1VV2 WX ST (M W) By (T2 Wi ) B (T W) X> .
i=1 j>i
Consider the first order terms, we have
N
<W1W2 L WNX Y, Y (W) By (Y W) X
=1

N
=3 (WaW2 .. WX - Y, (2W; ) H (T, W) X))
=1
thus, the gradient is

. T
Vw (Wi, W) = (T2 W) (WaWs . WX = Y) (I, W5) X))

Now, considering second order terms we have with repetitive application of Cauchy-Schwarz inequality, the
following
2

<
F

o] =

a i—1 N 2
Z H (szlw.i) H; (Hj:i+1wj) XHF
i=1

f: (HZ IW) (IG5 Wy) X

2 2
< L1 T3 s W15 NI

| =2
M=

1
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and

N—-1 N
<W1W2 WX ST ST (2 Wi By (T2 Wi ) H (T Wi X>

i=1 j>i
N—-1 N
2
<O O XU Il G (Wil W3l T gy Wl 7
=1 j>1
N—-1 N
L1 W37 + IH 15 Wil 7 2
S e
=1 j>1

N —
<1 (F5) 3 Z B3I Wil

and we have

N-1 N
<Y lp Do D Il 1 o T gy Wil XKL (A.2)
i=1 j>i

Now with the application of Generalized AM-GM inequality, we have the following three cases:

e When N = 2 then we have

L + 1 HE
L L ] X - < IIXHF< il + )

e When N is even and N > 2.

N-2
N 2 3
L 1 + IHG 7 [ Zh=tggigy [Wille
L o 1 | TS gy Wl K < 11K ( R 2l ,

e If N is odd and N > 2 we have

=z
L

N 2 2
P2 4 2 (S Wil ) +1
2 N —1

L | G | T oy [ Wl 1K < 11X (

Now using the above given results, on extending the calculation of (A.2), for even N and N > 2, we have

N—-1 N
Y0 > I 1G] TR gy Wl XL
=1 j>1
N-1 N N 2\ "2
IHL; (17 + || HL |7 > k=1kefigt Wkl %
<HY||FHX||FZZ< S Fiis)
=1 j>1i

< IYllg X Y Y 0\ ©
T (ZHHzHF) (kZ:lnwknp) :

14



where in the first step we used Cauchy-Schwarz inequality. Similarly, we have for N > 2 and odd,

N—-1 N
1Yl > > I8l G TR gy Wil 1K

=1 j>i

2

<Y X 3> N1

i=1 5>

N 2
N-1 N (HHJHF + HH1HF> (Ek:l,kg{{i,j} HWkHF> +1

< ”Y”;]’VX_”; (Z HHZHF) ((gj Hwku%) + 1) N

O
Before we start with the proof of Proposition [7] we require the following technical results.
A.1 Results for H;.
Lemma 13. Let h € G(C) be twice continuously differentiable on C. Then, the following identity holds
1 1
Dy (2", y*) = / (1— t)/ <V2h (xk + (t1+ (1 = t)t) (" — a:k)> (z* — yF), 2% — yk> dtydt .
0 0
Proof. With repetitive application of fundamental theorem of calculus we have
h(a*) = hy") = (Vh(), 2" - o)
1
:/ <Vh(xk+t(yk—:r )) — Vh(yF), zF —y >dt
0
1 1
:/ </ V2h ((1—751)(1‘ +t(y* — M) + tiy ) (1—1t) (2% — yF)dty, 2% —y >dt
0 0
1 1
:/ </ V2 (2% + (0 + (1= )8 —28)) (1= 1) (o = )t o — y >dt
0 0
1
= [a=n [ (o (e 4 s - 06 = b)) (= o) ok = o) dnas
0 0
O

Henceforth, we use the following notation. Let n be a positive integer and let k; be a non-negative integer

for i € [m] satisfying k1 + ... + k;, = n, then we denote

n o n!
ki, ko, ... km/)  kilkal...kn!’

which is also known as multinomial coefficient.

