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‘We propose a new proximal, path-following framework for a class of—possibly non-smooth—constrained con-
vex problems. We consider settings where the non-smooth part is endowed with a proximity operator, and the
constraint set is equipped with a self-concordant barrier. Our main contribution is a new re-parametrization
of the optimality condition of the barrier problem, that allows us to process the objective function with its
proximal operator within a new path following scheme. In particular, our approach relies on the following
two main ideas. First, we re-parameterize the optimality condition as an auxiliary problem, such that a
“good” initial point is available; by doing so, a family of alternative paths towards the optimum is generated.
Second, we combine the proximal operator of the objective and path-following ideas to design a single phase,
proximal, path-following algorithm.

Our method has several advantages. First, it allows handling non-smooth objectives via proximal oper-
ators; this avoids lifting the problem dimension via slack variables and additional constraints. Second, it
consists of only a single phase: While the overall convergence rate of classical path-following schemes for
smooth objectives does not suffer from the initialization phase, state-of-the-art proximal path-following
schemes undergo slow convergence, in order to obtain a “good” starting point [47]. In this work, we show how
to overcome this difficulty in the proximal setting and prove that our scheme has the same O(y/vlog(1/¢))
worst-case iteration-complexity with standard approaches [30, 33], but our method can handle nonsmooth
objectives, where v is the barrier parameter and ¢ is a desired accuracy. Finally, our framework allows errors
in the calculation of proximal-Newton search directions, without sacrificing the worst-case iteration com-
plexity. We demonstrate the merits of our algorithm via three numerical examples, where proximal operators
play a key role to improve the performance over off-the-shelf interior-point solvers.
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1. Introduction. This paper studies the following constrained convex optimization problem:

G*:= min {G(w) = (c,x) +g(x) :weX}, (1)
x€

where ¢ € RP, g is a possibly non-smooth, proper, closed and convex function from R? to RU{+oo}

and X is a nonempty, closed and convex set in R?.!

For generic X and for G just linear or quadratic, interior point methods (IPMs) often consti-
tute the method-of-choice for the numerical solutions of (1), with a well-characterized worst-case

1 In our discussion, we separate the linear term (c,z) from g for our convenience in processing numerical examples in
the last section. This linear term can be absorbed into g, and does not affect our analysis. The structure of X highly
affects the efficiency of optimization schemes for (1). While simple constraints are suitable for projected optimization
methods, complicated linear constraints can be handled by penalty or augmented Lagrangian techniques, combined
with splitting or alternating direction methods [8, 9, 35]. In this work though, we even consider problem cases with
more complicated structures, such as hyperbolic or nonstandard cones, where such approaches may not apply or may
be no longer efficient.
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complexity. A non-exhaustive list of special instances of (1) includes linear programs, quadratic
programs, second order cone programs and, semi-definite programs [1, 6, 7, 16, 27, 28, 30, 34, 39,
42, 51, 52].

At the heart of IPMs lies the notion of interior barriers: these mimic the effect of the constraint
set X' in (1) by appropriately weighting the objective function with a barrier f over the set X, as
follows:

Fy:= min {Ft(az) = G(z) +tf(9c)}; (2)
z€int(X)

here, f models the structure of the feasible set A and ¢ > 0 is a penalty parameter. For different
values of t, the regularized problem generates a sequence of solutions {z*(¢):t> 0}, known as
central path, converging to z* of (1), as t goes to 0. Path-following IPMs operate along the central
path: Starting from a decent initial point and, for a properly decreasing sequence of t values,
they solve (2) only approximately, by performing a “few”? Newton iterations for each ¢ value. For
path-following schemes to work with attractive guarantees, the initial point must lie within the
quadratic convergence region of the Newton sub-problems. Indeed, the standard path-following
strategy guarantees that each approximate solution of (2) lies within Newton’s method quadratic
convergence region for the next value of ¢, and operates as warm-start for that new problem instance
[7, 29, 33, 30]. In their seminal work [33], Nesterov and Nemirovski showed that such path-following
schemes admit a polynomial worst-case complexity, as long as the underlying Newton method has
a polynomial complexity.

Based on the above, standard path-following schemes [27, 30, 33] could be characterized by two
phases: PHASE [ and PHASE II. In PHASE I and for an initial value of ¢, say ¢y, one has to determine
a good initial point for PHASE II; this requires solving (2) up to sufficient accuracy, such that the
Newton method for (2) admits fast convergence. In PHASE II and using the output of PHASE I as
a warm-start, we path-follow with a provably polynomial time complexity.

Taking into account both phases, standard path-following schemes—where (1) is a smooth
objective—are characterized by the following iteration complexity: The total number of iterations
required to obtain an e-solution is

O(Vvlog(1/e)), (3)

where v is a barrier parameter (see Section 2 for details) and ¢ is the approximate parameter,
according to the following definition:
DEFINITION 1. Given a tolerance € > 0, we say that z? is an e-solution for (1) if

zre X, and G(xf)—-G*<e.

1.1. Path-following schemes for non-smooth objectives. For many applications in
machine learning, optimization and signal processing [7, 37, 47], ¢ is usually non-smooth in order to
leverage the true underlying structure in z*. An exemplar of such g is the ¢;-norm regularization,
i.e., g(x) = ||z||;, with applications in high-dimensional statistics, compressive sensing, scientific
and medical imaging [17, 21, 45, 38, 53, 26, 12, 19], among others. Other examples for g include
the ¢; »-group norm [3, 22, 23] and the nuclear norm [11].

