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Abstract

This work is concerned with the classical problem of finding a zero of a sum of
maximal monotone operators. For the projective splitting framework recently proposed
by Combettes and Eckstein, we show how to replace the fundamental subproblem
calculation using a backward step with one based on two forward steps. The resulting
algorithms have the same kind of coordination procedure and can be implemented in
the same block-iterative and highly flexible manner, but may perform backward steps
on some operators and forward steps on others. Prior algorithms in the projective
splitting family have used only backward steps. Forward steps can be used for any
Lipschitz-continuous operators provided the stepsize is bounded by the inverse of
the Lipschitz constant. If the Lipschitz constant is unknown, a simple backtracking
linesearch procedure may be used. For affine operators, the stepsize can be chosen
adaptively without knowledge of the Lipschitz constant and without any additional
forward steps. We close the paper by empirically studying the performance of several
kinds of splitting algorithms on a large-scale rare feature selection problem.

Mathematics Subject Classification 49M27 - 47THOS - 47J25

1 Introduction

For a collection of real Hilbert spaces {H;}?_, consider the problem of finding z € Hy
such that

0e > GiTi(Gia), (1)

i=1
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where G; : Hy — H; are linear and bounded operators, 7; : H; — 2Mi are maximal
monotone operators and additionally there exists a subset Zg C {1, ..., n} such that
for all i € Zf the operator 7; is Lipschitz continuous. An important instance of this
problem is

X?;I{IOE fi(Gix), 2

where every f; : H; — R is closed, proper and convex, with some subset of the
functions also being differentiable with Lipschitz-continuous gradients. Under appro-
priate constraint qualifications, (1) and (2) are equivalent. Problem (2) arises in a host of
applications such as machine learning, signal and image processing, inverse problems,
and computer vision; see [4,9,12] for some examples. Operator splitting algorithms
are now a common way to solve structured monotone inclusions such as (1). Until
recently, there were three underlying classes of operator splitting algorithms: forward—
backward [29], Douglas/Peaceman—Rachford [25], and forward—backward—forward
[35]. In [14], Davis and Yin introduced a new operator splitting algorithm which does
not reduce to any of these methods. Many algorithms for more complicated monotone
inclusions and optimization problems involving many terms and constraints are in fact
applications of one of these underlying techniques to a reduced monotone inclusion
in an appropriately defined product space [5,6,11,13,22]. These four operator splitting
techniques are, in turn, a special case of the Krasnoselskii-Mann (KM) iteration for
finding a fixed point of a nonexpansive operator [24,28].

A different, relatively recently proposed class of operator splitting algorithms is
projective splitting: this class has a different convergence mechanism based on pro-
jection onto separating sets and does not in general reduce to the KM iteration. The
root ideas underlying projective splitting can be found in [20,32,33], which dealt with
monotone inclusions with a single operator. The algorithm of [16] significantly built
on these ideas to address the case of two operators and was thus the original projec-
tive “splitting” method. This algorithm was generalized to more than two operators
in [17]. The related algorithm in [1] introduced a technique for handling compositions
of linear and monotone operators, and [8] proposed an extension to “block-iterative”
and asynchronous operation—block-iterative operation meaning that only a subset
of the operators making up the problem need to be considered at each iteration (this
approach may be called “incremental” in the optimization literature). A restricted and
simplified version of this framework appears in [15]. The potentially asynchronous
and block-iterative nature of projective splitting as well as its ability to handle com-
position with linear operators gives it an unprecedented level of flexibility compared
with prior classes of operator splitting methods. Further, in the projective splitting
methods of [8,15] the order with which operators can be processed is deterministic,
variable, and highly flexible. It is not necessary that each operator be processed the
same number of times either exactly or approximately; in fact, one operator may be
processed much more often than another. The only constraint is that there is an upper
bound on the number of iterations between the consecutive times that each operator
is processed.
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Projective splitting with forward steps 633

Projective splitting algorithms work by performing separate calculations on each
individual operator to construct a separating hyperplane between the current iterate and
the problem’s Kuhn—Tucker set (essentially the set of primal and dual solutions), and
then projecting onto this hyperplane. In prior projective splitting algorithms, the only
operation performed on the individual operators 7; is a proximal step (equivalently
referred to as a resolvent or backward step), which consists of evaluating the operator
resolvents (I + pT;)~! for some scalar p > 0. In this paper, we show how, for the
Lipschitz continuous operators, the same kind of framework can also make use of
forward steps on the individual operators, equivalent to applying I — pT;. Typically,
such “explicit” steps are computationally much easier than “implicit”, proximal steps.
Our procedure requires two forward steps each time it evaluates an operator, and
in this sense is reminiscent of Tseng’s forward—backward—forward method [35] and
Korpelevich’s extragradient method [23]. Indeed, for the special case of only one
operator, projective splitting with the new procedure reduces to the variant of the
extragradient method in [20] (see [21, Section 4] for the derivation). In our forward-
step procedure, each stepsize must be bounded by the inverse of the Lipschitz constant
of T;. However, a simple backtracking procedure can eliminate the need to estimate
the Lipschitz constant, and other options are available for selecting the stepsize when
T; is affine.

1.1 Intuition and contributions: basic idea

We first provide some intuition into our fundamental idea of incorporating forward
steps into projective splitting. For simplicity, consider (1) without the linear operators
G;, that is, we want to find z such that 0 € Z?:l T;z,where Ty, ..., T, : Hyp — 2Ho
are maximal monotone operators on a single real Hilbert space 7. We formulate the
Kuhn-Tucker solution set of this problem as

n—1
S=1(wi,...,wp—1) wieTiz,i=1,.-.,n—1,—ZwieTnz .3

i=1

It is clear that z* solves 0 € Y /_, T;z* if and only if there exist wi, ..., ws_, such
that (z*, wy, ..., w;_,) € S. A separator-projection algorithm for finding a point in
S finds, at each iteration k, a closed and convex set Hy which separates S from the
current point, meaning S is entirely in the set and the current point is not. One can
then move closer to the solution set by projecting the current point onto the set H.

If we define S as in (3), then the separator formulation presented in [8] constructs
the set Hy through the function

n—1 n—1

Qak(Zawlan-,wn—l):Z(Z—x,k»y,k_wi>+<z—x;1»y;1+2wi> 4
i=1 i=1

n

n n—1
= <z, Zy{‘> +Y F—xbw) =D bk ®)

i=1 i=1 i=1
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634 P.R. Johnstone, J. Eckstein

for some xf, ylk € Hy such that yl(‘ S T,xf, i €1,...,n. From its expression in (5)
it is clear that ¢y is an affine function on (. Furthermore, it may easily be verified
that for any p = (z, wy, ..., wy—1) € S, one has ¢ (p) < 0, so that the separator
set Hy may be taken to be the halfspace {p | ¢r(p) < 0}. The key idea of projective
splitting is, given a current iterate pk = (zk, wll‘, R wﬁ_l) € Hg, to pick (xl(‘, yl(‘)
so that @ (p¥) is positive if p* ¢ S. Then, since the solution set is entirely on the
other side of the hyperplane {p | ¢x(p) = 0}, projecting the current point onto this
hyperplane makes progress toward the solution. If it can be shown that this progress
is sufficiently large, then it is possible to prove (weak) convergence.

Let the iterates of such an algorithm be p = (z wk ...,w’rjfl) € HS.
To simplify the subsequent analysis, define w = - 1 wk at each itera-
tion k, whence it is immediate from (4) that ¢ (p*) = @i (2, w'l‘, ... ,'; D=
Yo 1(zk —xl , yl — w; Ky, To construct a function gpk of the form (4) such that
o (P = @iz ,wll‘, e ﬁ) > 0 whenever pX ¢ S, it is sufficient to be
able to perform the following calculation on each individual operator T for
(<%, wk) € HO, ﬁnd Xx; ,yl{‘ € Hy such that ylk € T,xf and (Z* xl ,yl — w; ky >0,
with (zF — xl ,yl — wk) > 0 if wl]f ¢ Tiz*. In earlier work on projective split-
ting [1,8,16,17], the calculation of such a (xf , y{‘) is accomplished by a proximal
(implicit) step on the operator 7;: given a scalar p > 0, we find the unique pair
(xk, %) € H2 such that y* € T;xF and

oy = puf = oaf =07 —w. ©)
We immediately conclude that
(@ —xfoyf —wh) = /pl =17 2 0, (7

and furthermore that (zk — x{‘, y{‘ — wl{‘) > 0 unless x{‘ = z*, which would in turn
imply that y{‘ = wf.‘ and wf € T;z*. If we perform such a calculation for each
i =1,...,n, we have constructed a separator of the form (4) which, in view of
o (ph) = Zl l(zk —xl ,yl —w; y, has gr (p*) > 0if pF ¢ S. ThlS basic calcu-
lation on 7; is depicted in Frg la for Hy = R': because * - x = ,o(yl — wk)
the line segment between (z*, wk ) and (x i ) rnust have slope —1 /p, meaning that
(ZF - xlk, wl -y ky < 0 and thus that (¥ — xl ,yi — wl]»‘) > 0. It also bears men-
tioning that the relation (7) plays (in generalized form) a key role in the convergence
proof.

Consider now the case that 7; is Lipschitz continuous with modulus L; > 0 (and
hence single valued) and defined throughout Hp. We now introduce a technique to
accomplish something similar to the preceding calculation through two forward steps
instead of a single backward step. We begin by evaluating 7;z¥ and using this value

in place of y{‘ in the right-hand equation in (6), yielding

zk—xfz,o(Tizk—wf-‘) = xf =7~ p(TiF —wh), (8)
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(a) (b)

(zk,yk)

k

(mf,wi)

Fig. 1 Backward and forward operator calculations in Hy = R!. The goal is to find a point (xlk , ylk) on
the graph of the operator such that line segment connecting (2, wf‘) and (xf , y{‘ ) has negative slope. Part
a depicts a standard backward-step-based construction, while b depicts our new construction based on two
forward steps

and we use this value for xl{‘ . This calculation is depicted by the lower left point in
Fig. 1b. We then calculate yl(‘ = Tixl(‘, resulting in a pair (xf , y{‘) on the graph of
the operator; see the upper left point in Fig. 1b. For this choice of (xf, ylk ), we next
observe that

k_ ko k k k_ koo k k k_ ko k ok
(2" —x;,y _wi>=<2 —x;, Tiz _wi>_<z —x;, Tiz _yi>

= (zk —xf, 5 —xf)> - <zk —xf, Ttk — Tixf‘> ©)

2
- oo

2
! — Ly |+ - (10)

1
= (— — Ll) sz _Xlk
0

Here, (9) follows because TjzF — wf-‘ = (1/p)(* — x{‘) from (8) and because we
let yf = T,xf . The inequality (10) then follows from the Cauchy-Schwarz inequality
and the hypothesized Lipschitz continuity of 7;. If we require that p < 1/L;, then
we have 1/p > L; and (11) therefore establishes that (zk — xf, yf — wl].‘) > 0, with
(zk — xl(‘, yf — wf.‘) > 0 unless xl(‘ = 7k, which would imply that wl].‘ = T,-zk. We thus
obtain a conclusion very similar to (7) and the results immediately following from it,
but using the constant 1/p — L; > 0 in place of the positive constant 1/p.