Lemma 14. With the following kernel generating distance
N
Wil%+... Wy
Hi(Wi,..., W) = (H lle +o | NHF> |

the gradient with respect for Wi, for any i € [N], is given by

2 N 9 9 N-1
VWiHl(Wlu"'va):W N 11 (HW1HF+---+”WN||F) Wi,

15



and the following lower bound holds true

((Hy,...,Hn),V2H{(W1,...,Wn)(Hy,..., Hx ZHHZHFHk Lre gy Wil

and the following upper bound holds true

N N-1
<(H1,--.,HN),V2H1(W1,...,WN)(Hl,...,HN)> < < (NN - ) (Z”HkHF> (Z”WkH%) .
k=1

Proof. Consider the following

N N
(\wl +Hif 4. [[Wn +HN\%> _ (uvvln% + | HL 3+ 2 (W, Hy) + - [W| 3+ ||HN\%>
N N

Consider only the first order terms in the expansion, from which the following gradient with respect for Wy,

for any ¢ € [N], is obtained

2 N 2 2 N-1
VWiHl(Wlu"'va):W N 11 (HW1HF+---+”WN||F) W;.

Now considering only the second order terms, we have

1
5 <(H1)° . 'aHN)vvzHl(Wla s aWN)(Hlv s 7HN)>
1 9 N N N-1
- QNZ( T (Zuwur%)
i=1 k=1

12 ( N al N
I 2 2
ToNN (2,N N 2> (W1, Hy) +... + (Wn, Hn)) <1§1 HWkHF> :

Since, the second term in the right hand side is always non-negative, the following result holds

12N!
((Hy,...,HN), V2H (W1,...,WN)(Hy, ..., Hn)) > SN Z L5 T g gy Wl -

N

This proves the lower bound. Now, we prove the upper bound. With application of Cauchy-Schwarz inequal-

ity, we have

1 23 N N
At ((Wy,Hy) + ...+ (W, Hn))? ZHWkHF

ol )(Zuwk\F> (iuﬂk@) (éHWuF> oo
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Now we finally have

N-1

N N N—-1
2
<(H17"-7HN)7v2H1(W17--'7WN)(H17"'7HN)> Ni 1 N—l ZHHZL%‘) (ZHWH%‘)
=1 k=1
23 al
NN 2, N 2 Z

e
Il

N
HHkH%> <Z HWkH%>
1 k=1
N

)

-1
(2N N N
- (%F=2) (Z HHkH%> (Z Hwkn%> =
k=1 k=1
Lemma 15. Denote for any k > 1, o8 = (WX, ..., WX), Ay := 2% — 2*~1 and the following
(2N —1) 2 (N=1)
By := <]\7N1 Jal (2]t + 2 1207 .
The following upper bound holds true
Dy, (2%, y*) < 4iBy..
Proof. From Lemma we have
1 1
/ (1- t)/ <V2H1 (:,;’f F (4 (1 — )t (yF — azk)) (zF — yF), 2% — yk> dtydt
0 0
1 1
:Vg/ (1- t)/ (V2H, (b + (0 + (1= )0 — b)) (@ = b7, ak = 251 dt,
0 0
! LoaN —1) 412 (2N-2)
gyg/o (1— t)/o S e ka — " 1” Hazk + (1 + (1 —t)t) (" — xk)H dt,dt
where in the last step we used the upper bound from Lemma Using the following inequality
2 2 2
H:ck—i-(tl—k(l—tl)t)(yk—xk)H <2H H +2(t1+ (1 —t1)t H a;’HH §2H:z:’“H +2Hx’“ a:’“*lu
where in the last step we used 72 < 1 and (t; + (1 —¢1)t)? < 1. With fo t)dt = 3 the result follows. O
A.2 Results for H,.
Lemma 16. With the following kernel generating distance
N
Wi ll5 + [Wall5 + .. [Wn% ) *
Hy (W, ... W) = (r E+ [Wallz+ .. | N||F) |
N
the gradient with respect for Wy, for any i € [N], is given by
1 9 J-1
Vw, Ho (Wi, W) = —— (IWalF 4+ + [WnF) T Wi,
and the following lower bound holds true
N_2
1
((Hy,... HN), V2 Hy(W1,...,Wn)(Hy, ... Hn)) > NI (HHIHF - \\HNH%) (Z HWkHF>

and the following upper bound holds true

N -1 N N
((Hy,...,HN), V2 Hy(Wy,...,WN)(Hy, ..., Hn)) < <NN—1> (ZHHkH}) (ZH\MH%)
2 k=1 k=1

