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Abstract

The Primal-Dual Hybrid Gradient (PDHG) algorithm is a powerful algorithm used quite fre-
quently in recent years for solving saddle-point optimization problems. The classical application
considers convex functions, and it is well studied in literature. In this paper, we consider the con-
vergence of an alternative formulation of the PDHG algorithm in the nonconvex case under the
precompact assumption. The proofs are based on the Kurdyka-t.ojasiewic functions, that covers
a wide range of problems. A simple numerical experiment illustrates the convergence properties.

Key words: Primal-Dual Hybrid Gradient algorithms, Kurdyka-t.ojasiewic functions,
nonconvex optimization, convergence analysis

1. Introduction
This paper is devoted to solving the following well-studied primal problem

mxin O(x) := f(x) + g(Kx), (1)

where K € R™" and x € R”. If f and g are convex functions, one can represent model (1) as the
following saddle-point problem

min max ¥P(x,y) := f(x) -y Kx - g*(y), 2)
x y

where g* is the convex conjugate function of g. The saddle-point problem (2) is ubiquitous
in different disciplines and applications, especially in the total variation regularization problem
arising in imaging science [1, 2, 3].
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A classical and frequently-used method for solving problem (2) is the Primal-Dual Hybrid
Gradient (PDHG) algorithm [4, 5]. Mathematically, PDHG algorithm can be described as the
iterative process

A = arg mxin {‘I’(x,yk) + %le - xkllg},
k+l +1 S k12 3)
W = arg max {‘P(xk M= 5ly =y IIQ},

where r and s are the step sizes of the method. If f and g are convex functions, another descrip-
tion (obtained by choosing 6 = 0 in [6]) of the PDHG algorithm is given by

(s
Y+ e arg myln{zﬂy - KX - (&5, ¢") + g(y)} >
G = gF + s(KxF —yFh, €]

1
X e arg min{z—tllx - xkllg +(Kx, g1y + f(x)} ,

where now K, r and ¢ are the parameters and step sizes of the method. We can easily see that in (4)
the main steps in each iteration just lay on calculating the proximal maps of f and g. Compared
with (3), the scheme (4) can be directly used to the nonconvex case. This is because in (3) the
convex conjugate function g* is used in the definition (2) of the function ¥(x,y), however, the
conjugate function of a nonconvex function has not been well defined yet in literature, but the
proximal maps used in (4) exist for closed nonconvex functions.

Although scheme (4) is apparently similar to the Alternating Direction Method of Multipliers
(ADMM) algorithm [7, 8, 9, 10], they are in fact quite different (the authors in [6] also point out
this fact). Actually, PDHG has a deep relationship with the inexact Uzawa method [11]. In
[12], the authors prove the convergence of PDHG under asymptotical assumptions on the step
sizes. The sublinear convergence rate was established in [13] in an ergodic sense via variational
inequalities, providing a very concise way to understand the convergence influenced by the step
size. Meanwhile, paper [1] also proves the sublinear convergence rate of the PDHG, and this
convergence problem is an active research subject in literature [14, 15, 16, 17].

In all the previous papers, the convergence problem was studied for the convex case. In
this paper, we study the convergence of the PDHG algorithm for the nonconvex case. More
precisely, we consider the scheme (4) where f and g are both nonconvex functions. With the
help of Kurdyka-t.ojasiewic function properties, we prove that the points generated by scheme
(4) converge to a critical point of ® under the precompact assumption (that is, assuming the
sequence is bounded). The proofs of our results are motivated by previous recent works [18,
19, 20]. Finally, we present a simple numerical experiment to show the convergence properties.
We remark that the convergence results presented in this paper are based on the precompact
assumption. Then, we do not prove the generic convergence problem for the nonconvex PDHG
algorithm.

The paper is organized as follows: Section 2 presents some basic results and definitions;
Section 3 contains the convergence results for the nonconvex PDHG algorithm; Section 4 reports
a simple numerical example; and finally, Section 5 presents some conclusions.



2. Preliminaries

In this section we present the definitions and basic properties in variational and convex anal-
ysis and in Kurdyka-Fojasiewicz functions used later in the convergence analysis.