Unfortunately, non-smoothness of the objective reduces the optimization efficiency. In such set-
tings, one can often reformulate (1) into a standard conic program, by introducing slack variables
to model g. Such a technique is known as disciplined convex programming (DCP) [18] and has
been incorporated in well-known software packages, such as CVX [18] and YALMIP [25]. Existing
off-the-shelf solvers are then utilized to solve the resulting problem. However, DCP could poten-
tially increase the problem dimension significantly; this, in sequence, reduces the efficiency of the

2 Standard path-following schemes perform just one Newton iteration.
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IPMs. For instance, in the example above where g(z) = ||z||;, DCP introduces p slack variables to
reformulate ¢ into p additional second-order cone constraints.
In this paper, we focus on cases where g is endowed with a low-cost proximity operator:

prox,(z) := alfgeg})in {g(u)+1/2- lu—=|?}.

If g has a tractable proximity operator, then we can often preserve the optimization efficiency;
e.g., for simple objectives, using such proximity operators have been proven to be practical in real
applications [5, 13, 30]. However, for generic X’ constraints in (1), the resulting interior barrier f in
(2) does not have Lipschitz continuous gradients and, thus, prevents us from using such schemes.
This fact necessitates the design of a new breed of path-following schemes, that can accommodate
non-smooth terms in the objective.

[47] is one of the first works that treat jointly interior barrier path-following schemes and prox-
imity operators, in order to design a new proximal path-following algorithm for problems as in (1).
According to [47], the proposed algorithm follows a two-phase approach, with PHASE II having the
same worst-case iteration-complexity (3) (up to constants) with standard smooth path-following
schemes [30, 33]. However, the initialization PHASE I in the proposed scheme requires substantial
computational effort, which usually dominates the overall computational time. In particular, using
a damped-step proximal-Newton scheme to find a good initial point to be used in PHASE II, the
algorithm in [47] requires

[Pl Tulei)|

Newton iterations in PHASE I, for arbitrary selected ¢, > 0 and z°, and & € (0,1), 8 € (0,0.15],
w(q) =q—log(1+q); see [47, Theorem 4.4] for more details. I.e., in stark contrast to the global iter-
ation complexity (3) of smooth path-following schemes, PHASE I of [47] for non-smooth objectives
undergoes a sublinear convergence rate.

1.2. Motivation. From our discussion so far, it is clear that most existing works on path-
following IPMs require two phases. In the case of smooth objectives in (1), PHASE I is often
implemented as a damped-step Newton scheme, which has a sublinear convergence rate, or an
auxiliary path-following scheme, with a linear convergence rate that satisfies the global, worst-case
complexity in (3) [30, 33]. In standard conic programming, one can unify a two-phase algorithm in a
single-phase IP path-following scheme via homogeneous and self-dual embedded strategies; see, e.g.,
[43, 50, 52]. Such strategies parameterize the KKT condition of the primal and dual conic program
so that one can immediately have an initial point, without performing PHASE I. Unfortunately, to
the best of our knowledge, such single-phase approaches have not been yet studied for proximal,
path-following IPMs, in order to handle non-smooth, nonlinear constrained convex problems.

1.3. Our contributions. The goal of this paper is to develop a new single-phase, proximal
path-following algorithm for (1). To do so, we first re-parameterize the optimality condition of the
barrier problem associated with (1) as a parametric monotone inclusion (PMI). Then, we design
an appropriate proximal path-following scheme to approximate the solution of such PMI, while
controlling the penalty parameter. Finally, we show how to recover an approximate solution of (1),
from the approximate solution of the PMI. Thus, with an appropriate choice of parameters, we
show how we can eliminate PHASE I, while we still maintain the global, polynomial time, worst-case
iteration-complexity.

The main contributions of this paper can be summarized as follows:

(i) We introduce a new parameterization for the optimality condition of (2) to appropriately
select the parameters such that much less computation for initialization is needed. Hence, we can
eliminate PHASE I in the traditional path-following scheme.



Q. Tran-Dinh, A. Kyrillidis, V. Cevher: A single-phase, proximal path-following framework
4 Mathematics of Operations Research 00(0), pp. 000-000, © 0000 INFORMS

(7i) We design a single-phase, path-following algorithm to compute an e-solution of (1). For
each t value, the resulting algorithm only requires a single proximal Newton iteration of a strongly
convex quadratic composite subproblem. The algorithm also allows inexact proximal Newton steps,
with a verifiable stopping criterion (cf. eq. (20)).

In particular, we establish the following result:

THEOREM 1. The total number of proximal Newton iterations required by the proposed algo-
rithm to reach an e-solution of (1) is upper bounded by O (ﬁlog (g))

A complete and formal description of the above theorem and its proof are provided in Section 4.
Our proximal algorithm admits the same iteration-complexity, as standard path-following methods
[30, 33] (up to a constant).

1.4. The structure of the paper. This paper is organized as follows. Sections 2 and 3
contain basic definitions and notions, used in our analysis. There, we also introduce a new re-
parameterization of the central path in order to obtain a predefined initial point. Section 4 presents
a novel algorithm and its complexity theory for the non-smooth objective function. Section 5
provides three numerical examples that highlight the merits of our algorithm. Technical discussions
and proofs are deferred to the appendix.

2. Preliminaries. In this section, we provide the basic notation used in the rest of the paper,
as well as two key concepts: proximity operators and self-concordant (barrier) functions.

2.1. Basic definitions. Given z,y € RP, we use (z,y) or 7y to denote the inner product in
R™. For a proper, closed and convex function g, we denote by dom(g) its domain, (i.e., dom(g) :=
{r eR": g(x) < +o0}), and by dg(z):={veR™ : g(y) > g(z) + (v,y — z), Yy € dom(g)} its subd-
ifferential at x. We also denote by Dom(g) := cl(dom(g)) the closure of dom(g) [40]. We use C3(X)
to denote the class of three times continuously differentiable functions from X CR” to R.