17
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Proof. Consider the following expansion

N4

N
<||W1 +HalF 4. [ Wn +HN||%> o (umn% + || B 3+ 2 (W, Ha) + - [W[3 + ||HN|%>
N N

Consider only the first order terms in the expansion, from which the following gradient with respect for Wj,

for any i € [N], is obtained

2 N N_q
(Wi W) = (2 ) (Wl (W) wa,
N? 2 1, 1
Now considering only the second order terms, we have
1
5 <(H17 s 7HN)7 V2H2(W17 s 7WN)(H17 SR HN)>
12 /& al T
(3 ) () (3 1wl
2N2 5ol k=1
-2

1 23 g 2 [ 2
toowly N o) (Wi Hi) 4.+ (Wi, Hy)) > Wl
N2 gy T k=1

Since, the second term in the right hand side is always non-negative, the following result holds
2 (N al
(i) VAW W) B, ) 225 ) (1 + o ) (Z Hwkufm)
2 k=1

This proves the lower bound as in the statement. Now we prove the upper bound. With application of

Cauchy-Schwarz inequality, we have

123 N al R
( e )<<WI,H1>+...+<WN,HN>>2 S Wi
2N2 2,7—2 P

1 3 ﬂ N 2_2

<oy )(anu) (Zum@)( uwkuF> ,

’ 2 k=1 k=1
198 ( N (N N 51
2 2 2
L2 ) HHk\F> (ZuwkrF>
2N2 2,3~ k=1 k=1

Thus, we finally have

N=2
2 N N N 2
<(H17'"7HN)7v2H2(W17'"aWN)(Hla"'>HN)> < N < _22 1) <Z’Hk||§7’> (Z’Wk||§7>
2 ’ k=1 k=1

N 2

N-2

23 N N N 2
+ 2o (y ) (Zqun%) <Zuwk||%) ,
Nz \%75 — k=1 k=1

@ 11> (}i ||HkH%> (}i ||wk\%>2 .o
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Lemma 17. Denote for any k > 1, 28 = (WX, ..., WX), Ay := 2% — 281 and the following

= (S ) Iant? (2] +2 |A||2)

D, (2%, y%) < 42Cy .

The following holds

Proof. From Lemma [I3] we have
1 1
/0 (1-— t)/o <V2H2 (aﬁk + (t + (1 —t)t)(y* — xk)> (2% — ¥, 2k — yk> dt,dt
1 1
= ,Yg/ (1-— t)/ <V2H2 (mk + (t 4+ (1 —t)t) (y* — a:k)> (zF — 21, 2k — xk_1> dt,dt

0 0

%3/01(1—16)/0 <2N 3) H - H Hwk-i-(t1+(1—t1)t)(yk—:ck)HN_2dt1dt

where in the last we used Lemma Now, we use the following inequality

IN

2 2 2 2
H:Uk—i—(t1+(l—tl)t)(yk—a:k)H SQkaH —|—2ka—xk_1H :2kaH +2|A)?
Thus, the result follows using fol(l —t)dt = 3. O

A.3 Proof of Proposition [7]

We need to prove the convexity of LH, — g. From Lemma [14] we obtain

NN

N
2N| <(H15 s 7HN)) V2H1(W1, s 7WN)(H1) s 7HN)> > Z ||HZ”§7'H.{€\/:1J€¢{'L,‘]} ||WkH§7

=1

Similarly from Lemma 16| we obtain

=

N“‘Z |2

N

2(x2 )

)

N

Thus, now invoking Proposition [I2, we obtain the result. O

A.4 Results for Hs.