2.1. Subdifferentials

We collect several definitions as well as some useful properties in variational and convex
analysis (see for more details the excellent monographes [21, 22, 23]).
Given a lower semicontinuous function J : RY — (—co, +0], its domain is defined by

dom(J) := {x e RV : J(x) < +00}.
The graph of a real extended valued function J : RY — (—oo, +00] is defined by
graph(J) := {(x,v) e RN xR : v = J(x)}.
The notation of subdifferential plays a central role in (non)convex optimization.

Definition 2.1 (Subdifferentials [21, 22]). Let J : RY — (—oc0,+o0] be a proper and lower
semicontinuous function.

1. For a given x € dom(J), the Fréchet subdifferential of J at x, written as 3J(x), is the set of
all vectors u € RY which satisfy

liminf 2O = J&) — Gy - x)
£ Ily = xll2

y—x

When x ¢ dom(J), we set dJ (x)=0.
2. The (limiting) subdifferential, or simply the subdifferential, of J at x € RY, written as
0J(x), is defined through the following closure process

> 0.

AJ(x) = {ueRY : Ak 5 x, J(x*) - J(x) and uf € HJ(X*) = uas k — oo}

It is easy to verify that the Fréchet subdifferential is convex and closed while the subdifferen-
tial is closed. When J is convex, the definition agrees with the one used in convex analysis [23]
which can be described as

AJ(x) := (v : J(y) = J(x) + (v,y — x) for any y € RV}.

Let {(x*, V")}ren be a sequence in RY x R such that (x*,1%) € graph (4J). If (x*, ) converges to
(x,v) as k — +oo and J(x*) converges to v as k — +oo, then (x,v) € graph(dJ). This fact gives
us the following simple proposition.

k = x, then we have that

Proposition 2.2. If v* € 3J(x¥), limg v* = v and limy x
v € 0J(x). )]
A necessary condition for x € R" to be a minimizer of a lower semicontinuous function J(x) is

0 € dJ(x). (6)

When J is convex, (6) is also sufficient. A point that satisfies (6) is called (limiting) critical point.
The set of critical points of J(x) is denoted by crit(J).
3



Proposition 2.3. If x* satisfies that

0€df(x") + K dg(Kx¥). @)
Then, x* is a critical point of .
Proof. 1t is easy to obtain that
0€df(x") + K dg(Kx*) C D(x). (8)
So, x* is a critical point of ®. O

2.2. Kurdyka-tojasiewicz functions

In this paper the convergence analysis is based on the Kurdyka-t.ojasiewicz functions, orig-
inated in the seminal works of Lojasiewicz [24] and Kurdyka [25]. These kind of functions has
played a key role in several recent convergence results on nonconvex minimization problems
and they are ubiquitous in applications. For example, semi-algebraic, subanalytic and log-exp
functions are Kurdyka-t.ojasiewicz functions (see [26, 27, 28]).

Definition 2.4. [26, 27] (a) The lower semicontinuous function J : R¥ — (—oo, +00] is said
to have the Kurdyka-tojasiewicz (KL) property at x € dom(dJ) if there exist 5 € (0, +co], a
neighborhood U of x and a continuous function (desingularizing function): ¢ : [0,77) — R* such
that

1. ¢0)=0.

2. ¢isC' on (0,7).

3. (Concavity) For all s € (0,7), ¢’(s) > 0.

4. Forall xin U N{x|J(X) < J(x) < J(X) + 7}, the Kurdyka-F.ojasiewicz inequality holds

¢’ (J(x) — J(x)) dist(0, dJ (x)) > 1. ©)]

(b) Proper lower semicontinuous functions which satisfy the Kurdyka-tf.ojasiewicz property
at each point of dom(dJ) are called Kurdyka-Lojasiewicz (KL) functions.

KL functions have several interesting properties. We present here a result used later in the
main theorem (Theorem 3.7).

Lemma 2.5. (Lemma 3.6, [26]) Let J : RY — R be a proper lower semi-continuous function
and Q be a compact set. If J is constant on Q and satisfies the KL property at each point on Q,
then there exist a function ¢ and constants n, & > 0 such that for any x € Q and any x satisfying
that dist(x, Q) < g and f(x) < f(x) < f(X) + n, it holds that

¢ (J(x) — J(3) dist(0, 3 (x)) > 1. (10)

The concept of semi-algebraic sets and functions can help to find and check a very rich class
of Kurdyka-L.ojasiewicz functions.