For Ho = R, this process is depicted in Fig. 1b. By construction, the line segment
between (zk, Tizk) and (x{‘, wf.‘) has slope 1/p, which is “steeper” than the graph of
the operator, which can have slope at most L; by Lipschitz continuity. This guarantees
that the line segment between (Z~, wl].‘) and (xll‘, ylg‘) must have negative slope, which
in R! is equivalent to the claimed inner product property.

Using a backtracking line search, we will also be able to handle the situation in
which the value of L; is unknown. If we choose any positive constant A > 0, then
by elementary algebra the inequalities (1/p) — L; > A and p < 1/(L; + A) are
equivalent. Therefore, if we select some positive p < 1/(L; + A), we have from (11)

:

(1)
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636 P.R. Johnstone, J. Eckstein

that
(& —xf oy —wf) = Al = xf)2 (12)

which implies the key properties we need for the convergence proofs. Therefore we
may start with any p = p° > 0, and repeatedly halve p until (12) holds; in Sect. 5.1
below, we bound the number of halving steps required. In general, each trial value of
p requires one application of the Lipschitz continuous operator 7;. However, for the
case of affine operators 7;, we will show that it is possible to compute a stepsize such
that (12) holds with a total of only two applications of the operator. By contrast, most
backtracking procedures in optimization algorithms require evaluating the objective
function at each new candidate point, which in turn usually requires an additional
matrix multiply operation in the quadratic case [3].

1.2 Summary of contributions

The main thrust of the remainder of this paper is to incorporate the second, forward-
step construction of (x{‘ , yl{‘) above into an algorithm resembling those of [8,15],
allowing some operators to use backward steps, and others to use forward steps. Thus,
projective splitting may become useful in a broad range of applications in which
computing forward steps is preferable to computing or approximating proximal steps.
The resulting algorithm inherits the block-iterative features and flexible capabilities
of [8,15].

We will work with a slight restriction of problem (1), namely

n—1

0€ ) GITiGid) + (). (13)

i=1

In terms of problem (1), we are simply requiring that G,, be the identity operator and
thus that H, = Hp. This is not much of a restriction in practice, since one could
redefine the last operator as 7, <— G} o T,, o G, or one could simply append a new
operator T, with T,,(z) = {0} everywhere.

The principle reason for adopting a formulation involving the linear operators G;
is that in many applications of (13) it may be relatively easy to compute the proximal
step of T; but difficult to compute the proximal step of G} o T; o G;. Our framework will
include algorithms for (13) that may compute the proximal steps on 7;, forward steps
when T; is Lipschitz continuous, and applications (“matrix multiplies”) of G; and G?.
An interesting feature of the forward steps in our method is that while the allowable
stepsizes depend on the Lipschitz constants of the 7; for i € Zp, they do not depend
on the linear operator norms ||G; ||, in contrast with primal-dual methods [6,13,36].
Furthermore, as already mentioned, the stepsizes used for each operator can be chosen
independently and may vary by iteration.

We also present a previously unpublished “greedy’ heuristic for selecting operators
in block-iterative splitting, based on a simple proxy. Augmenting this heuristic with a
straightforward safeguard allows one to retain all of the convergence properties of the
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Projective splitting with forward steps 637

main algorithm. The heuristic is not specifically tied to the use of forward steps and
also applies to the earlier algorithms in [8,15]. The numerical experiments in Sect. 6
below attest to its usefulness.

The main contribution of this work is the new two-forward-step procedure. The
main proposed algorithm is a block-iterative splitting method that performs well in
our numerical experiments when combined with the greedy block selection strategy.
However, the analysis also allows for the kind of asynchronous operation developed
in [8,15]. Empirically investigating such asynchronous implementations is beyond
the scope of this work. Since allowing for asynchrony introduces little additional
complexity into the convergence analysis, we have included it in the theoretical results.

After submitting this paper, we became aware of the preprint [34], which develops
a similar two-forward-step procedure for projective splitting in a somewhat differ-
ent setting than (13). The scheme is equivalent to ours when G; = I, but does not
incorporate the backtracking linesearch or its simplification for affine operators. Their
analysis also does not allow for asynchronous or block-iterative implementations.

2 Mathematical preliminaries

2.1 Notation

Summations of the form ) 11 a; for some collection {a;} will appear throughout this
paper. To deal with the case n = 1, we use the standard convention that Z?:l a; =0.
To simplify the presentation, we use the following notation throughout the rest of the
paper, where I denotes the identity map on H,,:

n—
i=

n—1

Go=1 VkeN) wy 2 -3 Giu}. (14)
i=1
Note that when n = 1, wll‘ = 0. We will use a boldface w = (wy, ..., w,_) for
elements of Hy; x ... x H,_1.
Throughout, we will simply write || - [|; = || - || as the norm for H; and let the

subscript be inferred from the argument. In the same way, we will write (-, -); as (-, -)
for the inner product of H;. For the collective primal-dual space defined in Sect. 2.2,
we will use a special norm and inner product with its own subscript.

For any maximal monotone operator A we will use the notation prox,, = (I +
pA)~!, for any scalar p > 0, to denote the proximal operator, also known as the
backward or implicit step with respect to A. This means that

x:propr(a) = dyeAx:x+py=a. (15)
The x and y satisfying this relation are unique. Furthermore, prox , 4 is defined every-
where and range(prox ) = dom(A) [2, Prop. 23.2].

We use the standard “—” notation to denote weak convergence, which is of course
equivalent to ordinary convergence in finite-dimensional settings.
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638 P.R. Johnstone, J. Eckstein

The following basic result will be used several times in our proofs:
n 2 < n 2
Zi:l Vi ” =n Zi:l [lvi [~

Proof |31, vi ||2 = n? [ }l i ||2 <n?. %Z?:l l|v; %, where the inequality
follows from the convexity of the function || - ||2. m|

Lemma 1 For any vectors vy, ..., vy,

2.2 Main assumptions regarding problem (13)

Let H = Ho x Hy X -+ X H,—1 and 'H,, = Hg. Define the extended solution set or
Kuhn—Tucker set of (13) to be

Sz{(z,wl,...,wn_l)e’)'t ( wi € T(Giz), i=1,....n—1,

n—1
-3 Grwi e T@). (16)

i=1

Clearly z € Hy solves (13) if and only if there exists w € Hj X --- X H,—1 such that
(z, w) € §. Our main assumptions regarding (13) are as follows:

Assumption 1 Problem (13) conforms to the following:

1. Ho = H,, and Hy, ..., H,_1 are real Hilbert spaces.

2. Fori =1,...,n, the operators 7; : H; — 2Hi are monotone.

3. Foralli in some subset Zp C {1, ..., n}, the operator T; is L;-Lipschitz continuous
(and thus single-valued) and dom(7;) = H;.

4 Fori € Ig 2 {L,...,n}\ZF, the operator 7; is maximal and that the map
prox, 7. : H; — H; can be computed to within the error tolerance specified below
in Assumption 4 (however, these operators are not precluded from also being Lip-
schitz continuous).

5. Each G; : Hy — H; fori =1,...,n — 1is linear and bounded.

6. The solution set S defined in (16) is nonempty.

Lemma 2 Suppose Assumption 1 holds. The set S defined in (16) is closed and convex.

Proof We first remark that for i € Zp the operators 7; are maximal by [2, Proposi-
tion 20.27], so Ti, ..., T, are all maximal monotone. The claimed result is then a
special case of [5, Proposition 2.8(i)] with the following change of notation, where
“MM” stands for “maximal monotone” and “BL” stands for “bounded linear”:

Notation here Notation in [5]
T, — A (MM operator)
(x1, ..o xp—1) = T1x1 X -+ X Ty_1x,—1 —> B (MM operator)
z+— (G1z,...,Gy—12) — L (BL operator).
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Projective splitting with forward steps 639

2.3 A generic linear separator-projection method

Suppose that H is a real Hilbert space with inner product (-, -)3;y and norm || - ||.
A generic linear separator-projection method for finding a point in some closed and
convex set S C H is given in Algorithm 1.

Algorithm 1: Generic linear separator-projection method for finding a point in a
closed and convex set S € H.
Input:p1,0<é§E<2
1 fork=1,2,..., do
2 Find an affine function ¢y such that Vg # 0 and g (p) < Oforall p € S.
3 | Choose g € [B. Bl
kel ph _ Bemax0a (D) g
[NZALY

4 p Pk

The update on line 4 is the Bj-relaxed projection of p* onto the halfspace {p :
@k (p) < 0} using the norm || - ||3¢. In other words, if p* is the projection onto this
halfspace, then the update is ka“1 = (1= B pk + Bk ﬁk. Note that we define the
gradient V¢ with respect to the inner product (-, -)3y, meaning we can write

~Vp.peH): o(p) = (Vor, p— P)a + o (p).

We will use the following well-known properties of algorithms fitting the template of
Algorithm 1; see for example [7,16]:

Lemma 3 Suppose S is closed and convex. Then for Algorithm 1,

1. The sequence {p*} is bounded.

2. 1p* = Pl — 0

3. Ifall weak limit points of {p*} are in S, then p* converges weakly to some point in
S.

Note that we have not specified how to choose the affine function ¢y . For our specific
application of the separator-projection framework, we will do so in Sect. 2.4.