Lemma 18. With the following kernel generating distance

N+1
W7 + [Walf 4 [[W[7 + 1)
H3(W1,...,WnN) =
3( 1, ) N) ( N+ 1 )
the gradient with respect for Wi, for any i € [N], is given by
N+1

2(n2 1) N-1

2

Vw, Hy(Wq,.. Wy) = — 2 (leHF WA 1) Wi,
(N+1)"
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and the following lower bound holds true

((Hy,...,Hn),V?H3(W1,...,Wn)(Hi,...,Hn))

N—-1

2 (n) (i ) (S wat) 1)
><N 2 > L + .+ [ Hy )2 (( HWk\F>+1> ,
(V1) ! k=1

and the following upper bound holds true

N 2 N 5
(Hy,... Hx), V2 Hy(Wy, ... W) (Hy,. . Hy)) € — (Z |Hk||%> ((lewk@ +1>
k=1

(N+1)= k=1
Proof. In the expansion of H3(W1+Hj,..., Wn+HN), consider only the first order terms in the expansion,

from which the following gradient with respect for Wj, for any i € [N], is obtained

L
(N ) N-1
= 2
L

Vw, Hs(W1, ..., Wn) = (Wl + -+ W +1) 7 W),

The second order terms are given by

1
5 <(H17 s )HN)7V2H3(W1)' .- 7WN)(H17 s 7HN)>

—1

— 1# NH 2 - 2 )
2N+ (N : 1> N ) <<;HWI{HF> H)
Nt =
" 123N+1< ;3) ((W1,Hy) + ...+ (Wn, Hy)) ((Z ||Wk||F> )
) 2,55

2(N+1

it is easy to see that the following lower holds true

(Hy,...,Hn),V?H3(W1,...,Wn)(H;y,...,Hn))

9 N+1 ) N )
2 W(zv 1 1) <HH1HF o+ HHNHF) <<;||Wklzr> +1>

2

2

Now we prove the upper bound. With application of Cauchy-Schwarz inequality, we have

23 N+1 %
)N+1<2 1%3> (Wp,Hy) +...+(Wn, Hn)) ((Z ”WkHF> + 1)

Wt ? k=1

23 N N , N ) N3
L (, N3> (kzlnwk\F) (;HHkQ ((;uwkHF> +1> ,

3 N+1 N N N N_s
S +21>;1 ( fif”) ((Z”Wk”?> +1> (Z\HkH%> ((Z\w%) +1) ,

’ k=1 1 —
N N N1
- ( N§3> (ZHHkHF) ((anku%) +1> ,
(N+1)"2 \2,%52/) \{ e
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where in the second inequality we used (Ei\;l HWkH%) < (Zgzl HWH]%) + 1. Now the full bound is

1
5 <(H17 . '7HN)7V2H3(W17 s 7WN)(H17 s )HN)>

N-1

1 2 NH al 2 i o 2 N
I (% ) (Z\\Hk\f) ((;ku)H) ,

3 N+1 N 2
*r o (o 2a) (ZnHkuF) ((;nwkn%)H) ,

S - (iuﬂ |!2>2<<§:IIW H2>+1>N21 0
2(N+1 ) =1 K =1 K ‘

Lemma 19. Denote for any k > 1, oF = (WX, ..., WX), Ay := 2% — 251 and the following

,_.

N—-1
2

N 2
Dy = ——— | A2 <2 |=* |+ 2021 + 1)
(N+1)=z

Then, the condition Dy, (%, y*) < 2Dy holds true.

Proof. From Lemma [13[and using y* = 2 4+ v (2 — 2¥~1) we have
1 1
/ (1- t)/ <V2H3 (xk F(t 4+ (1=t — xk)> (2" — y*), 2% — yk> dt 1 dt
0 0
1 1
:7,3/ (1- t)/ <v2H3 (:c (41—t — xk)> (2 — 2F71), 2% — 251 dtydt
0

<<N:i\;/l 1—t/ H H:c F (4 (1= )k — o H 1) dtydt.

where in the last we used Lemma [I8] Now, we use the following inequality
k N k|| ko k-1]? k||? 2
e

Thus, the result follows using fol(l —t)dt = 1. O

A.5 Proof of Proposition
We need to prove the convexity of LHy — ¢g. From Lemma [14] we obtain