Definition 2.6 (Semi-algebraic sets and functions [27]). (i) A subset S of RY is a real semi-
algebraic set if there exists a finite number of real polynomial functions g;;, 4;; : RV — R such
that

P 4
S = U ﬂ{u € RY : g;;(u) = 0 and h;;(u) < 0}.
i=1

Jj i=1
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(ii) A function /2 : RN — (=0, +00] is a semi-algebraic function if its graph
{, ) e RN 2 h(u) = 1)
is a semi-algebraic set of RV*!,

If J is a semi-algebraic function, for any fixed x € dom(dJ), the auxiliary desingularizing
function ¢ in Definition 2.4 takes the form

@(s) = cs', (11)
wherec > 0and 0 <6 < 1.

Lemma 2.7. [27] Let J : RN — R be a proper and lower semicontinuous function. If J is
semi-algebraic then it satisfies the KL property at any point of dom(J). In particular, if J is
semi-algebraic and dom(J) = dom(dJ), then J is a KL function.

We would like to point out that many common functions are semi-algebraic functions: real
polynomial functions; indicator functions of semi-algebraic sets; addition and composition of
semi-algebraic functions; and in matrix theory cone of PSD matrices, Stiefel manifolds and
constant rank matrices. We refer the reader to the reference [27] for these and more examples
and properties.

3. Convergence analysis

In this section we provide convergence results in the case f and g functions are semi-algebraic
(and so they are KL functions). First we detail some technical lemmas, and we will use the
following notation

wh = (xk, yk, qk, xk’l), d = (xk, qk), (12)

where we use the convention w°® = w!.

Lemma 3.1. Let {(x*, Y, qk)}kzo,l,z,_“ be the sequence generated by the nonconvex PDHG algo-
rithm (4). If% - s||K||§ > 0, then we have that

LW = LG 2 vld! - dFs, (13)
where v := min{5. — s||K|33, -} and
L(x,y,¢,%) = f(x) + g0) + (Kx = y,q) + slly — K25 + slIKIllx - 75 (14)

Proof. Taking into account the iteration formula (4) of updating y**! we have that

S S
Eny"“ ~ KA - o5 g5y + g5 < Euy" - KX = 0%, ") + g0h). (15)
And updating x**!
1
2—t||x"+1 — XM+ (KA g+ FMY < (KK g + . (16)



Adding the above two inequalities we obtain

1
z—tnx’”' B+ I = KB+ (K g = 0 gty + D + g0
17
S k+1 ( )
Eny — KxXMB + (Kx*, g1y = 05, ) + £ + 800).
Inequality (17) can be represented as
<ka+1 _yk+1’qk+l> +f(xk+1) +g(yk+l)
1
+_||x]<+l xkllz k+1 ka”% + <ka _yk+l,qk _ qk+1> (18)
S
Eny - kauz +(Kx* =y, q > + () + g0Y).
From the iteration of ¢**! in (4), we have that
(q" =g KX =y = skt = s (19)
Substituting (19) into (18), we obtain
<ka+1 _yk+l qk+l> +f(xk+1) +g(yk+l)
1 3s
oI = o+ IV - KA (20)
S
< §||yk — KxMB + (Kb = 5, ) + £(5) + 0.
Now, by using the Schwartz’s inequality we infer
%Ilyk KR = Zf - K+ K - KR
< sy = KNS + sliKaF ! — Ko
< syt = KB+ sIKS - I = . 1)

And by substituting (21) into (20)

<ka+l _yk+l’qk+l> + f(xk“) + g(yk+l)

L g 2 L 38y ke k2

+— - + = -K

S = Iy - K o)
< slly* = K55 + sIK - 16 = x5

+HEKxE =y, gb) + fOR) + gO).

Defining v := mm{ — s|IK3, —} > 0, and using the operator L (Eq. 14) we will have that
LOM YL g ) + vl =+ %Ika“ - K3 < LG50 456D (@23)

Taking into account that y**! — Kx* = (¢* — g**!)/s and v < 5, we obtain the result. 0O

_2,

The next lemma relates the critical points of the functions £ and ©.
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Lemma 3.2. Ifw* = (x*,y*,¢%,X") is a critical point of the function L (14), then, x* is a critical

point of ®.
Proof. A direct differentiation calculus will give that

Af(x) + K"q + 2s|[K|[3(x - %)
9g(y) — q + 2s(y - K¥)
oL(w) = Kx-y
2sKT(Kx - y)
25/IKI3(x - x)

As w* is a critical point of £ then 0 € 9L(w*). That is, we have

0cdf(x)+ K q" + 2s|K[3(x* = X7),
0€dgy") — q* +2s(y" — Kx"),
0=Kx* -y,

0 =2sK"(Kx* —y"),

0 = 2| K|IFE™ — x*).