2.4 Our hyperplane

In this section, we define the affine function our algorithm uses to construct a sepa-
rating hyperplane. Let p = (z, w) = (z, wy, ..., w,—1) be a generic point in H, the
collective primal-dual space. For 'H, we adopt the following norm and inner product
for some y > O:

n—1
I wWIE =yl + > lhwill?

i=1
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640 P.R. Johnstone, J. Eckstein

n—1
<(zl, wh), (2%, w2)>y =y )+ Z(w}, wiz). (17)

i=1

Define the following function generalizing (4) at each iteration k > 1:

n—1 n—1
o(p) = Y (Giz — by —wi) + <z — i+ Y G;"wi>, ()

=1 i=1

where the (xf, yf‘) are chosen so that ylk € T,-xf fori = 1,...,n (recall that each
inner product is for the corresponding Hilbert space H;). This function is a special
case of the separator function used in [8]. The following lemma proves some basic
properties of ¢y ; similar results are in [1,8,15] in the case y = 1.

Lemma4 Let ¢y be defined as in (18). Then:

1. @ is affine on 'H.
2. With respect to inner product (-, -),, on 'H, the gradient of ¢y, is

1 n—1
Vor = (; (Z G;‘yll‘ + y];), xll‘ — G]x,f, ce x,]:_l - Gn]x5> .
i=1

3. Suppose Assumption 1 holds and that y;‘ € T,'xffori =1,...,n. Then pr(p) <0
forall p € S defined in (16).
4. If Assumption 1 holds, y¥ € Tix¥ for i = 1,...,n, and Ve = 0, then

(-xllf:a }’{(, ~~-a)7§_1) € S

Proof To see that ¢y, is affine, rewrite (18) as

n—1 n—1 n—1
oz, W) =Y (Giz, yf —wi) = Y _(xf, yF —wi) + <z, i+ ZG}kwi>

i=1 i=1 i=1

n—1
- <x’n‘ yh+ Z wai>

i=1

n—1 n—1 n
=<Z,ZG;*y{‘+y,’i>+ (wi, xf — Gixy) = Y (xf, ). (19)
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Projective splitting with forward steps 641

Itis now clear that ¢y is an affine function of p = (z, w). Next, fix an arbitrary p € H.
Using that ¢y is affine, we may write

ok(p) =(p— P, Vor)y + o (p) = (p, Vor)y +or(P) — (P, Vr)y

n—1

=y (2. Vaor) + D _(wi. Vugi) + @ (P) — (5. Veu)y
i=1

Equating terms between this expression and (19) yields the claimed expression for the
gradient.

Next, suppose Assumption 1 holds and yl{‘ € 7",~)chC fori =1,...,n. To prove the
third claim, we need to consider (z, w) € S and establish that ¢; (z, w) < 0. We do so
by showing that all n terms in (18) are nonpositive: first, foreachi = 1,...,n—1, we

have (G;z — xl[‘, yl{‘ — w;) < 0 since T; is monotone, w; € T;(G;z), and yf € Tixf.
The nonpositivity of the final term is established similarly by noting that y,’j € T,,x,’;,
_ Z?:_l] G?w; € T,z, and that T, is monotone.

Finally, suppose Vg = 0 for some k > 1. Then y,lj = — Zl";ll G? yl{‘ and xf -
Gixk =0foralli = 1,...,n — 1. The latter implies that y* € T;(G;x¥) for all i =
1,...,n—1.Since we also have y,’j € Tn(xﬁ), we obtain that (xf,, y{‘, e, Y;]Ll) eS.

O

3 Our algorithm
3.1 Algorithm definition

Algorithm 2 is our flexible block-iterative projective splitting algorithm with forward
steps for solving (13). It is essentially a special case of the weakly convergent Algo-
rithm of [8], except that we use the new forward-step procedure to deal with the
Lipschitz continuous operators 7; for i € Zf, instead of exclusively using proximal
steps. For our separating hyperplane in (18), we use a special case of the formula-
tion of [8], which is slightly different from the one used in [15]. Our method can be
reformulated to use the same hyperplane as [15]; however, this requires that it be com-
putationally feasible to project on the subspace given by the equation /', Gfw; = 0.

Under appropriate conditions, Algorithm 2 is an instance of Algorithm 1 (see
Lemma 6). Lines 12-26 of Algorithm 2 essentially implement the projection step
on line 4 of Algorithm 1. Lines 2—11 construct the points (x{‘, yf‘) used to define the
affine function ¢y in (18), which defines the separating hyperplane.

The algorithm has the following parameters:

— For each iteration k > 1, a subset I; C {1,...,n}. These are the indices of
the “active” operators that iteration k processes by either a backward step or

two forward steps. The remaining, “inactive” operators simply have (xf, y{‘ ) =

@ yEh.
— For each iteration k > 1 and i = 1, ..., n, a delayed iteration index d(i, k) €
{1, ..., k} which allows the subproblem calculations on lines 4-9 to use outdated
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642 P.R. Johnstone, J. Eckstein

Algorithm 2: General Projective Splitting Algorithm for solving (13).

Input :(zl,wl)e’)-t, (x?,y?)e?—{%fori:l,...,n.
Parameters: {/; };cny Where I € {1, ..., n}, {d(i,k)}gen fori =1,...,n where 1 <d(i, k) <k,
0<p<B<2,y>0.
1 fork=1,2,...do
2 fori € I; do

/* these are the active operators to be processed */
3 if i € 7 then
4 a= szd(i’k)+pfi(l’k)w?(l‘k) +e§‘ /* do a backward step */
k
5 X5 = prox g4 a
;=P pid(z,mTi( )
d(i,k),—
6 yl!‘:(pl.(’ ) 1<a—x£‘>
7 else
/* do two forward steps */
i d(i,k i d(i.k
s xl{< _ Gizd(z,k) - (@, )(TiGizd(z,k) S (i ))’
9 yl{‘ = T,xlk
10 fori ¢ I do
/* These are the inactive operators */
—1 —1
u | ek =ak e
/* Beginning of projection procedure */
12 u{.‘leka,-xﬁ, i=1,...,n—1,

—1
| k=Tl Gryk gk
u | m=lluk)? + k2

15 if 7 > O then

16 Choose some B € [, B]
—1
17 o (PF) = (2 Ky + Ik uky — 3 kK
_ B k
18 @) = 7, max 0, or (p")
19 else
20 if u’;zllj ={1,...,n} then
21 L return zkH <« x],f, w]f“ <« y’l‘, ey wﬁﬂ <~ y’];_l
22 else
23 L o =0
T B I
25 wl].(+l:wff—akuf.‘, i=1,....,.n—1,
% | wktl = oyl Grykt!

information (zd @R wid(i’k)). In the most straightforward case of no delays, d (i, k)
is simply k.

— Foreachk > landi =1, ..., n, a positive scalar stepsize plk.

— For each iteration £ > 1, an overrelaxation parameter 8; € [8, B] for some
constants 0 < B < B < 2.

— A scalar y > 0 which controls the relative emphasis on the primal and dual
variables in the projection update in lines 24-25; see (17) in Sect. 2.4 for more
details.
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Projective splitting with forward steps 643

— Sequences of errors {ef.‘ Jk>1 for i € Zp modeling inexact computation of the
proximal steps.

In the form directly presented in Algorithm 2, the delay indices d (i, k) may seem
unmotivated; it might seem best to always select d (i, k) = k. However, these indices
can play a critical role in modeling asynchronous parallel implementation. There are
many ways in which Algorithm 2 could be implemented in various parallel computing
environments; a specific suggestion for asynchronous implementation of a closely
related class of algorithms is developed in [15, Section 3].

The error parameters ef.‘ for the proximal steps would simply be zero for proximal
steps that are calculated exactly. When nonzero, they would not typically in practice
be explicitly chosen prior to calculating xf and yf, but instead implicitly defined by
some (likely iterative) procedure for approximating the prox operation. We present
the error parameters as shown in order to avoid cluttering the algorithm description
with additional loops and abstractions as in [18,19].

3.2 A block-iterative implementation

Before proceeding with the analysis of Algorithm 2, we present a somewhat simpli-
fied block-iterative version. This version eliminates the possibility of delays, setting
d(i, k) = k. The strategy for deciding which operators I to select at each iteration is
left open for the time being and is determined entirely by the algorithm implementer.
We will propose one specific strategy for the case |I;| = 1 in Sect. 5.3, but one may
use any approach conforming to Assumption 2(1) below.

Algorithm 3: Simplified Block-Iterative Algorithm.
Input chowher, 00y eH2 fori=1,....n
Parameters: {/; };cn wWhere I € {1,...,n},0 < é < 3 <2,y >0.

1 fork=1,2...do
2 fori € Iy do

/* Loop over the blocks chosen to be updated according to
user-supplied rule {Ii} */
3 if i € Zp then
4 a_G,z +p w +e /* do a backward step */
5 xK = prox ST (a)
6 =) (a = xF)
7 else
8 xk =Gk — ok (T1;GiF — wh * d £ d *
i =Gt —p;(T;Giz" —wy), /* do two forward steps */
9 yk = T»x{‘

l 1
k— j( )
/* The prOJectlon procedure is then the same as lines 12-26 of

Algorithm 2 */

10 For] ¢ Iy, set (x yk) = (x /* other blocks unchanged */
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644 P.R. Johnstone, J. Eckstein

4 Convergence analysis

We now start our analysis of the weak convergence of the iterates of Algorithm 2
to a solution of problem (13). While the overall proof strategy is similar to [15],
considerable innovation is required to incorporate the forward steps. Before the main
proof, we will first state our assumptions on Algorithm 2 and its parameters, state the
main convergence theorem, and sketch an outline of the proof.

4.1 Algorithm assumptions

We start with our assumptions about parameters of Algorithm 2. With the exception
of (20), they are taken from [8,15] and use the notation of [15].

Assumption 2 For Algorithm 2, assume:

1. For some fixed integer M > 1, eachindex i in 1, ..., n is in I} at least once every
M iterations, that is,

jM—1
vVj>1) U I={1,...,n}.
k=j

2. For some fixed integer D > 0, we have k — d(i, k) < D for all i, k with i € I.
That is, there is a constant bound on the extent to which the information 7405 and
wf(”k) used in lines 4 and 8 is out of date.

Assumption 3 The stepsize conditions for weak convergence of Algorithm 2 are:

A . . k — A k
= min nf p! 0 = max {s ; o0
. {11>1’0‘ } g P ieI).f {klilljp’ } =
1
(Vi € Ip) p; = limsup pf < T (20)

k—o00 i

Note that (20) allows the stepsize to be larger than the right hand side for a finite
number of iterations.

The last assumption concerns the possible errors ef.‘ in computing the proximal steps
and requires some notation from [15]: for all i and k, define

. . . . . max S(i, k), when S(i, k) # 0
S, k)={jeN:j<k,ielj} s(t,k):{O’ othormise, #*
In words, s(i, k) is the most recent iteration up to and including k in which the index-i
information in the separator was updated, or 0 if index-i information has never been
processed. Assumption 2 ensures that 0 < k — s(i, k) < M.