NN

m <(H1a HN)7V2H1(W17"' 7W ) Hl,' '-7 > > Z ||H7'”FH]<; 1,k¢{i,j} ||WkH§7

Similarly, from Lemma [18| we obtain

N—-1

N 2
(N + 1) (Hy,... HN), V2 Hy (W1, .. W) (Ha, o H)) ([H 7+ H ) ((Z umn%) + 1)
k=1

and invoking Proposition (12| we obtain the result. The proof of LH}+ g is similar (see [10, Remark 2.1]). O
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B Closed Form Update Steps

Lemma 20. Let Q € RAY*B for some positive integers A and B. Let t > 0 and ||Q||p # 0 then

min {(Q.X): IX|} =} = min {(QX): X[} <2} =—t]Ql,

XcRAXB XcRAXB
with the minimizer at X* = —tQ/ |Q||p -

Consider the following non-convex optimization problem

. 1
min {\Il(Wl,...,WN) - lewz...WNX—YH'j;} , (B.1)
W;eW, Vie[K] 2

Recall that g = 3 [|[W{Wa... WX — YH%77 f:=0 and h as explained in Section

B.1 Proof of Proposition [9]

We use the same proof strategy as [26, Proposition C.1]. Consider the following subproblem, involved in the

update step
N 2 N 2 % 2
W W W
(W11<+1,...,W11§I+1) €  argmin Z<P%‘,Wi> +c1(N) M + c2(N) w +p w
(W1,..,.Wn)eC i—1 N N N

In order to solve the above minimization problem, we introduce additional optimization variables t1,...,txy >
0 and the constraint ||[Wj||, = ¢; for all . This splits the optimization problem, where the constraints of the
inner problem with respect to Wy,..., Wy can be relaxed to ||Wjl||p < t; without changing the minimal

value thanks to Lemma 20/ . We arrive at
N N 2\ N 2\ 2 N 2
' . N 42 SN SV 13
P}{,W‘> . W' 2 < tQ} N Zl—l ? N i=1"1 i=1"1
LI DI {(PEW) [Willh <87} + () [ S5 ) (V) (=) 4p | =
Then the solution to the subproblem for the i-th block due to Lemma [20] in each iteration is as follows
t*—=ri—, for ||PX 0,
Wit = Pk, i HF 7
0 otherwise .

We solve for ¢t with the following minimization problem

N N o\ N N 2
| D D
argmin < — Y t; + c1(N) <Z_’ +co(N) | ==+

t;>0,Vi€[N
Thus, the solutions ¢; are the non-negative real roots of the following equations

vz

Pl

+p<zijzvlt%>

SN 2 N- SN 2 31 2p
—HP§<F+2C1(N) =il i+ ea(IV) | = ti+oti=0, Vie[N) (B.2)
Substitute the following
k
V[P,

VX [P

N 2
which implies that % = 72 for certain r > 0. Now, we find r via substituting ¢; in (B.2)), which results

in
N k|2
_ _ 2p > i1 HPi HF
2¢1 (N)r2N =L ey (N)rV =1 4 25 — =0. B.3
(V) (N S S (B.3)
The proof is similar for N > 2 and N being odd. O
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B.2 Weight decay or L2-Regularization

Consider the following non-convex optimization problem

min {\Il(Wl,...,WN) - % IWiWa .. WaX — Y2 + 20 <Z W, HF>} . (B.4)

W;eWw; VZE[K]

Denote g := 3 [W1W3... WnX — Y3, f = )‘2—0 <sz\;1 HWJ]%) and h as explained in Section .

Proposition 21. In BPG, with above defined g, f,h, using the notation P%‘ = Pk, (Wlk, . ,WNk) =
AVw,g (Wlk, . WNk) waih(Wlk, . ,WNk) . the update steps in each iteration are given by W;{Jrl =

g\\ for all i € [N] where r is the non-negative real root of for N = 2
2¢1(2)7 + (c2(2) + Mo)r — Yo [P —0, (B.5)
V2
If N > 2 and even, we have
N k|2
_ _ 2p D1 HPi HF
92¢1 (N )2V -1 N1 <P _ = B.
c1(N)r + co(N)r + N+>\)\0 r Wi 0, (B.6)
and if N > 2 and odd, then
N1 N Kk||2
Nr2 41\ 2 2p > izt HPi HF
2¢1(N)r?NV =1 N) | ———r =0. B.
Cl( ) + e3( )<N—|—1> T+<N+)\)\o> JN 0 ( 7)
Proof. The proof is exactly the same as Proposition [9) and the only change is in the value p for N > 2 and
¢ for N = 2. For N = 2, the results coincide with [26]. O