So, we obtain that
0 € 0f(x") + KT0g(Kx*) C 0D(x"),

and from Proposition 2.3 we have that x* is a critical point of ®.

(24)

(25)

(26)
O

Lemma 3.3. Ler {(x5, yk, qk)}k:(),l,z,m be the sequence generated by the nonconvex PDHG (4).

Then, there exists L > 0 such that
dist(0, LW < Lild* = d¥|.

Proof. Note that y**! minimizes %Hy — KR = (v, 4") + g(y), then

N
0 a[3Iy- KX - 0. +g0)|

Y=y

That is, the optimization condition of the algorithm at each iteration gives that

g" + s(Kx* =y e aghh.
Similarly, we can derive that
_KTg - %(xkﬂ — iy e aFE.
Substituting (28) and (29) into (24), we have

2SIKIBT = x) = LT - 1)
SO - Kxb) = qk _ qk+1

Zk+1 = ka+l _yk+1 c 8.£(Wk+l),

2SKT(K)Ck _yk+1) - ZKT(qk+l _ qk)
25|IKI(x* = 21
7

27

(28)

(29)

(30)



where for convenience, we have defined the term z**!. Note that
ka+1 _yk+l — ka _yk+1 + ka+1 _ ka — qk+1 _ qk + ka+l _ ka. (31)

Thus, we have
IKAH =y < g = gflla + 1K 1! = Xl (32)

Therefore, we can further obtain that
2L < (% = 25[K113) + 1K1l + 2sIIK13 {14 = Xl
+2 + 2K = ¢l
< Ld = d'l, (33)
where L = \/imax{% + IKll2, 2 + 2||K]|}. Then, we have
dist(0, 0L YY) < dist(0, 21 = 128, < LIdE! - dH|l,. (34)
]

Lemma 34. [f % —s|IK |I§ > 0 and the sequence {(x*,y*, ¢)}=0.12..., generated by the nonconvex
PDHG (4), is bounded. Then, we have

li]£n||dk+1 —d"l, =0, (35)

being d* defined in (12). Moreover; for any cluster point (x*,y*,q*), x* is also a critical point of

.

Proof. We note that the boundness of {(x, yk, qk)}kz(,,l,zw_ indicates the boundness of {w* }k=0.12....5
and the continuity of £ indicates that {£L(W*)}o.12... is also bounded. Moreover, from Lem-
ma 3.1, L(w) is decreasing. Thus, the sequence {L(W*)};=0.12... is convergent, i.e., lim; [ L(w") —
L(WK1] = 0. Now, using Lemma 3.1, we infer

kY _ k+1
lim ¢! — . < lim \/M _0. 36)

For any cluster point (x*,y*, g*), there exists {k;}j=o,12,.. such that lim j(xkf‘, Yo, g = (x*, v, g%).
Then, lim;(x**!, g5*1) = (x*, ¢*). Note that
k.

i — kit
limy“*! = lim (kaf - &) = Kx".
J J S

From the definition of the PDHG scheme (4), we have the following conditions

qkj _ S(yijrl _ kaj) c ag(ykj+l)’

xk,+1 _ xk
t

_Kqu_,Jrl _ ! € 6f(xk,-+l)' (37)

Letting j — +oo, and using Proposition 2.2, we have

q € Of(x"),
-K"q* € 0g(Kx*). (38)
Thus, 0 € df(x*) + KTdg(Kx*) C 0D(x*), and therefore, x* is a critical point of ®. O
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Now, we recall the definition of the limit point set introduced in [26].

Definition 3.5. Let d% be a sequence generated by PDHG scheme from a starting point @° € RV,
then we define the set M(d®) of all limit points

M(do) ={ueR":Jan increasing sequence of integers {k;} jen such that d“ — uas Jj — oo}

Before proving our main theorem the following result provides some properties of the limit
point set.

Lemma 3.6. Let {(xX, yk s qk)}k:(),l,g,__. be a sequence generated by the PDHG scheme (4) which is
assumed to be bounded, and % — s||IK]| |I§ > 0. Then, the following assertions hold.