Next, for all i = 1,...,n and iterations k, define [(i, k) = d(i, s(i, k)). Thus,
1(i, k) is the iteration in which the algorithm generated the information Z/@R) and
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Projective splitting with forward steps 645

wf.(i’k) used to compute the current point (x

d(i,0)=0.

k

k P . .
;> ;). For initialization purposes, we set

Assumption 4 The error sequences {el’.‘} are bounded for all i € Zg. For some o with
0 < o < 1 the following hold for all k£ > 1:

VieZp) (GO0 —xk elY) > oGP — xf? @

1

. ik 1(i,k 1(i,k 1(i,k
(Vi € Tp) (€0 Yk 0By < plER Gk ) l00)2, (22)

1 l

4.2 Main result

We now state the main technical result of the paper, asserting weak convergence of
Algorithm 2 to a solution of (13).

Theorem 1 Suppose Assumptions 1-4 hold. If Algorithm 2 terminates at line 21, then
its final iterate is a member of the extended solution set S. Otherwise, the sequence
{(z%, wh)} generated by Algorithm 2 converges weakly to some point (Z, W) in the
extended solution set S of (13) defined in (16). Furthermore, xl{‘—\GiZ and y{‘—\wi

foralli=1,....,n—1, xk—7 and yt—~ — Y= Grw;.

Before establishing this result, we first outline the basic proof strategy: first, since
it arises from a projection method, the sequence {p*} has many desirable properties,
as outlined in Lemma 3. In particular, Lemma 3(3) allows us to establish (weak)
convergence of the entire sequence to a solution if we can prove that all its limit points
must be elements of S. To that end, we will establish that

Vi=1,...,n): Giz&¥—xF— 0andyf —wt—o0. (23)

By the definition of w’,ﬁ on line 26, the iterates (zk, Wk) always meet the linear relation-
ship between the w; implicit in the definition (16) of S, whereas the (xf, yl(‘ ) iterates
always meet its inclusion conditions. Therefore, if (23) holds, then one may expect all
limit points of (%, w5 to satisfy all the conditions in (16) and thus to to lie in S. In
finite dimension, this result is in fact fairly straightforward to establish. The general
Hilbert space proof is more delicate, but was carried out in [1, Proposition 2.4].

In order to establish (23), we will first establish that the gradient of the affine
function ¢ defined in (18) remains bounded. Then, consider the projection update as
written on line 4 of Algorithm 1, which implies

e ey = Prmaxt0. e (pH)

lp
IVorlla

If || Vgr ||3¢ remains bounded, then since Lemma 3(2) implies the left hand side goes
to 0, lim sup ¢ (p*) < 0.
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646 P.R. Johnstone, J. Eckstein

The key to establishing (23) is then to show that the cut provided by the separating
hyperplane is “sufficiently deep”. This will amount to proving (in simplified form)

n
o (p¥) = €Y G — Xk (24)
i=1

for some C > 0. Then, using lim sup ¢y ( pk) < 0, the first part of (23) follows. The
second part of (23) is then established by a similar argument.

4.3 Preliminary lemmas

To begin the proof of Theorem 1, we first deal with the situation in which Algorithm 2
terminates at line 21.

Lemma5 For Algorithm 2:

1. Suppose Assumption 1 holds. If the algorithm terminates via line 21, then
(1, wkthy € S. Furthermore x* = G254 and y* = wk+1f0rl =1,...,n—1,
and x¥ = 41 and yk = — Y17 Grwkt

2. Additionally, suppose Assumption 2(1) holds. Then if mp = 0 at some iteration
k > M, the algorithm terminates via line 21.

Proof The condition U’;.ZII 7 = {1,...,n} on line 20 implies that yl{‘ € T,-xf for
i =1,...,n. Let ¢ be the affine function defined in (18). Simple algebra verifies
that for u¥ and v¥ defined on lines 12 and 13, uf‘ = Vyefori =1,....,n—1,
v =y Vegr, and m = | Ve 12

If for any such k, m; equals O, then this implies Vg = 0. Then we can invoke
Lemma 4(4) to conclude that (x,]f, y]f, A y,]j_ D E S. Thus, the algorithm terminates
with

1 1
(Zk+l, wk+ k+ ) —

k
s (xn,yl,...,yn_l)eS.

Furthermore, when Vg, = 0, Lemma 4(2) leads to

n—1
ZG*yl+yn O -xlk_Gl-x,],::O i=1,...,n_1.
i=1

We immediately conclude that y* = — Z;’;ll Giyk = — 2?2_11 G;."wl].H'l and, for
i=1,....,n— 1,thatxlk = Gixfl‘ = G,'Zk.

Finally, note that for any k > M, Ul;zllj = {1,...,n} by Assumption 2(1).
Therefore whenever ; = 0 for k > M, the algorithm terminates via line 21. O

Lemma 5 asserts that if the algorithm terminates finitely, then the final iterate is a
solution. For the rest of the analysis, we therefore assume that m; # O for all k > M.
Under Assumption 2, Algorithm 2 is a projection algorithm:
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Lemma 6 Suppose that Assumption 1 holds for problem (13) and Assumption 2(1)
holds for Algorithm 2. Then, for all k > M such that wy defined on Line 14 is
nonzero, Algorithm 2 is an instance of Algorithm 1 with H = Hy X --- X H,—1
and the inner product in (17), S as defined in (16), and ¢y as defined in (18). All the
statements of Lemma 3 hold for the sequence { pk} = {(zk, wll‘, e, wﬁ_l)} generated

by Algorithm 2.

Proof For k > M in Algorithm 2, by Assumption 2(1) all (xf , yl{‘) have been updated
at least once using either lines 56 or lines 8-9, and thus yf € T,'xf fori =1,...,n.
Therefore, Lemma 4 implies that ¢k (z, w) < 0.

Next we verify that lines 12-26 of Algorithm 2 are an instantiation of line 4 of
Algorithm 1 using ¢; as defined in (18) and the norm defined in (17). As already
shown, 7y = |[Vgx ||)2/. Considering the decomposition of ¢ in (19), it can then be
seen that lines 14-25 of Algorithm 2 implement the projection on line 4 of Algorithm 1.

To conclude the proof, we note that Lemma 2 asserts that S is closed and convex,
so all the results of Lemma 3 apply. O

The next two lemmas concern the indices s (i, k) and [(i, k) defined in Sect. 2.

Lemma 7 Suppose Assumption 2(1) holds. For all iterations k > M, if Algorithm 2
has not already terminated, then the updates may be written as

1G,k)

i

1k WKy sk

vVieZg)  xf+p"yF =GP 4 o w A

i e Tixf, (25)
(Vi € Tp) xf = G0 — pl (TGO — ),
yE = Txk. (26)

Proof The proof follows from the definition of /(i, k) and s(i, k). After M iterations,
all operators must have been in /; atleast once. Thus, after M iterations, every operator
has been updated at least once using either the proximal step on lines 4—6 or the forward
steps on lines 8-9 of Algorithm 2. Recall the variables defined to ease mathematical
presentation, namely G, = I and w’,j defined in (14) and line 26. O

We now derive some important properties of / (i, k). The following result was proved
in Lemma 6 of [15] but since it is short we include the proof here.

Lemma 8 Under Assumption2, k—I1(i, k) < M+ D foralli = 1, ..., nanditerations
k.

Proof From the definition, we know that 0 < k — s(i, k) < M. Part 2 of Assump-
tion 2 ensures that s(i, k) — (i, k) = s(i, k) —d(i, s(i, k)) < D. Adding these two
inequalities yields the desired result. O

Lemma 9 Suppose Assumptions 1 and 2 hold and nry > O for all k > M. Then

wf(i’k) — w{‘ — Oforalli=1,...,n and 7'G0 — & 5 0,
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Proof For z* and wf.‘ fori =1,...,n — 1, the proof is identical to the proof of [15,
Lemma 9]. For {wﬁ }, we have from line 26 of the algorithm that

( l(n k)) ‘
i=1
n—1
I(n,k
Y16 uf = w0
i=1

I(n,k)

lwi™® —wy| =

IA

n—1 k—I1(n,k)
k—j+1 k—j
=YuGi| Y (w T - w)
i=1 j=1
n—1 k—I(n,k)
" k—j+1 k—j
=2nein 30 ol - uf
M+D

5Z||G || Z Jwf 7t = wf

.

where final line uses Lemma 8. Since the operators G; are bounded and Lemma 3(2)

implies that wk+1 w{f — Oforalli =1,. —1, we conclude that wl(" k) w’; —
0. O
Next, we define

Vi=1,....n) ¢i =(Giz" —xF, yf —wf) D SR R 1)

. j 1(i,k
Vi=1,...m) Y 2(Gi 0 —xf = wf0) g 25y (28)
Note that (27) simply expands the definition of the affine function in (18) and we may
write g (p*) = .

Lemma 10 Suppose Assumptions 1 and 2 hold and y > O for all k > M. Then
¢ix — Yix — Oforalli =1,...,n

Proof In view of Lemma 9, we may follow the same argument as given in [15,
Lemma 12]. |

4.4 Three technical lemmas

We now prove three technical lemmas which pave the way to establishing weak con-
vergence of Algorithm 2 to a solution of (13). The first lemma upper bounds the norm
of the gradient of ¢y at each iteration.