For a given twice differentiable function f such that V2f(x) = 0 at some x € dom(f), we define
the local norm, and its dual, as

|lull, == <V2f(x)u,u)1/2,Vu eR", and ||1)HZ = max (u,v) = <V2f(x)*1v,v>1/2,

flull, <1
respectively, for u,v € RP. Note that the Cauchy-Schwarz inequality holds, i.e., (u,v) <|ul|_ v

2.2. Proximity operators. The proximity operator of a proper, closed and convex function
g is defined as the following strongly convex program:

prox,(x) := arugegzl)in {g(u)+1/2- |lu—x|?}. (4)

In general, computing prox, is nearly as hard as minimizing g itself. However, there exist several
structured smooth and non-smooth convex functions ¢ that have a closed-form solution or a low-
cost evaluation of the proximity operator. We capture this idea in the following definition.

DEFINITION 2 (Tractable proximity operator). A proper, closed and convex function g: RP —
RU {400} has a tractable proximity operator if (4) can be computed efficiently via a closed-form
solution or via a polynomial time algorithm.

Examples of such functions include the ¢;-norm—where the proximity operator is the well-known
soft-thresholding operator [13]—and the indicator functions of simple sets (e.g., boxes, cones and
simplexes)—where the proximity operator is simply the projection operator. Further examples can
be found in [4, 13, 37].
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2.3. Self-concordant functions and self-concordant barriers. A concept used in our
analysis is the self-concordance property, introduced by Nesterov and Nemirovskii [30, 33].

DEFINITION 3. A univariate convex function ¢ € C3(dom(y)) is called standard self-concordant
if [ (7)| < 2¢"(7)%? for all T € dom(yp), where dom(¢p) is an open set in R. Moreover, a function
f:dom(f) CR" — R is standard self-concordant if, for any X € dom(f) and v € R™, the univariate
function ¢ where 7— ¢(7) := f(z + 7v) is standard self-concordant.

DEFINITION 4. A standard self-concordant function f:dom(f) C R" — R is a v-self-concordant
barrier for the set Dom(f) with parameter v > 0, if

sup {2(Vf(z),u) — ||ul2} <v, Vae€dom(f).

In addition, f(z)— oo as x tends to the boundary of dom(f).
We note that when V?f is non-degenerate (particularly, when dom(f) contains no straight line
[30, Theorem 4.1.3.]), a v-self-concordant function f satisfies

IVf(2)]; <V, Vadom(f). (5)

Self-concordant functions have non-global Lipschitz gradients and can be used to analyze the

complexity of Newton-methods [10, 30, 33|, as well as first-order variants [15]. For more details on

self-concordant functions and self-concordant barriers, we refer the reader to Chapter 4 of [30].
Several simple sets are equipped with a self-concordant barrier. For instance, fRi (x) =

— > i, log(z;) is a n-self-concordant barrier of the orthant cone R, f(z,t) = —log(t* — ]2) is a
2-self-concordant barrier of the Lorentz cone £, 1 := {(z,t) € R* xRy : ||z||, < t}, and the semidef-
inite cone S} is endowed with the n-self-concordant barrier fsn (X):=—logdet(X).
Finally, we define the analytical center 77} of f as
Tpi=argmin{f(r):x€int(X)} <« Vf(r})=0. (6)

If X is bounded, then Z7} exists and is unique [31]. Some properties of the analytical center,
important for our scheme, are presented in Section 3. In this paper, we develop algorithms for (1)
with a general self-concordant barrier f of X as defined by Definition 4.

2.4. Basic assumptions. We make the following assumption, regarding problem (1).

ASSUMPTION 1. The solution set X* of (1) is nonempty. The objective function g in (1) is
proper, closed and convez, and X C dom(g). The feasible set X is nonempty, closed and convex
(with nonempty interior int (X) ) and is endowed with a v-self-concordant barrier f such that
Dom(f) := cl(dom(f)) = X. The analytical center T} of f exists.

Except for the last condition, Assumption 1 is common for interior-point methods. The last
condition can be satisfied by adding an auxiliary constraint ||z|, < R for sufficiently large R; this
technique has been also used in [33] and it does not affect the solution of (1) when R is large.

3. Re-parameterizing the central path. In this section, we introduce a new parameteri-
zation strategy, which will be used in our scheme for (1).

3.1. Barrier formulation and central path of (1). Since X is endowed with a v-self-
concordant barrier f, according to Assumption A.1, the barrier formulation of (1) is given by

F/:= min {Ft(I) =G(x)+tf(z)=(c,z) + g(x) —I—tf(:z:)}, (7)

z€int(X)

where ¢ > 0 is the penalty parameter. We denote by z; the solution of (7) at a given value ¢ > 0.
Define r(x) := ¢+ dg(x) +tV f(x). The optimality condition of (7) is necessary and sufficient for
Z; to be an optimal solution of (7), and can be written as follows:

0er(z}) =c+0g(zy) +tV f(77). (8)

We also denote by C := {Z} :t >0} the set of solutions of (7), which generates a central path (or a
solution trajectory) associated with (1). We refer to each solution Z; as a central point.
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3.2. Parameterization of the optimality condition. Let us fix 2° € dom(f); a specific
selection of 2 is provided later on. For given x°, let & € dg(z°) be an arbitrary subgradient of g
at 2°, and set (o := Vf(2°) +t5 (c+&). For a given parameter 1 > 0, define

hy(z):= f(z) —n{Co,z) and ry,(x):=c+dg(x)+tVh,(z). (9)
with the gradient Vh,(x) :=V f(x) —n,. We further define a n-parameterized version of (7) as
H = min {H(2) == (c,x) + g(x) +th,(z)}. (10)
Observe that, for a fixed value of n > 0, the optimality condition of (10) is given by
0€r,(xp)=c+0g(zy) +tVh,(x}). (11)

Due to the convexity of f and g, both h, and r,, are monotone in the sense of nonlinear operator
theory [41]. Since f is a barrier function, its domain is not the whole space and, hence, h, and r;,
are not maximal. Clearly, when g is smooth, (11) reduces to a system of nonlinear equations.