B.3 Closed Form Updates for L1 Regularization

Recall that the soft-thresholding operator is defined as follows Sp(x) = max{|z| — 6,0}sgn(x), where the
operations are performed coordinate-wise. We consider below an extension of (3.1)),

N
W W L wow 2
' v e =5 e - i i , B.8
Wi, vie[K] { (W1,.... Wn) D) [WiW2.. . WNX - Y|+ ;:1” W H1} (B.8)

where p; > 0 for all i € [N] and ||W;j]|; is the standard L1-norm, which denotes the sum of absolute of values
of the all the elements in Wj. We require the following technical result from [26] before we provide the closed

form solutions.

Lemma 22. Let Q € RY*B for some positive integers A and B. Let to > 0 and let t > 0 then

cmin QX0+ to Xy IXIF < ] = <10 (- Q)

with the minimizer at X* = HSSto( Qll, for [[Sty (= Q)| p # 0 and otherwise all X such that ||XH§«“ < t* are

minimizers. Moreover we have the followmg equivalence,

i X) 440 [|IX :X2<t2}5 i { X) + 1o ||X :X2:t2}. B.9
cmin QX oo X s X[F < ) = min {(Q.X) 410 Xy £ X (B.9)
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Denote g := 4 [WiWa... WX — Y| 7, f:= SN 1 [[Will, and h as explained in Section

Proposition 23. In BPG, with above defined g, f,h, with the notation P%‘ = P%‘ (Wlk,...,WNk) =
AVw,g (Wlk, .. WNk) Vw;, h(Wlk, e ,WNk) , the update steps in each iteration are given by W§‘+1 =
\/7$Au ( i

\/Zl 1||S)‘”'z ||F

for all i € [N] where for N =2, r is the non-negative real root of

\/Zz 1 HS/\M —Py) HF

2¢1(2)13 + ¢y 7

=0. (B.10)

If N > 2 and even, we have

N 1Sy, (=PRI
QCI(N)TQNfl—i—CQ(N)rN*l_F% \/zl—lu AM( I)HF

N Wii =0, (B.11)

and if N > 2 and odd, then

N-1 N 2
N7"2+1> ST \/Zi=1HSA”i(_P%(>HF:O. (B.12)

N+1 N VN

Proof. We use the same proof strategy as [20, Proposition C.1]|.The subproblem is

2¢1 (N)r*N=1 4 ¢3(N) (

N

N 2\ NV 2\ 2 2
. W W W
WKl ¢ argmin ) (Am Wi, + <P§<,Wi>) + (V) (” NHF) + () (H N”F> i (” N’F>

(W]_,.‘.,WN)EC i=1

In order to solve the above minimization problem, we introduce additional optimization variables t1,...,tNy >
0 and the constraint ||[Wj||, = ¢; for all 4. This splits the optimization problem, where the constraints of the
inner problem with respect to Wy,..., Wy can be relaxed to ||Wjl||p < t; without changing the minimal
value thanks to Lemma 22l We arrive at

N
. . k . 2 2
el o {;_1 in, {<Pi ,Wi> + A [[Willy : Wil < ti}

N N N 5 N
+er(N) (ZiNl t?) + eo(N) <Z¢N1t?> +p (ZiNl t?)

Lemmaprovides for the i-th block the optimal solution W;“ (t;) and minimal function value —t; || Sy, (—P
of the inner problem depending on t1,...,ty. Thus, we obtain the solution as

)l

xS Z_(,p;c) k
wint _ ) UTscee, o (9ROl 20,

0 otherwise.