Lemma 11 Suppose Assumptions 1-4 hold. Suppose that w, > 0 forallk > M. Recall
the affine function @i defined in (18). There exists £ > 0 such that |V ||> < & for
allk > 1.
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Proof For k < M the gradient can be trivially bounded by maxi<x<um [|Vgx ||?,. Now
fix any k > M. Using Lemma 4,

n—1

G+
i=1

2 n—1
IVerlls =y~ + Y lxf = GixkI%. (29)
i=1

Using Lemma 1, we begin by writing the second term on the right of (29) as

n—1 n—1

k k2 k2 20k p2
Sl = Gixfi? =237 (1P + 16 1E1?)
i=1 i=1

n—1

=2 ) w12+ 20— Dmax {1617 k1.
i=1

The linear operators G; are bounded by Assumption 1. We now check the boundedness
of sequences {xf‘}, i =1,...,n. Fori € Ip, the boundedness of {x{‘} follows from
exactly the same argument as in [15, Lemma 10]. Now taking any i € Zr, we use the
triangle inequality and Lemma 7 to obtain

[ 1(i,k [ 1(i,k 1(i,k
”xlk” < ”Gizl(l,k) pi(l )Tl Gizl(l,k)” pi(l )”wl(l )”
G [ 1(i,k .G i,k 1(i,k 1(i,k

Now the sequences {||z*||} and {|| wf.‘ I} are bounded by Lemma 3, implying the bound-
edness of {[|2/-F||} and {||w'"®|}. Since {z/0¥} is bounded, G; is bounded, and T;

l
is Lipschitz continuous, {7; Gizl(i’k ) } is bounded. Finally, the stepsizes ,ol(‘ are bounded
by Assumption 3. Therefore, {xlg‘} is bounded for i € Zr, and we may conclude that
the second term in (29) is bounded.
We next consider the first term in (29). Rearranging the update equations for Algo-

rithm 2 as given in Lemma 7, we may write

: -1 . : . .
W= (pl{(z,k)) (Gizl(z,k) — xk g R0 —i—es("k)), i €Tz (30)

i i

. . -1 . . .
TiGiZ[(l,k) — (pll(lvk)) (GiZl(l’k) _ xzk + pf(l’k)wll-(l’k)> , ie IF- (31)

Using G,, = I, the squared norm in the first term of (29) may be written as

2 2
n
St = | X Gk + Y 61 (TG 4 5f = 1,6,2/00)
i=1 ielp ielp
2
(@) .
<2 > Giyf+ > GG tP
ieZp i€l
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2

+2 Z G; (y,k - TiGiZl(i’k)>

ielp
- 1
1G.k)\— i 1G.k) 1G .k
4 Z(Pi(l >) G (Gizl(z,k) _xl{<+pi(z )wi(z ))
i=1

+ 2AZel Y 1Gil? |

i€lp

2
(d)
<

1K) H2
1

2
+4 3 (0P Gre P (32)

iEIB

. . 2
< 4np Zmax ”G ” (Z HG Zl(l k) xl(( p%(l,k)wll.(l,k) H

ik
S Tk

ielp

+ 21Zel Y NGHIPLE Ixf — Giz' @02 (33)

ielp

In the above, (a) uses Lemma 1, while (b) is obtained by substituting (30)—(31) into
the first squared norm and using y;‘ = Tixlk for i € Zp in the second, and then using
Lemma 1 on both terms. Finally, (c) uses Lemma 1, the Lipschitz continuity of 7;,
and Assumption 3. Foreachi = 1, ..., n, we have that G; is a bounded operator, the

sequences {z'0-P}, {x}, and {w l(' k)} are already known to be bounded, {p! """} is

bounded by Assumption 3, and for i €TIp, {" )1 is bounded by Asssumption 4. We
conclude that the right hand side of (33) is bounded. Therefore, the first term in (29)
is bounded and the sequence {V ¢} must be bounded. O

The second technical lemma establishes a lower bound for the affine function ¢y
evaluated at the current point which is similar to (24). This shows that the cut provided
by the hyperplane is “deep enough” to guarantee weak convergence of the method.
The lower bound applies to the quantity v defined in (28): this quantity is easier to
analyze than ¢; and Lemma 10 asserts that the difference between the two converges
to zero.

Lemma 12 Suppose that Assumptions 1-4 hold. Suppose wtj, > O forallk > M. Then
there exists & > 0 such that

lim sup ¥ > & lim Supz 1G:Z/ER — xk)12.

k—o00 k—o00 i=1
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Proof For k > M, we have

n

1(i ,k k Lk 1(i,k
‘pk_Z<G‘ 0 —xf yf = w)f )>

@ Z< AR lk (pl{(z’,k))—l (Gizl(i,k) _xlgc T ef(i’k)>>

lEIB
T Z( k) xzk» 7,G; 700 — wf.("’k)>
lEIF
+ Z( R _ xk gk TiGiZl(i,k)>
IEIF
® Z [ 1, k) NG00 — k)2 4 (pl{(z,k)) <Gl_zl(1,k) —xk, e?(z,k)>]
ZEIB
' 1G.k)y—1 -
+ Z <Gizl(z,k) —xk, (pi(z )) <Gizl(:,k) _ xlk)>
ielp
_ Z < 00 ik TG00 - TiX,k>
lEI]:
©) 1G N —1 .
> (1—0) Y (o) 160 — k2
ielp
l(z k) . Gk kg2 34
+> (o Li)Giz xf 1. (34)
lEIF

In the above derivation, (a) follows by substitution of (25) into the Zg terms and
algebraic manipulation of the Zr terms. Next, (b) follows by algebraic manipulation
of the Zp terms and substitution of (26) into the Zr terms. Finally, (c) is justified by
using (21) in Assumption 4 and the Lipschitz continuity of 7; fori € Zr.

Now consider any two sequences {ax} C R, {bx} C R;. We note that

lim sup aiyby > lim sup { <likm inf ak> by } = <likm inf ak> (lim sup bk) .
—00

k—o0 k—o0 —>o0 k— 00

Applying this fact to the expression in (34) yields the desired result with

szzmm{(l—o)ﬁ‘, min {77! - }}

j€Ir
and Assumption 3 guarantees that & > 0. O

In the third technical lemma, we provide what is essentially a complementary lower
bound for ¥:
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Lemma 13 Suppose Assumptions 1-4 hold. Suppose wt, > 0 for all k > M. Then
there exists &3 > 0 such that

limsup | Y+ D LillGiz' 0 — xf?

k—o00 ieTp

1(i,k ; 1G .k
z glimsup | D Iy - w02 4 3T G0 — W2 ) L 35)

k=00 ielp i€lp

Proof For all k > M, we have

n

j 1(i,k
Yo=Y (G0 — xf, k- w0

(@) 1(i,k 1(i,k ik 1(i,k
e Z(I()l(l )(yzk _ wi(l )) _ Ef(l ) ko wi(l ))

7)71
ielp
+ Z 1(; k) xzk’ TiGiZl(i,k) - wl%(i,k))
ZGIF
+ Z l(l k) _ k ylk _ TiGiZl(i’k)>
ZEIF
(b) 1G.k) y  k 1Gi,k) 2 (k) k G,k
23 (AP IyE = wf PP = (0, - w9
iEIB

Y (PTG, _ D) TG0k 00y

i€ly
- Z(xzk — G;ZP, T,-xf — T;G;i'"R) (36)
iEIF
l k l k 1 k l ik
ZEIB ZEIF
- Z Li ||GiZl(i’k) - .xlk”2. (37)
ielp

In the above derivation, (a) follows by substition of (25) into the Zp terms and algebraic
manipulation of the 7 terms. Next (b) is obtained by algebraic simplification of the 7
terms and substitution of (26) into the two groups of Z terms. Finally, (c) is obtained
by substituting the error criterion (22) from Assumption 4 for the Zg terms and using
the Lipschitz continuity of 7; for the Zp terms. Adding the last term in (37) to both
sides yields
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Vit ) LillGiE! @0 —

i€lp

1(i,k 1(i.k 1(i,k i 1(i.k
> (1 _ O') Z pi(l )”ylk _ wi(l )”2 + Z pi(l )HTiGiZl(l,k) _ wi(l )“2

ielg ielp

Assumption 4 requires that ¢ < 1 and Assumption 3 requires that p{‘ > p > O forall
i, so taking limits in the above inequality implies that (35) holds with §3 = (1 —o)p.
(]

4.5 Proof of Theorem 1

We are now in a position to complete the proof. The assertion regarding termination
at line 21 follows immediately from Lemma 5. For the remainder of the proof, we
therefore consider only the case that the algorithm runs indefinitely and thus that
mr > Oforallk > M.

The proof has three parts. The first part establishes that G;z* — xlk — 0 for all i
and the second part proves that y{‘ — wll.‘ — 0 for all i. Finally, the third part uses these
results in conjunction with a result in [1] to show that any convergent subsequence
of {pk} = {(z¥, wk)} generated by the algorithm must converge to a point in S, after
which we may simply invoke Lemma 3.

Part 1. Convergence of G;z¢ — x!‘ -0
Lemma 6 and (27) imply that

B max{gy (pX), 0} B max{gy, 0}
Pt =ph - Vo = pl — V.
IVerll2 IVerl2

Lemma 3(2) guarantees that pX — p**1 — 0, so it follows that

‘ . Brmax{¢y, 0} élim SUpP;_, oo Max{¢x, 0}
—plly = lim >

koo |IVerlly V&L ’

k+1

0= 1
Jim 17

since || Vgklly < /&1 < oo for all k by Lemma 11. Thus, lim sup,_, ., ¢ < 0. Since
Lemma 10 implies that ¢y — Y — O, it follows that lim sup;_, ., ¥x < 0. With (a)
following from Lemma 12, we next obtain

@ ‘ ;
0> limsup Y = & limsup ) Gz — xf|1>

k— o0 k i=1

n
N 1(i,k k2
> & lim inf 2 1: [Giz! 0 — k)2 > 0.
1=

Thus, G;Z/"F —x¥ — 0fori = 1,...,n. Since z¥ — z/"¥) — 0 and G; is bounded,
we obtain that ngk — xf‘ —Ofori=1,...,n.
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Part 2. Convergence of ylk — wf.‘ -0
1(i,k)

From lim sup; _, ., ¥x < 0 and G;z - xf‘ — 0, we obtain

limsup 3 Y+ D Lil|Giz' ™0 — P 1 < 0. (38)

k— 00 icTy

Combining (38) with (35) in Lemma 13, we infer that

Vi e 1Ip) yf — @ o — y;‘ —w¥ =0

1

VieTp) TG00 w50 — 76 F-—w—0 @39

I

where the implications follow from Lemma 9, the Lipschitz continuity of 7; fori € T,
and the continuity of the linear operators G;. Finally, for eachi € Zg and k > M, we
further reason that

vk —wk| = 1T:GiZF — wk + y* — T:Gi 2,
< ITiG:iZ" — wh|l + IlyF — T:G: 2%
(a)
S T;Giz" — wh | + 1 Tixf — TG 25|
(b) (c)
< IT:Giz" — wkil + LiGiz* — xFI = 0.

Here, (a) uses (26) from Lemma 7, (b) uses the Lipschitz continuity of 7;, and (c)
relies on (39) and part 1 of this proof.

Part 3. Subsequential convergence
Consider any increasing sequence of indices {gx} such that (z%, w?) weakly con-
verges to some point (z°°, w*°) € H. We claim that in any such situation, (z°°, w™) €
S.