We provide next some remarks regarding the n-parameterized problem in (10):

e Observe that, if we set n=0, h,(z) = f(z) and thus, (10) is equivalent to (7). Therefore, for
any other value n > 0, the problem in (10) differs from the original formulation (7) by a factor
—tﬁ@o, IL‘> :

e Fix parameters n > 0,¢ > 0 and let =} be the solution of (10), which is different from the
solution z} of (7), given the remark above. However, as t — 0 in a path-following scheme, both z}
and T} converge to an optimum z* of (1).

e Based on the above, for fixed ¢t > 0 and different values of 7, (10) leads to a family of paths
towards z* of (1).

Our aim in this paper is to properly combine the quantities ¢, 2° and 7, such that (i) solving
iteratively (10) always has fast convergence (even at the initial point 2°) and, (¢) while (10) differs
from (7), its solution trajectory is closely related to the solution trajectory of the original barrier
formulation. The above are further discussed in the next subsections.

3.3. A functional connection between solutions of (7) and (10) and the key role of
7. Given the definitions above, let us first study the relationship between evact solutions of (7)
and (10), for fixed values ¢t >0 and 7> 0.

LEMMA 1. Let t >0 be fived. Assume n>0 and o be chosen such that mo = n|[Goll7, < 1.
Define A, := ||z} — Z}||s: as the local distance between Zj and x7, the solutions of (7) and (10),

respectively. Then,
my

A< ——.
1-— mo

The proof is provided in Appendix 7.1. The above lemma indicates that, while (7) and (10) define
different central paths towards z*, there is an upper bound on the distance between z; and zj,
which is controlled by the selection of 7,t, and 2. However, ||(o||%. cannot be evaluated a priori,
since Z; is unknown. ‘

We can overcome this difficulty by using the analytical center point 7} in (6). A key property
of % is the following [30, Corollary 4.2.1]: Define n, := v + 2./v, where v is the self-concordant
barrier parameter. Then, ||v[[* <n,|v|%. for any = € int(X) and v € RP. If f is a logarithmically

homogeneous barrier function, then n, :=1 and ||v||% < ||v[|i.. The observation leads to the following
Corollary; the proof easily follows from that of Lemma 1 and the properties above.
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COROLLARY 1. Consider the configuration in Lemma 1 and define my :nnl,HQOH;} < 1. Then,

(12)

Moreover, if we choose as the initial point x°:=Z%, then mo = n,,talan—i—{OH;;.

In the corollary above, we bound the quantity mg using the local norm at the analytical center
z%. This allows us to estimate the theoretical worst-case bound in Theorem 3, described next. In
practice—and if a “better” starting point is provided—one can alternatively redefine the quantities
above and remove the dependency on 7%, without affecting the analysis followed in our scheme.

The above observations lead to the following lemma: given a point z, we bound |z — 7*||z: by
the distance ||z —2*||,z, using the bound (12); the proof is given in Appendix 7.2.

LEMMA 2. Consider the configuration in Corollary 1, such that mo < 5. Let A\(x) := ||z — 2} ||2x
and A\(v) = ||z — Zf|z;, for any x € int (X). Then, the following connection between \(x) and

At(x) holds:

S )\t(l') — (1 — m()))\t(l') ™o
< —7 < .
M) ST FAS T 1—mg

(13)

The above lemma indicates that, given fixed ¢ > 0, any approximate solution Z; to (10), that is
“good” enough (i.e., the metric A\;(Z;) is small), signifies that T; is also “close” to the optimal of
(7) (i.e., the metric \,(%;) is bounded by A,(Z;) and, thus, can be controlled). This fact allows the
use of (10), instead of (7), and provides freedom to cleverly select initial parameters ¢, and 7 for
faster convergence. The next section proposes such an initialization procedure.

3.4. The choice of initial parameters. Here, we describe how we initialize ¢, and 7. For
ease of presentation and based on the discussion above, we choose x° = z%. Observe that, for such
2%, we have V f(2°) = V f(z}) = 0.

Lemma 2 suggests that, for some 3 € (0,1), if we can bound X(-) as A,(:) < 3, then \,(*) is
bounded as (-) < % + 11”—75’10 This observation leads to the following lemma; the proof is
provided in Appendix 7.3.

LEMMA 3. Let A\, (2°) := ||z° — x?on;o, where 7 is the solution of (10) at t :=t,. Let & €

dg(x°) and, from (9), ri, ,(a°) :==c+& +tocVh,(z°). Then, we have

1 — g — /T— 6 n + 72
)\to (,’L’O) < fyto Tto, ] ’Yto , (14>

- 2

provided that 7, = ||rt0),,(x0)\|;0 =[1—=n|I¢oll%0 <3 — 2V/2.