(1) The limit point set M(WP) is nonempty and M(w°) C cri(L) (the set of critical points of
L)

(2) limy dist(wk, M(w?)) = 0.

(3) The objective function L is finite and constant on M(w°).

Proof. (1) As the sequence {(x*, Y, ¢")}i=0.12... is bounded, also the sequence {w }i—o .. is
bounded, and then M(w°) is nonempty. Assume that w* € MW®), from the definition, there
exists a subsequence wk — w*. From Lemma 3.1, we have ¢! — d*, and from Lemma 3.3,
we have that z5 € dL(wk) and z% — 0 (using z* defined in (30)). Therefore, Proposition 2.2
indicates that 0 € 0.L(w"), i.e. w* € cri(L).

(2) We obtain the proof by “reductio ad absurdum”. Assume this assertion does not hold.
Then, there exist {k;} j-0,1,2,... such that

dist(wh, M(w®)) > &o > 0. (39)

Note that {k;};0,12,.. is bounded, and without loss of generality we assume that {whi} =012, =
w*. Obviously, w* € M) from the definition. That means dist(w*, M(w®)) = 0. However,
from (39), we obtain that

dist(w*, M(w")) > 0, (40)

which leads to a contradiction.

(3) Let the subsequence wh — w* € cri(£). It is easy to see that £(w") is decreasing and
L(WN) > —co. Then, L(W5) — L(w*) which is a finite constant. Let w € cri(£) be another
critical point. It is easy to see that there exists w/ — W satisfying that j; < k; for any i. The
descend property of L gives that

LW < L.
Letting i — +oc0, we have L(w*) < L(w). Similarly, we can obtain L(w) < L(w*). Then, the
function value of £ is constant on M(w°). O]

Now, we present our main theorem about the convergence of the nonconvex PDHG algorithm
approaching the set of critical points. We consider the precompact assumption in the convergence
study of the nonconvex PDHG (in a similar way as Theorem 1 for the PALM algorithm of [26]),
i.e., we assume the sequence is bounded.



Theorem 3.7 (Convergence result). Suppose that f,g are both semi-algebraic functions and
% - s||K||% > 0. Let {(x*, ¥, qk)}k:(),l,z,_“ be a sequence generated by the PDHG scheme (4) which
is assumed to be bounded. Then, the sequence {d* Yk=0.123.... defined in (12) has finite length, i.e.

+00

Dld = dMlp < +oo. (41)
k=0

Moreover, {dk}kzoyl,z,g,_“ converges to (x*,q"), where x* is a critical point of ©.

Proof. As f and g are both semi-algebraic functions, obviously £ is also semi-algebraic. Be-
sides, from Lemma 3.6, £ is constant on M(w°). Let w* be a stationary point of {w"}kz(,,l,zw_.
Also from Lemmas 2.5 and 3.6, we have dist(w*, M(w°)) < & and there is a constant 77 such that
L(WK) < Lw*) + 7 for any k > k for some k € N. Hence, also, from Lemma 2.5, we infer

O (LW = Lw*)) dist(0, 0LW")) > 1, (42)

which together with Lemma 3.3 gives that

1
¢’ (LWH) = L")

Then, the concavity of ¢ yields that

< dist(0, 0LW) < Ll|d* — d* 1. (43)

LW — LMY = LW = L") = [LOH) = L]
QLLW) — LWH] = [ LW — Lw)]
¢ [LW) = Lw)]
e[ LW = L] = [ LW = LW} x Liid* = d*lo.

IN

Taking into account Lemma 3.1, we have that
Vdt = dMl3 < {el L) = L] = e[ L) = L]} x Lild* = d* o,

which is equivalent to

2%||d"+1 —dly < 2JelL0%) — L0 — L0V — L0v)]

v
Zldx = a1y 44
AL Il2 (44)

Using the Schwartz’s inequality, we infer
v
27 0d = d I < Pl L) = LOvDT = gl L0 = Lo}
v -
+7(Uld" = ). (45)

Adding (45) from & to k + j yields that

k+j-1
{ D71t - dll + %naf"“+1 = d|ly < [ LW = L0 = g LW = LOwD)]. (46)
k=k

10



Taking the limit j — +oo, combined with Lemma 3.3, we have
v +00
7 2! = dll < GlLOVS) = LOv)] < oo, @7)
k=k