By part 1, * — x, — 0,50 x,—z>. Forany i = 1,...,n, part 2 asserts that
ylk — wlk — 0, so y?"—\w;’o. Furthermore, part 2, (14), and the boundedness of G;
imply that

k ar_

n n n
Y Gy =D Grwi 4+ GrOf —wf) 0.
i=l i=1 i=l

Finally, part 1 and the boundedness of G; yield
Vi=1,...,n—=1) xf=Gixk=x}-6GiZ* -Gk -5 —o.

Next we apply [1, Proposition 2.4] with the following change of notation where “MM”
stands for “maximal monotone” and “BL" stands for “bounded linear’:

Notation here Notationin [1]

iteration counter k — iteration counter n
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k

X, —> an
(x]f, ...,x,]f_l) —> by,
Ve — ay
Ofseesnt) — by
T, — A (MM operator)
(x1, ..., xp—1) = T1xy X -+ x Ty_1x,—1 —> B (MM operator)

z+— (Giz,...,Gy-12) — L (BL operator)

7 —x

w>® — p*.

We then conclude from [1, Proposition 2.4] that (z°°, w*) € &, and the claim is
established.

Invoking Lemma 3(3), we immediately conclude that {(z*, w*)} converges weakly
tosome (z, W) € S.Foreachi = 1, ..., n, wefinally observe that since G,-zk—x{‘ — 0
and y{‘ — wlk — 0, we also have foG,-Z and yf—\w,-. O

5 Extensions
5.1 Backtracking Linesearch
This section describes a backtracking linesearch procedure that may be used in the

forward steps when the Lipschitz constant is unknown. The backtracking procedure
is formalized in Algorithm 4, to be used in place of lines 8-9 of Algorithm 2.

Algorithm 4: Backtracking procedure for unknown Lipschitz constants

Input :i k, 46K w;i(i’k), pld(i’k), A
1,k d(i .k
L pi( >:pi (i.k)
2 6 = Gz
s ¢f =Ti6f

4for j=1,2,...do
s | RUP 2 gk _ U ok k)
o | U0 =gz 0

7| i Aok — 2R 2 gk — 0P 500y dGB) < o then

GO VRO NN S
1

s | | return s k) < ). pf L3k 500500

j+1.k j k
pi(1+ ):pi(J )/2

We introduce the following notation: as suggested in line 8 of Algorithm 4, we
set J (i, k) to be the number of iterations of the backtracking algorithm for operator
i € If at outer iteration k > 1; the subsequent theorem will show that J (i, k) can be
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upper bounded. As also suggested in line 8, we let ,od(' ) = = p" K0 fori € Tp Ny

When using the backtracking procedure for i € Zr, it is important to note that the

interpretation of pd(t k) changes: it is the initial trial stepsize value for the i operator

at iteration k, and the actual stepsize used is ﬁl.d(i’k). Wheni ¢ I, weset J(i,k) =0
Ad(z k) d(i.k)

and p =p; .

Assumption 5 Lines 8-9 of Algorithm 2 are replaced with the procedure in Algo-

rithm 4. Regarding stepsizes, we assume that

p = max {sup ,olk} <00 (40)
i=l1,...,n k
and either:
o = min {infpf} > 0. (4D
- i=1,...,n k
or
pd0D = 0 and (Vk>2): pl0H) > pd@h=D) 42)

In words, (42) allows us to initialize the linesearch with a stepsize which is at least as
large as the previously discovered stepsize, which is a common procedure in practice.

Theorem 2 Suppose that Assumptions 1, 2, 4, and 5 hold. Then all the conclusions of
Theorem 1 follow. Specifically, either the algorithm terminates in a finite number of
iterations at point in S, or there exists (Z, W) € S such that Z, wh—(z, W), xf—\GiZ
and y*—w; foralli = 1,...,n — 1, xk—Z, and yk—~ — 3"'_ 11 Giw;,

Proof The proof of finite termination at an optimal point follows as before, via
Lemma 5. From now on, suppose m; > 0 for all k > M implying that the algo-
rithm runs indefinitely.

The proof proceeds along the following outline: first, we upper bound the number
of iterations of the loop in Algorithm 4, implying that the stepsizes p -5 are bounded
from above and below. We then argue that lemmas 6-10 hold as before. Then we show
that lemmas 11-13 essentially still hold, but with different constants. The rest of the
proof then proceeds identically to that of Theorem 1.

Regarding upper bounding the inner loop iterations, fix any i € Zg. For any k > 1
such that i € I} and for any j > 1, substituting the values just assigned to 91.]‘ and gi"
allows us to expand the forward step on line 5 of Algorithm 4 into

)zi(j,k) S L P,-(j’k)(Ti G, 740 _ wtfl(i,k)).
Following the arguments used to derive the Z terms in (34), we have
i k)y—1 i ~(j.k i k) ~(j.k d(i k
((pi(J )) _Li)”GiZd(z,k)_xi(J )||2_(Gizd(l,k) (/ )’ yl(/ ) i(z )> <0. (43)

@ Springer



Projective splitting with forward steps 657

Using that p!/"* = 217 o400

that once

, some elementary algebraic manipulations establish

j = [1+10g, (4 +Lp/ ) |

one must have A < (,ol.(j ’k))_l — L;, and by (43) the condition triggering the return

statement in Algorithm 4 must be true. Therefore, for any £ > 1 we have

JG. k) = max | [1+10gy((a + Lo )| 1]

< max {2 +logy (4 + L)p{¥) 1} (44)

By the condition p < 00 in (40), we may now infer that {J (i, k)}ken is bounded.
Furthermore, by substituting (44) into ﬁfj(”k) =21/ ’k),oid(l’k)

k > 1 that

, we may infer for all
: 1 .
ik o L aak 15
p _mm{Z(L,-+A)"O‘ } (45)
If (41) is enforced, then

. 1 di k) . 1
Zminy————, ;" >miny — , p ¢ > 0. (46)
2(L; + A) 2(Li +4) —

On the other hand, if (42) is enforced, then for all k£ such that i € Z;, we have

~d(i,k
P (i.k)

d(i k)

dlik+1) o ~dik) o o) %
; > 0; _mm{Z(Li—i—A)’pl }

o (47)

Ifk ¢ Zj then ﬁ;l(i’k) = pfl(i’k) and plfl(i’k+1) > pfi o, Therefore, we may recurse (47)
to yield

. 1 ,
5° (i,k) > : 4(171) 0 48
O; > min {—Z(Li A P } > 0. (48)

~d (i, k) d(i k)

Finally since p; < p < p for all k > 1, we must have

lim sup(5{ "} < 5.
k— 00
Since the choice of i € Zg was arbitrary, we know that { ﬁld @8 }een is bounded for all
i € 7, and the first phase of the proof is complete.

We now turn to lemmas 6—10. First, Lemma 6 still holds, since it remains true that
yf = T,-xf‘ forall i € Zr and k > M. Next, a result like that of Lemma 7 holds, but
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with pf("k) replaced by ﬁf(l’k) for all i € Zg. The arguments of Lemmas 8—10 remain
completely unchanged.

Next we show that Lemma 11 holds with a different constant. The derivation leading
up to (32) continues to apply if we incorporate the substitution in Lemma 7 specified
in the previous paragraph. Therefore, we replace ,of by ﬁlk in (32) for i € Zg. Using

(46)/(48) and the fact that lim sup;._, . (5" """’} < 5 we conclude that Lemma 11 still
holds, with the constant &; adjusted in light of (46)/(48).

Now we show that Lemma 12 holds with a different constant. For k > M, we may
use Lemma 7 and the termination criterion for Algorithm 4 to write

i 1(i,k i 1(i,k
b= 3 (G0 by ) 3 (G0 ok gt )

i€l i€lp

= (1=0) ) ()7 M = G CUIP+ A Yl = Gid )%

iely ielp

Here, the terms involving Zp are dealt with the same way as before in Lemma 12. We
conclude that Lemma 12 holds with &, replaced by

sgzmin[(l—a)ﬁ*‘,A}.

Now we show that Lemma 13 holds with a different constant. The derivation up to (36)
proceeds as before, but replacing pf @0 with ,61[ G for i e 7Ir. Using (46)—(48) and
Assumption 4, it is clear that the conclusion of Lemma 13 follows with the constant
&3 adjusted in light of (46)—(48).

Finally, the rest of the proof now follows in the same way as in the proof of Theo-

rem 1. |

5.2 Backtracking is unnecessary for affine operators

When i € Zr and T; affine, it is not necessary to iteratively backtrack to find a valid
stepsize. Instead, it is possible to directly solve for a stepsize p = ,oi(" ) Such that
the condition on line 7 of Algorithm 4 is immediately satisfied. Thus, one can process
an affine operator with only two forward steps, even without having estimated its
Lipschitz constant.

From here on, we continue to use the notation Gl.k = Gizd(i’k) and {l.k = Tiel.k
introduced in Algorithm 4. Fix i € Zr and suppose that Tjx = Tl.[x + ¢; where
¢i € 'H; and Til is linear. The loop termination condition on line 7 of Algorithm 4 may
be written

k_ =G0 G0 dk) k_ =Gy 2
(OF =577 57 —w ) = A6 — X7 (49)

i * i

Substituting the expressions for )Zl.(j ) and )N)i(j ) from lines 5-6 of Algorithm 4 into
(@,j)

the left-hand side of (49), replacing p; """ with p for simplicity, and using the linearity
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of T/ yields

0 <;k — u);i(i’k), T,-l (9,k - )O(TiGiZd(i’k) — w?(i’k))) +ci — wfi(i’k)>

1 1

d(ik d(ik d(ik
=p<§_ik _— ¢ )’Tileik —,oT,-l(g“,-k—w @, ))+ ¢ l_(z )>
d(i,k d(i.k d(i.k
_ p<§.ik _— O gk — w! (.5 _ pTil(é.ik — (i >)>
d(i,k d(i.k d(i.k
= (lgf = w8 — p ek — w0, Tk —w{TO))). 50

Substituting the expression for ii(i’j ) from line 5 of Algorithm 4, the right-hand side
of (49) may be written

d(ik
Ap? ||k — w2, (51)

Substituting (50) and (51) into (49) and solving for p yields that the loop exit condition
holds when

k d(i k)2
||§, - w; I

PER S T TN SR
Allgf = wf P2 4 (g — w0, Tk — wf))
It § d(’ b= = 0, then (52) is not defined, but in this case the step acceptance
condition (49) holds trivially and lines 5—6 of the backtracking procedure yleldx(] b _
.k _ G-k
0; K and V; g‘ for any stepsize p;

We next show that ,0 as defined in (52) will behave in a bounded manner even
as ¢t — w?(l’k) — 0. Temporarily letting £ = ¢* d(’ B we note that as long as
& # 0, we have

~ HE 1 1 1
plk = 5 i = T € sy | » (53)
AlgI"+ (. T78) o4 &LD A+Li A
&l

where the inclusion follows because 7; is monotone and thus Tl.l is positive semidefi-
nite, and because 7; is L;-Lipschitz continuous and therefore so is Tl.l. Thus, choosing
,5!‘ to take some arbitrary fixed value p > 0 whenever Cik - w?(i’k) = 0, the sequence
{ ,5;‘} is bounded from both above and below, and all of the arguments of Theorem 2
apply if we use ﬁf in place of the results of the backtracking line search.
To calculate (52), one must compute {ik = 7;G;z%%R and Til(g“ik - d(l k)) Then
d(i k)

k : ok k k
x; can be obtained via x; = 6 — p({i — w; ) and

d(i k
vt =¢f = pTi(gf =) (54)
In total, this procedure requires one application of G; and two of Til .
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5.3 Greedy block selection

We now introduce a greedy block selection strategy which may be useful in some
block-iterative implementations of Algorithm 2, such as Algorithm 3. In essence, this
selection strategy provides a way to pick I at each iteration in Algorithm 3, and we
have found it to improve performance on several empirical tests.