In plain words, Lemma 3 provides a recipe for initial selection of parameters: Our goal is to choose
an initial point 2° such that A\, (z°) < f3, for a predefined constant 3 € (0,1). Using (14), we observe
that in order to satisfy A, (2) <3, it is sufficient to require

/ B(l-p
1_7150_ 1—6'Yt0 +’71520§25 = ’Ytog(l—kﬁ)‘

Yo =1 =1l 1ol

Since

B(1-B)

15 further implies

the inequality v, <

B(1—p)
L=nls
=< el
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Hence, we obtain
B1-5) | B01-)
A+l A+l

As we describe next, by our theory, it holds A (-) < (=mo)B | _mo_ 1 Gipce M0 < M0 e

nel—

(15)

1-2mg 1-mg 1-mg — 1-2mg’
have
(1—my)p Mo _ (1 —mg)B+mg <1
1—2m0 1—mg 1—2my '
This further leads to mo < 378 5 and, by definition of mg and z° = T}, we have
* nnl/ ﬁ
nnuHColli;— le+&ollzs < 375
If we take n =1, which is satisfies (15), then we can choose t, such that
1—
o> — =8 (16)

G+Amle+ &l

This condition provides a rule to select ty. In general, ¢y can be chosen based on the value of 7

(1-8)
selected from (15) as tg > TR ol

4. The single phase proximal path-following algorithm. In this section, we present the
main ideas of our algorithm. According to the previous section, to solve (1), one can parameterize
the path-following scheme (7) into (10) and, given proper initialization, solve iteratively (10)—i.e.,
in a path-following fashion, for decreasing values of t.

In Subsections 4.1 and 4.2, we describe schemes to solve (10) up to some accuracy and how
the errors, due to approximation, propagate into our theory. Based on these ideas, Subsection
4.3 describes the main recursion of our algorithm, along with the update rule for ¢ parameter.
Subsection 4.4 provides a practical stopping criterion procedure, such that an e-solution is achieved.
Subsection 4.5 provides an overview of the algorithm and its theoretical guarantees.

4.1. An exact proximal Newton scheme. In our discussions so far, ; denotes the ezact
solution to (10), for a given value of paramter ¢. Since optimizing the objective in its original form
is a difficult task, it is common practice to iteratively solve (10) via first- or second-order Taylor
approximations of the smooth part.

In this work, we focus on Newton-type solutions. Let Q(-;y) be the second-order Taylor approx-
imation of h,(-) around y, i.e.:

Q(z;y) == (Vhy(y),z —y) + %<V2hn(y)(9€ —Y),x—y)

1
= (Vf(y) =nlo,z = y) + 5 (V) (= — ),z — ).
Then, x} can be obtained by iteratively solving

k

R — argmm{Ft(:U zF) ==tQ(z; ) +G($)}v (17)

xE€int(X)
with perfect accuracy, and z¥ is in a convergence region of such a proximal Newton method. Then,
T =1y,
We note that, for given point z¥, we can write the optimality condition of (17) as follows:
0 €t [Vhy(x}) + Vh,(z})(z} — x7)] + c+ dg(x}). (18)

To solve (17), one can use convex quadratic composite minimization solvers; see, e.g., [5, 9, 32].
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4.2. Inexact proximal Newton scheme. In practice, we can not solve (17) exactly due to
the nonsmooth part g, but only hope for an approximate solution, up to a given accuracy ¢ >0
[24]. The next definition characterizes such inexact solutions.

DEFINITION 5. Fix ¢t >0 and let w be an anchor point (in (17), w = z¥). Moreover, let z} be
the exact solution, obtained by solving (17) perfectly. We say that a point z € int (X) is a d-solution
o (17) if

Iz =]l <9, (19)
for a given tolerance > 0. We denote this notion by z :~ x}.

Unfortunately, =} is unknown and, thus, we can not check the condition (19). This condition

however holds indirectly, when the following holds [47]:

. e
Fy(zw) — Fiy(af;w) < -0

where Ft(-; -) is defined in (17). This last condition can be evaluated via several convex optimization
algorithms, including first-order methods, e.g., [5, 32].
We will use these ideas next to define our inexact proximal-Newton path-following scheme.

(20)

4.3. A new, inexact proximal-Newton path-following scheme. Here, we design a new,
path-following scheme that operates over the re-parameterized central path in (10). This new
algorithm chooses an initial point, as described in Section 3, and selects values for parameter t via
a new update rule, that differs from that of [47].

At the heart of our approach lies the following recursion:

lppr =1k +dy,
. ~ 21
xf};ll = ar§erglt?x) {Ftk+1(x;xfk) ::tkHQ(x;a:fk) +G(z)}. (21)

That is, starting from initial points t, and 2° = :c?o, we update the penalty parameter ¢ from ¢ to

tiy1 via the rule ty,q :=1t, +dy, at the k-th iteration; see next for details. Then, we perform a single
proximal-Newton iteration, in order to approximate the solution to the minimization problem in
(21). Observe that, while such a step roughly approximates the minimizer of (21) satisfying (19),
in our analysis we can still guarantee convergence close to z* of (1), using ideas in Subsection 4.2.

Update rule for parametert. With xffk being the inexact solution of (21) and 7, the exact
solution of (11) at t =t;, we define the local distances

M) = lle =il , and Ape=llaf | —ag e (22)

for any ¢ >0 and z € int (X'). Before we provide a closed-form solution for dj in the update rule

tiy1 =t +dy, we require the following lemma, which shows the relation between \;, | (xflj+ 11) and

Ay, (F), as well as the relation between A, (27 ) and A. The proof of this result can be found
in Appendix 7.4.

k+1

LEMMA 4.  Given zy  and gy, let 2y,

be an approximation of xfkﬂ computed by the inez-

act prozimal-Newton scheme (21). Let A, (2f,) = |2, — 27, | ||w;k+1 and A, (of]) = |2kt —
xt*kHHm;kH be defined by (22). If Ay, (zf ) €10,0.118975], then we have
Atpir (wfﬁ) < 11350426541 + 5\, (27,)°. (23)
Moreover, the right-hand side of (23) is nondecreasing w.r.t. Ny, (xf ) and dp11 > 0.
Let Ay, be defined by (22). Then, we have the following estimate:
k
Aty (25,) < Af’“_(JZ’;) + A, (24)

provided that A, < 1.
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In words, (23) reveals that the quadratic convergence rate of consecutive inexact proximal-
Newton steps in (21) (measured by A, (z},)) is preserved per iteration. Moreover, (23) describes
how the approximation parameter J;,; accumulates over iterations (i.e., it is an additive term).