We solve for ¢t with the following minimization problem

N N N N
argmin th ‘ + ¢1(N) (W) + ea(N) (Zi]\fl t?) +p (Zij\fl t?)

t;>0,Vi€[N]
Thus, the solutions ¢} are the non-negative real roots of the following equations

N-1 -1
SN 2 N 1t2 2p ,

2c(N) | ==L ; N) | &=L i+ L =0, N].
’F+ 1 ( )( N ti + ca(N) N ti+ —t; =0,Vi € [N]

Sy (—PF)

- HS/\M(_P%()
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Substitute the following
t— VN HSAM(_P%()HF

RV EE ST

N 42
which implies that % = 72 for certain r > 0. Now, we find r via substituting ¢; in (B.2)), which results

in

@r B \/ZzNzl HSAM(_P?)H?

91 (N)2N—1 N1
c1(N)r + co(N)r +N iy

=0. (B.13)

The proof is similar for N > 2 and N being odd.

C Closed Form Inertia

C.1 Proof of Proposition

We use
h(Wl,. .. ,WN) = Ha(Wl, - ,WN) + pH4(W1,. .. ,WN),

where
Ha(Wl, . ,WN) = Cl(N)Hl(Wl, . ,WN) + CQ(N)HQ(W]_, . ,WN) .

Now for any x € C,y € C, we have Dy, 1p,(z,y) = Dy, (7,y) + Dp,(x,y) for any hyi, he € G(C). Thus,
Dy(z,y) = ci(N)Du, (2,y) + c2(N) D, (2,y) + pDpy (2, y) -
We solve Dy, (wk, yk) < KDy (ajk_l, xk) using the results from Lemma to obtain
Dy, (xk,yk> < A2 (cl(N)Bk + co(N)Cr + p HAkH2> < kDy, (xkil,a;k) .
The proof for N > 2 and N being odd is similar. O

C.2 Closed Form Inertia for Matrix Factorization

Lemma 24. Given h1(W1, W) := (%)2, then we have the following
((Hx, Hy), V2hi (W1, W) (H, Ha)) < 3 ([ Ha [} + [H203 ) (IW4 I3+ [Wsll}) -
Given ho := (%), then we have the following
((Hy, Hy), VZhy(W1, W2)(Hy, Hp)) = |[Hy || + [Ha| 7 .
Then, with hqe(W1, Wa) = 3h1 (W1, W2) + || Y|z ha(W1, W2) we have the following

((Hy, Ha), V2ho (W1, Wa) (Hy, Ha)) <9 (B3 + (B 3) (W5 + [Wal3) + 1Y I (185 + )1 -

Proof. The result regarding h; is from Lemma [14] with N = 2. The results for hy follows trivially (see for
example [26]). The statement for h, holds trivially. O

In the context of matrix factorization problem, where N = 2, X = 1, ||X||, = 1, we obtain the following

result on the extrapolation parameter.
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Lemma 25. Denote 2% = (WX, ..., WK). For k > 0, y¥ := 2F + qp(2F — 2F71) and 28 # 2871, the
parameter vy, € [0,1] such that
3
0< <\ [ P ),
(¢f +€)

satisfies the condition , where §{“ =42 ka k= 1H and §2 =15 (H kH |Y”F> ka — xk*1H2.

Proof. From Lemma [I3] we obtain

/01 (1—1) /01 <V2h <wk + (t + (1 —t)t) (" — xk)) (zF — yF), 2F — yk> dtydt

</ 1 / o[ — 4[| + (1 + (L= )t — M)+ 1Y [t — ]| dtac
Y 5 R PRy o TR TR A e

() e [0l

ol ) - -

o (1 s S

where in the first inequality we used Lemma [24] and the second inequality is due to the following
k ko kP k||? ol k. k|?
[t 4+ 1+ =t = )| < 2[oH]] + 200+ =002 ok - |
_ k IIYIIF 2F—11? k _ k_ k14
Denote &5 =9 H H + Ha: H and £ =6 Hx x H we have

EE + &k < kDR (2" 2,
and the result follows due to the condition 0 < v < 1. ]

Note that for a general X, we need to set 55 =15 (kaHZ =+ W”g%) HSCk — :ck_le.

D Additional Experiments

We provide time plots and statistical evaluation for the same experimental setting introduced in section [6
In these experiments, we set the regularization parameter A\g = 0.1, the step size A of BPG to 0.99 and p = 1.
For iPALM we use two settings § = 0.2 and 8 = 0.4. Furthermore, we present convergence plots of a second

experiment.