Note that sequence (%, %, qk)}k:(),l,z,_“ is assumed to be bounded. From the inequality above, we
can see that {dk}k:())l,z’.__ is convergent. From Lemma 3.4, there exists a stationary point (x*, y*, g*)
of {(x*, %, ¢")}r=0.12... such that x* is a critical point of ®. Then, {d*};-0 ... is convergent and
(x*,q") is a stationary point of {dk}k:()!]’zw. That is to say, {dk}kzo,lyzg_” converges to (x*, g*). This
completes the proof. 0

Remark 3.8. From the second step in each iteration of the nonconvex PDHG, we also have that
yk — Kx*. Then, y* = Kx* and w* = (x*, Kx*, g%, x*).

Theorem 3.9 (Convergence rate). In the conditions of Theorem 3.7, and assuming that the con-
cave desingularizing function of L at the point w* is given by ¢(s) = ¢ s'=? (Eq. (11)). Then, the
following items hold.

(1) If 6 = O, the sequence {Wk}kzo,l,zw converges in a finite numbers of steps (and so, the
sequence {Xk}k:o,l,z,.., converges).

(2)If0 < 0 < 1, then there exist @ > 0 and 0 < T < 1 such that ||x* = x*|l, < [w*-w*|, < a7k,

(3) If% < 0 < 1, then there exist & > 0 such that ||x* — x*||, < [w* — w'||, < a k™,

Proof. This is a classical result that follows convergence theorems in KL theory. The proof is
similar to Theorem 5 in [29] and it will not be presented here. O

We remark that the previous results establish the convergence of the nonconvex PDHG
method, and Theorem 3.9 gives some idea of the convergence rates, but without giving a com-
plete analysis of it. In the following, we present sufficient conditions to guarantee boundedness
of the sequence generated by the nonconvex PDHG.

Lemma 3.10. Assume that f is differentiable, K* is invertible (i.e., |[K*qll. = ollgll» for any
q € R™), and there exists T > 0 such that

1
inf{ f(x) - ;an(x)n%} > —co. (48)

If the parameters satisfy the following condition

2567||K ||§
— <1 (49)
o
and the step sizes t and s are chosen such that
2 2 32 1 1
<1< : (50)

R —2+—22 2<s<—2 s
2567]|K][? 2567]||K]|2 a t*||K 1| K
1+ 1_# 1 1 ;'l I Il ”2 I ||2

then the sequence generated by the nonconvex PDHG algorithm is bounded if one of the follow-
ing conditions is satisfied:

1. function g is coercive and K is invertible,
11



2. function f(x) — %||Vf(x)||§ is coercive and inf g > —co.
Proof. The definition of the function £ (14) gives that
L) = f) + 80N + (Kx* =y g + sl = KHE + sIKIBI - 5. 51
The second step in the iteration process of the nonconvex PDHG algorithm gives

PL
K'q' = ———— - Vfih. (52)

Note that K* is invertible, so, there must exist o~ > 0 such that

K" g3 - 20V £ N 2|k — Xk
oz T ’

k2
g3 < = 3 (53)
On the other hand, we have that
(KX =k gy = (Kx* = KA, g5 + (K1 =3k g

327 2 ko k=12 o’ k12

< ?IIKIIZ ot = NG+ gllq II5

327 k-1 k2 o’ k2
+?|IKX -Yl5+ gllq II5- (54)

Substituting (53) and (54) into (51), we can obtain that
1 1
L) > L0 > g0 + () - VI + Z—TIIVf(x")H%
327 1 _ 327 _
(s = DIKIG = =51+ I = G+ (s = =)l = KA. (55)

Under the parameters assumptions, we can see that (s — EOKI?P - 4 > 0and s - 3% >
o 2 TF foa

0. Now, in the case of condition —1— (function g is coercive and K is invertible), {y"}kz(,,l,z,u_,
PDHG, (W }i—q.1 2... is bounded. And in the case of condition ~2— (function f(x) — LIV f()? is
coercive and inf g > —00), {x*}—g.12,., (¥ = X s o AVF(F) k=012, and {y* — KxF"Thoy5
are bounded. And therefore, {w* }k=0,12.... 1s bounded. O