Consider Algorithm 3 with |I| = 1 for all k (only one subproblem activated per
iteration), and B¢ = 1 for all k (no overrelaxation of the projection step). Consider
some particular iteration £ > M and assume [|[Vgi| > 0 (otherwise the algorithm
terminates at a solution). Ideally, one might like to maximize the length of the step
p**1 — p* toward the solution set S, and | pF*! — p* ||y = o (PN / IVerll, .

Assuming that 8 = 1, the current point p* computed on lines 24-25 of Algorithm 2
is the projection of p*~! onto the halfspace {p : @r_1(p) < 0}. If p*~! was not
already in this halfspace, that is, ¢x_1(p¥~!) > 0, then after the projection we have
o-1(P*) = 0.

Using the notation G, = I and w,’; defined in (14), @x—1( pk) = 0 is equivalent to

n
DG =Ty —wf) =0, (55)
i=1

Suppose we select operator i to be processed next, that is, [y = {i}. After updating

(xf, y{‘), the corresponding term in the summation in (55) becomes bounded below

by &[1G;izF — xK|?> > 0, where § = (1 — 0)/pF fori € Tp, & = Afori € Ir
with backtracking, and & = p;” V'— L; fori € Zg without backtracking. In any case,
processing operator i will cause the i term to become nonnegative while the other
terms remain unchanged, so if we select an i with (G,-zk — xffl, yl{“] — wf‘) <0,
then the sum in (55) must increase by at least —(G,-Zk — x{“il, yffl — wf.‘
that after processing subproblem i we will have

), meaning

k k Lk k
—x;,y; —w;) > 0.

i

o (P = —(Giz

Choosing the i for which (G;z¥ —xk=1 yg‘_l —

; wl]? ) is the most negative maximizes the
above lower bound on ¢ (p*) and would thus seem a promising heuristic for selecting
L.

Note that this “greedy” procedure is only heuristic because it does not take into
account the denominator in the projection operation, nor how much (G;z¥ — xf‘ , ylk —
wf.‘ ) might exceed zero after processing block i. Predicting this quantity for every block,
however, might require essentially the same computation as evaluating a proximal or
forward step for all blocks, after which we might as well update all blocks, that is, set
Iy =A{1,...,n}.

In order to guarantee convergence under this block selection heuristic, we must
include some safeguard to make sure that Assumption 2(1) holds. One straightforward
option is as follows: if a block has not been processed for more than M > 0 iterations,

we must process it immediately regardless of the value of (G;z* — xf -1 yf -1 wf).
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5.4 Variable metrics

Looking at Lemmas 12 and 13, it can be seen that the update rules for (xf, ylk ) can
be abstracted. In fact any procedure that returns a pair (xf‘, yl(‘) in the graph of T;

satisfying, for some &4 > 0,

. 7 [ -vk .
Vi=1,...,n) (G ™ —xf yf —wi") > £GP —xf P (56)

. i 13,k 1(i,k
(Vi € Tg) (GiZ! R — xk, yk —wl®0) > gy pk — 012 (57)
. 5 l ',k .
Vi € Tp) (Giz! P — xk, gk — TRy 1 111G/ — k)2
i 1(i,k
> &4|T; G20 — w!E0)2 (58)

yields a convergent algorithm. As with lemmas 12 and 13, these inequalities need only
hold in the limit.

An obvious way to make use of this abstraction is to introduce variable metrics. To
simplify the following, we will ignore the error terms ef.‘ and assume no delays, i.e.
d(i, k) = k. The updates on lines 4—-6 and 7-9 of Algorithm 2 can be replaced with

YieTg)  xF+pfUbyF = Gk + pfUfwt, yEe Tixk,  (59)

14
(Vi € ) xf = = pfUNTGid —w)), ¥ =Tixf, (60)
where {Uik : 'H; — 'H;} are a sequence of bounded linear self-adjoint operators such
that

Vi=1,...,n,x € H;: inf(x,Ufx) > a|x|?and sup |UF|| <% (61)
k=1 k=1

where 0 < &,X < 00. In the finite dimensional case, (61) simply states that the
eigenvalues of the set of matrices {Ul.k} can be uniformly bounded away from 0 and
4-00. It can be shown that using (59)—(60) leads to the desired inequalities (56)—(58).
The new update (59) can be written as

xE = I+ pfUFT) NGz + pfUfwh). (62)
It was shown in [11, Lemma 3.7] that this is a proximal step with respect to Ul.k T; and
that this operator is maximal monotone under an appropriate inner product. Thus the
update (62) is single valued with full domain and hence well-defined. In the optimiza-
tion context where 7; = 9 f; for closed convex proper f;, solving (62) corresponds to
the subproblem

: k r. l ky—1 o _
gﬁ{pim)u(wn  —a).x a>}

where a = G;7X + ,of‘ Uikwf . For the variable-metric forward step (60), the stepsize
constraint (20) must be replaced by p{‘ < 1/ Uik IL;.
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6 Numerical experiments

We now present some preliminary numerical experiments with Algorithm 3, eval-
uating various strategies for selecting I; and comparing efficiency of forward and
(approximate) backward steps. All our numerical experiments were implemented in
Python (using numpy and scipy) on an Intel Xeon workstation running Linux.

6.1 Rare feature selection

The work in [38] studies the problem of utilizing rare features in machine learning
problems. In this context, a “rare feature” is one whose value is rarely nonzero, making
it hard to estimate the corresponding model coefficients accurately. Despite this, such
features can be highly informative, so the standard practice of discarding them is
wasteful. The technique in [38] overcomes this difficulty by making use of an auxiliary
tree data structure 7 describing feature relatedness. Each leaf of the tree is a feature
and two features’ closeness on the tree measures how “related” they are. Closely
related features can then be aggregated (summed) so that more samples are captured,
increasing the accuracy of the coefficient estimate for a single coefficient for the
aggregated features.

To formulate the resulting aggregation and fitting problem, [38] introduced the
following generalized regression problem:

pin L EXB D (A~ Bl +aly 1) | B=Hy| (@)

where £ : R™ x R" — Risaloss function, X € R"*4 is the data matrix, b € R™ is the
target (response) vector, and B € R? are the feature coefficients. Each y; is associated
with a node of the similarity tree 7, and p _,. denotes the subvector of y corresponding
to all nodes except the root node. The matrix H € R4*IT1 contains a 1 in positions
i, j for those features i which correspond to a leaf of 7 that is descended from node
J» and elsewhere contains zeroes. Due to the constraint = Hy, the coefficient y ; of
each tree node j contributes additively to the coefficient 8; of each feature descended
from j. H thus fuses coefficients together in the following way: if y; is nonzero for a
node i and all descendants of y; in 7 are 0, then all coefficients on the leaves which
are descendant from p; are equal (see [38, Sec. 3.2] for more details). The £ norm
on y enforces sparsity of y, which in turn fuses together coefficients in B associated
with similar features. The £; norm on B itself additionally enforces sparsity on these
coefficients, which is also desirable. The model can allow for an offset variable by
incorporating columns/rows of 1’s and 0’s in X and H, but for simplicity we omit the
details.

6.2 TripAdvisor reviews

We apply this model to a dataset of TripAdvisor reviews of hotels from [38]. The
response variable was the overall review of the hotel in the set {1, 2, 3, 4, 5}. The
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features were the counts of certain adjectives in the review. Many adjectives were
very rare, with 95% of the adjectives appearing in fewer than 5% of the reviews. The
authors of [38] constructed a similarity tree using information from word embeddings
and emotion lexicon labels; there are 7573 adjectives from the 209,987 reviews and the
tree 7 had 15,145 nodes. A test set of 40,000 examples was withheld, leaving a sparse
169,987 x 7573 matrix X having only 0.32% nonzero entries. The 7,573 x 15,145
matrix H arising from the similarity tree 7 is also sparse, having 0.15% nonzero
entries. In our implementation, we used the sparse matrix package sparsein scipy.

In [38], the elements of b are the review ratings and the loss function is given by
the standard least-squares formula ¢(XB,b) = (1/2m)|| XB — b||%. To emphasize
the advantages of our new forward-step version of projective splitting over previous
backward-step versions, we instead use the same data and regularizers to construct a
classification problem with the logistic loss. We assigned the 73,987 reviews with a
rating of 5 a value of b; = +1, while we labeled the 96,000 reviews with value 4 or
less with b; = —1. The loss is then

1 m
UXB.b) = EZIO{;(I +exp(— bj(x). B))) (64)

j=1

where x; is the jth row of X. The classification problem is then to predict which
reviews are associated with a rating of 5.

In practice, one typically would solve (63) for many values of («, ) and then
choose the final model based on cross validation. To assess the computational
performance of the tested methods, we solve three representative examples corre-
sponding to sparse, medium, and dense solutions. The corresponding values for A
were {10’8, 1079, 10’4}. In preliminary experiements, we found that the value of «
had little effect on algorithm performance, so we fixed @ = 0.5 for simplicity.