Now, we need to bound the distance Aj. The next lemma shows how we can bound A; based
on the update rule ., =t + dj for d # 0; the proof is provided in Appendix 7.5. This lemma
also provides a rule for d;, selection.

LEMMA 5. Given constant cg >0, let 05:= (Hz% Then, Ay, defined by (22) satisfies

Ap_ |d |di| Vv
< — N ** < . 2
Co < s, < (25)
Moreover, if we choose dj, := —ogty, the Ay is bounded by Ay, < cg.

Based on the above, we describe next the main result of this section: Assume that the point
a;fk is in the quadratic convergence region of the inexact proximal-Newton method (21), i.e.,
A, (2f ) < B for given B € (0,0.118975]. The following theorem describes a condition on Ay such
that A, (xf,:rll) < 8. This in sequence determines the update rule of ¢ values. The following the-
orem summarizes this requirement.

THEOREM 2. Let {,, (x}, )} be the sequence generated by the inexact prozimal-Newton scheme
(21). For any € (0,0.118975], if we choose §y, and Ay such that

1
011 00665178 and A< 5 [1 +0.43/6 — \/(1 —0.43v/8)2 + 48| , (26)
then the condition A, (:rfk) < B implies \;, ., (xf,:rll) < . Consequently, the penalty parameter t; is

updated by

tis = (1 — o)ty = (1 - (1+Z)\ﬁ> t, (27)

which guarantees that Ay satisfies the condition (26), where

5= % [1 +0.43\/B — \/(1 —0.43y/B)? + 45] € (0,0.044183].

In addition, cj™ :=max{cg: 8 € (0,0.118975]} = 0.044183 when = 0.042231.

Proof. Under the assumption A, (:L‘fk) < (8 and the first condition (26) with &, < 0.06651743,
2

we can obtain from (23) and (24) that A, (z;"') < 0.07553 + 5( s +Ak) . To guarantee

Ltgoi 1-Ay
k+1
M (@) < B, we have

g

<0. .
e + A, <0.43,/8

2
0.07555+5< +Ak> <B =

B
1- A,

The last condition implies

Aj < % [1 +0.43/8 — \/(1 —0.43\/B)2 + 48] .

This is the second condition of (26), provided that € (0,0.118975]. The second statement of this
theorem follows from (26) and Lemma 5, while the last statement is computed numerically. O
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4.4. Stopping criterion. We require a stopping criterion that guarantees an e-solution for
(1) according to Definition 1. To achieve this, we present the following Lemma; the proof is provided
in Appendix 7.6.

LEMMA 6. Let {a:fk} be the sequence generated by (21). Then, it holds that

0 < G( ! ) - G* S tk:+1 : 1/’(’/, COv j‘thrl (Iﬁ::l) j\tk+1 (xfk)7 5k+1>7 (28)
where Y is defined as

A 02

2
and mo :=nn |G|l = nmu |V f (@) + 157 (e + &) 13,

w(y>m07)\7)\+,(5) ::I/—|—\/]71A_+

Since )\tkﬂ(xf::l) <Band A\, (xf,) <0.43V/5, 01 < § and x° =27, we can show that
< k1 (1—m0)5 mo 043f(1—m0) mo S
M (B05) S g T Ty = 0 a0 A (0) S Tl T =
By using Lemma 6, we can see that
0< Gk ) — G* <t -5(v), (30)

k+1

where ¥5(v) :=1(v,m0,%,%0,0). Then, if t;,-13(v) < &, we are guaranteed that ;"' is a e-solution

and we can terminate our algorithm.

4.5. Overview of our scheme. We summarize the proposed scheme in Algorithm 1.

Algorithm 1 Single-phase, proximal path-following scheme
Input: Tolerance € > 0.
Initialization:
1. Compute x% and set z°:=z%. Compute a subgradient &, € dg(x°).

2. Compute ¢ := H0+50H*;~ Choose 3 € (0,0.118975] and set d := 0.06651743.
3. Choose ty > %,n =1 and compute mg from Lemma 1.

4. Set 7o 1= 5% + 20 and 4, = SEETEm) 4 e

5

. Set wﬂ( ) ¢(V mOa’YO?’YO’(;)

6. Set ci= 1 [1+0.43yF — /(1 - 043VB)? + 45| and 0 1= ;2.
for k:=0 to k:max do

7. If t;¢5(v) < e, then terminate.

8. Update ty41:= (1 —0p)ty.

9. Perform the inexact full-step proximal-Newton iteration by solving

aypt! s~ argmin B, (waf) = en Q(asal) + Gla) )

z€int(X)

up to a given accuracy 641 < 9.
end for

It is clear that the computational bottleneck of Algorithm 1 lies in Step 9, where we need to
approximately solve a strongly convex quadratic composite subproblem. We comment on this step
and its solution in Section 5.

The following theorem summarizes the worst-case iteration-complexity of Algorithm 1.
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THEOREM 3. Let {(z¥,t4)} be the sequence generated by Algorithm 1. Then, the total number
of iterations required to reach an e-solution z* of (1) does not exceed

VW)
Finax 1= 10g( - ) +1 (31)
" —log(1 —op) '

Thus, the worst-case iteration-complexity of Algorithm 1 is O (ﬁlog (tois))

Proof. From (27), we can see that t; = (1 — 04)"ty. Hence, to obtain 0 < G(zf}) — G* <

Yg(v)
v o8 € . . . .

g, using (8), we require t; > WT(), or k> lo(g(;()(rt?)' By rounding up this estimate, we obtain

Emax as in (31). We note that —log(l — o) = O(1/4/v). In addition, by (29), we have ¢5(v) =

O <V+t51nl,\|c+§o”;}) = O (v) due to (16). Hence, the worst-case iteration-complexity of Algo-
rithm 1 is O (ﬁlog (K)) O
We note that the worst-case iteration-complexity stated in Theorem 3 is a global worst-case

complexity, which is different from the one in [47]. As already mentioned in the Introduction, in
the latter case we require

| Fule) “Futei)

iterations in PHASE I, for arbitrary selected ¢y and z°, and x € (0,1), 8 € (0,0.15], w(q) = g —log(1+
q), i.e., PHASE I has a sublinear convergence rate to the initial point acgo.