Remark 3.11. Just as illustrative examples, and to show that the conditions imposed in the previ-
ous theorem are easily satisfied for some problems, we present two examples for the two cases.
Example 1 (condition —1-): Minimization of

1
min Z{lb - Ax|3 + Allxlld, (56)

where 4 > 0,0 < g < 1 and || - ||, denotes the £, norm. In paper [18], [|b - AxII% satisfies (48) with

1 q; :
n i rcive.
VAT and Al|x||4 is coercive

Example 2 (condition —2-): Minimization of

1
min b - Ax3 + g(Kx), (57)

where inf g > —oo, K is invertible and ||A||, is small.
12



4. Numerical results

In this section, we present some numerical tests. The first part illustrates the convergence
of the nonconvex PDHG algorithm under a general matrix K. While the second part is de-
voted to compare the performances of different first-order methods that have been extensively
studied and widely used for solving a subset of the problem analyzed in this paper (PDHG,
Peaceman-Rachford splitting (PRS) [30, 31], Douglas-Rachford Splitting algorithm (DRS) [32],
Forward-Backward splitting algorithm (FB) [33] and Alternating Direction Method of Multipli-
ers algorithm (ADMM) [34]).

4.1. Performance of the nonconvex PDHG

This section contains a simple experimental result on the performance of the nonconvex
PDHG method in order to show the convergence of the scheme. We consider the following
problem

. A
min {IIKxlo + 3116 — A3}, (58)

where x € R?, K,A € R™" and ||x]jo = #(supp(x)). Letting g(-) := || - [lo and f(x) = %Hb - Ax||§,
then problem (58) can be rewritten in the same form as (1). In our tests we consider m = n = 100.
The PDHG algorithm applied to (58) takes the following form

. )
P! e argmin {2y - KX - (.45 + Iyl

qk+1 — qk +S(ka -y

I -1
= (/IATA + 7) (ka K¢ + /lATb),

k+1 )’ (59)

with [, the identity matrix. In fact, the first step is the proximal map of || - ||, which is easy to
compute [27]. More precisely, y**! can be calculated as

: Kk, & 2
ykﬂz{ 0, if Kb+ L < \/? ©60)

k .
Kx*+ %, inother case.

In order to study the error of the convergence process we will show the relative error of a
sequence {x};-01.., that is given by

xk_ *
RelErt* = w’ ©1)
[1x*{12

where x* is the convergent point of sequence {xk}kzo,l,z,_“. In a similar manner we can obtain
RelErIJy‘ .

In any numerical iterative method a quite useful problem is the automatic error control, that is,
how to detect if the method has reached (within a required tolerance error) or not an approximate
solution of the problem. In our case, in the numerical tests we use the following error estimators
to study the convergence process: Est’} = |5 = 4, Est’; := ||x**1 — x*||, and D¥, where in each

iteration f* and D* are defined as:

13



1. The function values A
= K o + S lIb = A, (62)

2. The distance of the subdifferential to the origin

A
D = dist[O, B(IIkaIIO + Sl - Ax"ll%) : (63)
Note that %IIb - AxII% is differentiable, thus we have that
A
a(||1<xk||0 +5lb- Axk||§) = K"K lo + AAT(AX - b). (64)
Besides, as
(AlIxllo): = Olxilos (65)
and 0|x;|o = { (—ooo;-oo) i’ f 8’ we obtain a simple formula for the distance
Df=arg min [AAT(b — AX") — KTy,. (66)

yCsupp(K x¥)

In order to stop the iterative process we have to choose three different error tolerances (one
per error estimator) and to impose Est’} < Toly, Est‘ < Tol, and D* < Tolp.
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500 L’\’\ PN i i L
0 20 40 60 80 100
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Figure 1: Function values versus the iteration number using the nonconvex PDHG in the test problem (58).

In our test problem (58), we have chosen a matrix A € R?%%1000 which entries are generated
by a normal (Gaussian) random variable. Figure 1 shows the function values f* versus the iter-
ation number k. We observe that the function value is approaching to a constant value, showing
the convergence process. In our tests we have considered that the algorithm has converged to
x*if Est’ji < 107, Est* < 107* and D* < 107*, and the process it would stop at 30 iterations
(although we present the results for more iterations just to show the behaviour of the method).