6.3 Applying projective splitting

The work in [38] solves the problem (63), with £ set to the least-squares loss, using
a specialized application of the ADMM. The implementation involves precomputing
the singular value decompositions (SVDs) of the (large) matrices X and H, and so
does not fall within the scope of standard first-order methods. Instead, we solve (63)
with the logistic loss by simply eliminating #, so that the formulation becomes

F* 2 min LeXHy, b+ (0=l Hyli+ady_ ) | ©69)
yer/7l

To utilize block-iterative updates in Algorithm 3, we split up the loss function as fol-
lows: Let R = {Ry, .., Rp} be an arbitrary partition of {1, ..., m}.Fori =1,..., P,
let X; € RIRi1x4 pe the submatrix of X with rows corresponding to indices in R; and
similarly let ' € R!%il be the corresponding subvector of b. Then (65) is equivalent
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to

P

1 . l J—
Jmin, Zaley,b)H(a OlHy I +aly_.h)t- (66)

i=1

There are several ways to formulate this problem as a special case of (2), leading to
different realizations of Algorithm 3. The approach that we found to give the best
empirical performance was to setn = P 4 3 and

Gi=H fi(t) = £(X;t, b') i=1,...n—3
Gn2=H Son—2(@®) = A1 — )|t
Gi1=G fam1(0) = hallt]h
Gn=1 fa(@®) =0,
where
G:lyi vy~ Yo il = v va o viral,

and the last element of p, YT is the root of the tree. We append the trivial function
Jfn = 0in order to comply with the requirement that the final linear operator G, be
the identity; see (13). The functions f,_> and f,— have easily-computed proximal
operators, so we process them at every iteration. Further, the proximal operator of
fn has is simply the identity, so we also process it at each iteration. Therefore,
{n —2,n — 1,n} C I for all k > 1. On the other hand, the functions f;(¢) for
i=1,..., Pare

[R;|

1 .
filt) = 6Xt.b) = — Zlog(l + exp( = (xij. t))),

j=1

where x;; is the jth row of the submatrix X; and bj. is the jth element of b'. These
functions are Lipschitz differentiable and so may be processed by our new forward-step
procedure. We use the backtracking procedure in Sect. 5.1 so that we do not need to
estimate the Lipschitz constant of each ¢;, a potentially costly computation involving
the SVD of each X;. The most time-consuming part of each gradient evaluation are
two matrix multiplications, one by X; and one by X lT We will refer to the approach of

setting Zr = {1, ..., P} and using backtracking as “Projective Splitting with Forward
Steps” (ps£).
On the other hand, even though the proximal operators of fi, ..., fp lack a closed

form, it is still possible to process these functions with an approximate backward step.
The exact proximal map for f; is the solution to

[Ri|
) 1 - 1
arg min, cpa - E log<l + exp(—b’j (xij, t))) + =t — u||% . (67)

° 2
Jj=1
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This is an unconstrained nonlinear convex program and there are many different
ways one could approximately solve it. Since we are interested in scalable first-order
approaches, we chose the L-BFGS method—see for example [30]—which has small
memory footprint and only requires gradient and function evaluations. So, we choose
some o € [0, 1) and apply L-BFGS to solve (67) until the relative error criteria (21)
and (22) are met.

For a given candidate solution xf‘, we have y{‘ = VL(X; x{‘ , b;), and the error can be
explicitly computed as ef.‘ = xf + pi y{‘ — (HZ" + p; wf‘). Every iteration of L-BFGS
requires at least one gradient and function evaluation, which in turn requires two matrix
multiplies, one by X; and one by X lT . We “warm-start” L-BFGS by initializing it at
xffl. We will refer to this approach as “Projective Splitting with Backward Steps”
(psb).

The coordination procedure (lines 12-26) is the same for psf and psb, requir-
ing two multiplies by H, two by H |, vector additions, inner products, and scalar
multiplications.

We tried P = 1 and P = 10, with each block chosen to have the same number
of elements (to within P, since m is not divisible by P) of contiguous rows from X.
At each iteration, we selected one block from among 1, ..., P for a forward step in
pst or backward step with L-BFGS in psb, and blocks P + 1, P + 2, and P + 3
for backward steps. Thus, I; always has the form {i, P + 1, P + 2, P + 3}, with
1 < i < P.To select this i, we tested three strategies: the greedy block selection
scheme described in Sect. 5.3, choosing blocks at random, and cycling through the
blocks in a round-robin fashion. For the greedy scheme, we did not use the safeguard
parameter M as in practice we found that every block was updated fairly regularly.

We refer to the greedy variants with P = 10 blocks as psf-g and psb-g,
those with randomly selected blocks as psf-r and psb-r, and those with cycli-
cally selected blocks as psf-c and psb-c. Finally, the versions with P = 1 are
referred to as psf-1 and psb-1.

6.4 The competition

To compare with our proposed methods, we restricted our attention to algorithms with
comparable features and benefits. In particular, we only considered first-order methods
which do not requre computing Lipschitz constants of gradients and matrices. Very few
such methods apply to (65). The presence of the matrix H in the term || Hy ||} makes
it difficult to apply Davis-Yin three-operator splitting [14] and related methods [31],
since the proximal operator of this function cannot be computed in a simple way. We
compared our projective splitting methods with the following methods:

— The backtracking linesearch variant of the Chambolle-Pock primal-dual splitting
method [26], which we refer to as cp-bt.

— The algorithm of [10]. This approach is based on the “monotone + skew” inclusion
formulation obtained by first defining the monotone operators

Ti(B) =11 —)d||Blli  Ta(y) = radlly_. 1 T3(y) = Vy[E&(XHy,b)],
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Table 1 Tuning parameters for the (65) applied to TripAdvisor data

Parameter Method A=10"8 r=10"0 r=10"%
psf 1073 107° 1074
psb 1074 1074 1074

B cp-bt 100 100 10

Ypd tseng-pd 1 1 10

Ypd frb-pd 1 1 100

and tpen formulating the problem as 0 € A~(Z, wi, wo) + B(Z, w1, wy), where A
and B are defined by

Az, wi, w2) = {0} x T 'wy x Ty 'wp (68)

i T3(2) 0 H'I'|[ =

B(z, w1, wp) = 0 +|—-H 0 0 wy | . (69)
0 -1 0 0 wo

A is maximal monotone, while B is the sum of two Lipshitz monotone operators
(the second being skew linear), and therefore is also Lipschitz monotone. The
algorithm in [10] is essentially Tseng’s forward—backward—forward method [35]
applied to this inclusion, using resolvent steps for A and forward steps for B.
Thus, we call this method t seng-pd. In order to achieve good performance with
tseng-pd we had to incorporate a diagonal preconditioner as proposed in [37].
We used the following preconditioner:

U = diag(lyxda, Ypalaxd, Vpalaxd) (70)

where U is used as in [37, Eq. (3.2)] for tseng-pd.

— The recently proposed forward-reflected-backward method [27], applied to this
same primal-dual inclusion 0 € A~(Z, wi, wy) + B(Z, wi, wp) specified by
(68)—(69). We call this method frb-pd. For this method, we used the same
preconditioner given in (70), used as M ~Lon[27, p. 71

6.5 Algorithm parameter selection

For psf, we used the backtracking procedure of Sect. 5.1 with A = 1 to determine

pf e p,11‘73. For the stepsizes associated with the regularizers, we simply set ,0572 =

,0571 = pﬁ = 1. For backtracking in all methods, we set the trial stepsize equal to the

previously discovered stepsize.

For psb, we used ,o]f =...= ,o,]f = 1 for simplicity. For the L-BFGS procedure
in psb, we set the history parameter to be 10 (i.e. the past 10 variables and gradients
were used to approximate the Hessian). We used a Wolfe linesearch with C; = 10~*
and C, = 0.9.
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Fig. 2 Objective values against wall-clock running time. Top row: A = 108, middle row: A = 1079,

bottom row: A = 10~4

Each tested method then had one additional tuning parameter: 8 given in line 2.a
of Algorithm 4 of [26] for cp-bt, yps given in (70) for tseng-pd and frb-pd,
and y for psf and psb. The values we used are given in Table 1. These values were
chosen by running each method for 2000 iterations and picking the tuning parameter
from {10_6, 1075, ..., 109, 106} giving the smallest final function value. We then ran
a longer experiment (about 10 minutes) for each method, using the chosen tuning
parameter. The greedy, random, cyclic, and 1-block variants of psf and psb all used

the same tuning parameter values.
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6.6 Results

In Fig. 2 we plot the objective function values against elapsed wall-clock running time,
excluding time to compute the plotted function values. For ps f and psb, we computed
function values for the primal variable z*. For cp-bt, we computed the objective at
yk as given in [26, Algorithm 4]. For tseng-pd and frb-pd, we computed the
objective values for the primal iterate corresponding to z in (68)—(69).

The best performing variants of projective splitting were psf-g and psb-g. In the
left-hand plots in Fig. 2, we compare the performance of psf-g,psf-r,psf-c,and
psf-1. This column of the figure demonstrates the superiority of the greedy variant
(ps£f-g) and the usefulness of the block-iterative capabilities of projective splitting:
in particular, processing only one of the first P blocks at each iteration, when this block
is selected by the greedy heuristic as in psf-g, results in much better performance
than the ps £ -1 strategy of procesing the entire loss function at each iteration. Further,
the greedy heuristic outperforms both random and cyclic selection.

The right-hand plots in the figure compare cp-bt, tseng-pd, and £rb-pd to
our methods psf-g and psb-g. These plots suggest that tseng-pd, frb-pd,
and cp-bt are not particularly competitive on this problem. Our method psf-g is
the fastest method on all examples. Our similar method using approximate backward
steps, psb-g, is very close in performance to psf-g for A = 107°, but is slower for
» = 1073 and A = 10~*. Furthermore, ps f-g is arguably far simpler to implement
than psb-g: for psb-g, one must select a method for approximately solving the
nonlinear program (67) at each iteration. While we chose L-BFGS, there are many
other possibilities, each with its own parameters. For L-BFGS, we had to choose the
history parameter, the type of linesearch condition to use, and other parameters. After
making these choices, one then must implement the subproblem solver; one might also
be able to use some existing implementation, but (in theory, at least) care must be taken
to make sure that it terminates using the proper stopping criteria (21) and (22). By
contrast, the implementation details of psf-g are contained within this manuscript
and fewer choices need to be made. Overall, our experiments thus suggest that our
new forward-step procedure can improve the performance and usability of projective
splitting.
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