D.1 Time plots

The results for time comparison are given in Figure 2l For better visualization an offset of 1072 is used in
the time plots.

In most of the settings the convergence speed of CoCaln BPG is similar to iPiano-WB. The alternating
schemes PALM and iPALM do not include a time consuming backtracking mechansim. In terms of speed,
this results in a better performance for the non-regularized DLNN problem. However, in the regularized
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setting BPG based methods with a possibly more effective update step remain superior together with iPiano-
WRB. In this experiment, there is no clear speed advantage of CoCaln BPG over CoCaln BPG CFI. The
size of the used data is small yet and the strength of the closed form intertial BPG might lie in large scale

datasets.
107 . 107 .
E\ —DBPG —DBPG

= o' N —BPG-WB - —BPG-WB
Fowp Moo CoCaln BPG =) CoCaln BPG CoCaln BPG
N : T ——CoCaln BPG CFI ——CoCaln BPG CFI ——CoCaln BPG CFI
< o ] - - FBS-WB ! h - - FBS-WB - - FBS-WB
(\l./i P iPiano-WB . iPiano-WB iPiano-WB
> - - PALM = - - PALM — - PALM
T w00 —— iPALM 3=0.2 8 b —— iPALM 3=0.2 —— iPALM 3=0.2
; . — iPALM 3=0.4 = — iPALM 3=0.4 [ iPALM 8=04
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Figure 2: Time plots illustrating the competitive performance of BPG methods.

D.2 Statistical evaluation

For the statistical evaluation, we used the same experimental setting as before but varied the weight ini-
tialization: The weights are initialized randomly with values in [0,0.1]. We conduct 40 experiments with
different seeds and plot the final result of the algorithms after 10,000 iterations. The results for three layers
(N = 3) are provided in Figures and |5l Note the different range of the z-axis for each algorithm.

The performance of CoCaln BPG is significantly better relative to the other algorithms in case of L2-
Regularization. Here, BPG, BPG-WB and CoCaln BPG CFI converge more often to a worse solution than
FBS-based and the alternating algorithms. However, when L1-Regularization is used, both CoCaln BPG
and CoCaln BPG CFT are superior, with CoCaln BPG CFI being more stable than CoCaln BPG. BPG does
not fully converge within 10,000 steps.
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Without a regularizer, PALM and iPALM constantly generates the best results. CoCaln BPG is competitive
to FBS-WB but not to iPiano-WB.

Number of seeds
Number of seeds
Number of seeds

s A ws e we ws ™ W e w2 wa wa ws me wr we ws I T I s
T(Wy, ..., W,) T(Wy, ..., W) T(Wy, ..., W)

(a) BPG (b) BPG-WB (¢) CoCaln BPG

Number of seeds
Number of seeds
Number of seeds

121

(W, W) P(W, .. Wa) YWy, ..., Wa)

(d) CoCaln BPG CFI (e) PALM (f) iPALM (8 =0.2)
A Wy T g w
(¢) iPALM (8 = 0.4) (h) FBS-WB (i) iPiano-WB

Figure 3: Statistical evaluation - L2-regularization, N = 3

D.3 Experiment 2

In the second experiment we use the same hyperparameters, weight initialization and input X € R7*%0 as in
Experiment 1. While we used independently generated input and output data in Experiment 1, the output
data is now generated with Y = AX + 0.0001N, where A is a randomly generated matrix in [0,0.1]*7 and
N ~ N(0,1). Additionally, the weights are not squared matrices, i.e Wy € R?*3. The results are provided
in[6] While BPG-WB and CoCaln BPG CFI achieve the best performance in a setting with L2-regualrizer
or no regularizer, both algorithms can not compete with the alternating algorithms PALM and iPALM as
well as iPiano-WB in case of L1-regularizers. Here, CoCaln BPG is strong with a convergence better than
iPiano-WB.

Finally, note that the proposed Bregman distances involve the norms of the weights, which can be very large
for large N and might result in numerically instability. An important open research problem, is to develop

numerically stable Bregman distances.
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