The evolution of the relative error of variables {xk}kzo,l,m and {yk }i=0,1.... (that is, RelErrfc and
RCIEI"IJ;) versus the iteration number using the nonconvex PDHG is presented in Figure 2. We
have used two different scales (linear and logarithmic) in the pictures in order to see the con-
vergence process. From the pictures we observe clearly the convergence of the algorithm, but
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Figure 2: Relative errors RelErr]; and RelErrf, of variables x* and y¥, respectively, versus the iteration number using the
nonconvex PDHG in the test problem (58).

also two different slopes, on one hand we have at the beginning a sublinear/linear convergence
process approaching the solution, and when the numerical solution is close enough the conver-
gence is much faster (lineal/superlinear). Obviously this numerical test is just an illustration of
the theory developed in this paper showing the convergence of the nonconvex PDHG method,
and a much more detailed numerical analysis is out of the scope of this paper and it is part of the
future research of our group.

4.2. Comparisons of different algorithms

This section considers the comparisons of the PDHG, FB, PRS, DRS and ADMM algorithms
on the problem

A
min = {lAx = Bl + Ilxlo} (67)

where x € R", A € R™" and ||x|lp = #(supp(x)). The parameters and stopping criterion are the
same as the ones used in the previous numerical test. Compared with the model used above
(Subsection 4.1), now the matrix K is given by K = I,. We set this matrix K because the
algorithm FB, PRS and DRS need to calculate the proximal of ||[Kx||o. But the proximal of
[|[Kx|lo can be numerically computed only if K is invertible, and therefore a general case is not
solvable with those algorithms. Note that these algorithms do not have the dual iterative points
and ADMM has two iterative points. Therefore, from that point of view, the nonconvex PDHG
method provides an interesting algorithm that can scan a much wider range of problems. Thus,
in this section we just compare the function values of the algorithms in a simple problem that is
approachable by all of them.

In Figure 3 we observe that all the methods work well on this problem, as expected, but from
the tests the best performance, as the convergence seems to be the fastest (see in the magnification
how the PDHG curve is the smallest), is obtained with the nonconvex PDHG method. In Table 1,
we present, for all the algorithms and problems of different sizes n, the error estimate using
the function values Est’} and the number of iterations needed to reach Est’f‘. < 1073, In all the
simulations the nonconvex PDHG method has required the lowest number of iterations to reach
the tolerance error. Moreover, we remark that the nonconvex PDHG method can be used for a
wider range of problems.
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Figure 3: Comparisons of function values versus the iteration number using different algorithms in the test problem (67).

Table 1: Error estimate using the function values Est’jf, and the number of iterations to reach Est} < 1073 for the PDHG,
FB, PRS, DRS and ADMM algorithms.

scenario PDHG ADMM DRS PRS FB
n Iter Est’} Iter Est’} Iter Est’} Iter Est’} Iter Estlji
100 78 9.87e4 97 7.42e4 93 8.62e-4 85 9.65¢-4 112 8.42e-4
200 68 8.34e-4 82 955e4 75 96le4 71 844e-4 95 8.22e-4
300 74 9.66e-4 96 84le-4 91 937e-4 81 9.12¢e-4 106 9.17¢-4
400 76 947e-4 94 927e-4 92 9.06e-4 80 9.22e¢-4 108 8.84e-4
500 72 9.07e-4 95 9.58e4 92 948e4 82 947e4 111 9.24e-4
600 73  894e-4 93 895¢4 90 8924 83 9.52e-4 115 9.43e-4
700 77 974e-4 96 9.67e-4 91 957e-4 83 9.38e-4 120 8.74e-4
800 70 9.0le-4 93 984e-4 93 968e4 79 9494 119 9.16e-4
900 78 8.89%-4 95 9.76e-4 89 997e4 84 9.57¢e-4 104 9.40e-4
1000 79 936e-4 98 928e4 93 9.69e-4 85 9.62¢e-4 118 9.03e4

5. Conclusions

The Primal-Dual Hybrid Gradient (PDHG) algorithm is a powerful algorithm used quite fre-
quently for solving saddle-point optimization problems. In this paper, we study the precompact
convergence of the nonconvex PDHG, i.e., we prove the convergence if the sequence is bound-
ed (but the global convergence is not proved). The proofs are motivated by existing results
in Kurdyka-Lojasiewic function theory, giving rise results when the optimization functions are
semi-algebraic. A simple numerical test illustrates the convergence process of the nonconvex
PDHG algorithm.
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