We illustrate the basic idea of our single-phase scheme compared to the two-phase scheme in
[47] in Figure 1. Our method follows different central path generated by the solution trajectory of
the re-parameterized barrier problem, where an initial point z° is immediately available.

4.6. The exact variant. We consider a special case of Algorithm 1, where the subproblem

(17) at Step 9 can be solved exactly to obtain a:f;jr ' such that xfkt ' = :Efkt ' . In this case, we can

enlarge the constant ¢z in (27) to obtain a better factor oz. More precisely, we can use

cs ::% [1+0.45¢B— \/(1—0.45\/B)Q+45 > ¢, (32)

where € (0,0.116764]. Hence, we obtain a faster convergence (up to a constant factor) in this
case. For instance, we can numerically check that ¢§** :=max{cs: 3 € (0,0.116764]} = 0.048186 >
cg™ = 0.044183 with respect to 8= 0.045864.

5. Numerical experiments. In this section, we first discuss some implementation aspects
of Algorithm 1: (i) how one can solve efficiently the subproblem in step 9 of Algorithm 1 and, (i)
how we can compute the analytical center T}. In sequence, we illustrate the merits of our approach
via three numerical examples, where we compare with state-of-the-art interior-point algorithms.

Inexact proximal-Newton step. The key step of Algorithm 1 is the proximal Newton direc-
tion. This corresponds to solving the following strongly convex quadratic composite problem:

. ': 1/ . k
min {q(d) := (hy, d) +1/2- (Hpd, d) + g (" + )}, (33)

where 2%, h;, € RP, and H), is a symmetric positive definite matrix.
There exist many efficient first-order and proximal quasi-Newton methods to solve (33), see, e.g.,
[5, 6] for concrete instances of proximal methods, as well as [48, 49] for primal and dual approaches
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= Central path of the re-parameterized problem @ Points on central paths
@ Solutions computed by one inexact proximal Newton iteration r* = arg Hél;(l{G(T) = {c,z) + g(x)}
T

{Fm(z")fmo G)
w((1-r)8)

J iteration§~--._______..-"7

FIGURE 1. Illustration of differences between path-following trajectories followed by single-phase Algorithm 1
and two-phase algorithm in [47]. In the latter case and given an initial point, say 2° = T}, [47] first performs
Py (2°)=Fy, (f,)
w((1=r)B)
Newton method. Then, the fast convergent PHASE II follows the central path (in red color) towards z*. Our algorithm
avoids the sublinearly convergent PHASE I by properly selecting to,n and z°, and follows a different central path

generated by the solution trajectory of the re-parameterized barrier problem (blue curve).

iterations for PHASE I to obtain an initial point Z°, within the quadratic convergence region of

on that matter. The efficiency of such algorithms strongly depends on the computation of prox,. In
addition, since (33) is strongly convex, restart strategies, as in [36, 44] for first order methods, can
achieve fast convergence rate. When g is absent, (33) reduces to a positive definite linear system
Hd= —h;, which can be efficiently solved by conjugate gradient scheme or Cholesky methods.

Concluding, we state that problem (33) has special features, which can be exploited in practice:

(i) Often, both matrices Hj and its inverse H, ' are available, which allow us to estimate both
the Lipschitz constant of Vg and the strong convexity parameter of ¢. Hence, one can design
accelerated gradient methods that have linear convergence rate.

(ii) By following a “warm-start” strategy, i.e., each iteration is initialized with the previously
computed estimate, (33) quickly reaches a high accuracy solution in a few iterations.

The analytical center point. 'To obtain the theoretical complexity bound of Theorem 3, we
require the computation of the analytical center 7} of the barrier function f. While computing 7%
might be challenging for some problem instances, there are several practical cases where can be
computed analytically. For example, if f(z) :=—>"" log(1—z?), i.e., f is the barrier of the box set
X:={zeRr:~1<x;<1,i=1,---,p}, then 77 =0 € R?. In the case of f(X):= —logdet(X) —
logdet(U — X) for the set X :={X €S :0<X U}, where S¥. denotes the set of positive semi-
definite matrices in p X p dimensions, we have X} =0.5U, where X} denotes the analytical center
in a matrix form. In general cases, Z} can be computed after a few Newton iterations. More details
on computation of z% can be found in [30, 33].

Next, we study three numerical examples. We first compare with the two-phase algorithm in
[47]; then, we compare Algorithm 1 with some off-the-shelf interior-point solvers such as SDPT3
[46], SeDuMi [43] and Mosek [2].
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5.1. The MAX-CuUT problem. In this example, we consider the SDP relaxation of the well-
known MAX-CUT problem as a test case. In particular, consider the following problem:

m}f}x{(l/4)<L,X> : X =0, diag(X) =e}, (34)

where X € S is the positive semi-definite optimization variable, L is the Laplacian matrix of
the corresponding underlying graph of the problem, diag(X) is the diagonal of X and e :=
(1,1,---,1)" € R?. The purpose of this section is to compare Algorithm 1 with the two-phase algo-
rithm in [47]. We note that in the latter case, the algorithm is also an inexact proximal interior
point method, that follows a two-phase procedure.

If we define ¢ := —(1/4)L, ¢g(X) := dx(X), the indicator of the feasible set X :=
{X €8 :diag(X) = e}, then (34) can be reformulated into (1). In this case, the proximal operator
of g is just the projection onto the affine subspace X, which can be computed in a closed form.
Moreover, (17) can be solved in a closed from: it requires only one Cholesky decomposition and
two matrix-matrix multiplications.

TABLE 1. Summary of results on the small-sized MaX-CuUT problems. Here, Error := | X* — X&pprsll#/|| Xépprs|lF
and f3pprs denotes the objective value obtained by using IPM solver SDPT3 [46] with high accuracy. For the case
of [47], the two quantities in Iters column denote the number of iterations required for PHASE I and PHASE II,
respectively. g05n.0 is for unweighted graphs with edge probability 0.5; pm1s_100.0 is for a weighted graph with
edge weights chosen uniformly from {—1,0,1} and density 0.1; wd09-100.0 is for a 0.1 density ten graph with integer
edge weights chosen from [—10, 10]; t2g20_5555 is for each dimension three two-dimensional toroidal grid graphs with
gaussian distributed weights and dimension 20 x 20; t3g7_5555 is for each dimension three three-dimensional toroidal
grid graphs with gaussian distributed weights and dimension 7 x 7 x 7. In these two last problems, the adjacency
matrix A is normalized by \/max|A4;;]|.

[47] Algorithm 1
Name P i f(X)  Error Iters Time[s| f(X)  Error TIters Timels]
g05.60.0 60 -59.00 -58.94 4.35e-03 160,680 0.40 -58.94 4.35e-03 704 0.32
g0580.0 80 -80.00 -79.92 4.38¢-03 292/772 0.63 -79.92 4.39e-03 799 0.48
g05.100.0 100 -100.00 -99.90 4.41e-03 351/877 0.94 -99.90 4.38¢-03 910 0.75
pmls_100.0 100 -52.58 -52.52 3.76e-03 233/1015 1.40 -52.52 3.77e-03 1042 0.85
w09-100.0 100 -80.75 -80.67 4.20e-03 729/968 1.30 -80.67 4.21e-03 996 0.87

t3g7_5555 343 -20620.30 -20616.76 4.45e-03  107/32 2.23  -20599.78 1.99e-03 89 1.30
t2g20.5555 400 -31163.19 -31153.93 1.33e-02  159/99 3.41 -31154.04 1.24e-02 157 2.21

We test both algorithms on 7 small-sized MAX-CUT problems generated by Rudy®. We also
consider 4 medium-sized problems from the Gset data set*, which were also generated from Rudy.
Both algorithms are tested in Matlab R2015a environment, running on a MacBook Pro. Laptop
2.6GHz Intel Core i7 with 16GB memory. The initial value of t, is set at t, := 0.025 for both cases.
We terminate the execution if |f(X*) — fépprsl/|fopprs] < 1073, where f(X):= —trace(LX).

The results are provided in Tables 1-2. Algorithm 1 outperforms [47] in terms of total computa-
tional time, while achieving the same, if not better, solution w.r.t. objective value. We observe the
following trade-off w.r.t. the algorithm in [47]: if we increase the initial value of ¢, in [47], then the
number of iterations in Phase I is deceasing, but the number of iterations in Phase II is increasing.
We emphasize that both algorithms use the worst-case update rule without any line-search on the
step-size as in off-the-shelf solvers.

3http://bigmac.uni-sklu.ac.at/bigmaclib.

Yhttp://www.cise.ufl.edu/research/sparse/matrices/Gset/index.html.
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TABLE 2. Summary of results on the medium-sized MAX-CuT problems. Here, Error := || X* — X3pprsll 7/ || Xépprs 7
and f3pprs denotes the objective value obtained by using IPM solver SDPT3 [46] with high accuracy. For the case
of [47], the two quantities in Iters column denote the number of iterations required for PHASE I and PHASE II,
respectively. Each problem Gxx is sparse with %1 to %3 upper triangle nonzero, binary entries.

[47] Algorithm 1
Name (Gxx) p  fépprs f(X)  Error Iters Timels] f(X)  Error Iters Timels]

G01 800 -12080.12 -12080.12 1.46e-02 149/805 104.48 -12080.13 1.46e-02 569  62.43
G43 1000 -7029.29 -7029.30 2.03e-02 153/1031 208.82  -7029.30 2.03e-02 712 143.00
G22 2000 -14116.01 -14116.03 3.57e-02 215/623 805.99 -14116.06 3.57e-02 561 741.90
G48 3000 -5998.57 -5998.57 1.38e-02 225/2893 8487.08  -5998.59 1.40e-02 1978 7978.35

5.2. The MaX-k-CuT problem. Here, we consider the SDP relaxation of the Max-k-CuT
problem, proposed in [14, eq. (3)]:
k—1 . 1
max W(L,X}:Xto, diag(X) =e, XZ—HEP , (35)

X

where L is the Laplacian matrix of the corresponding graph, e := (1,1,---,1)", and E, is
the p x p all-ones matrix. Observe that X > Y, for two matrices X, Y, correspond to entry-

wise inequality. Similarly to (34), if we define ¢ := —(kQ_kl)L and g(X) := 0x(X) with X :=

{X €S :diag(X)=e, X > —ﬁEP}, (35) is a special instance of the class of problems described
by (1).

We compare Algorithm 1 with three well-established, off-the-shelf interior-point solvers: SDPT3
[46], SeDuMi [43]°, and Mosek [2]°. We consider synthetically generated p-node graphs, where each
edge is generated from a Bern(1/4,3/4) probability distribution; we also set k = 4. The parameters
of Algorithm 1 are set as in the previous example, and all algorithms are terminated if |f(X*) —
F*1/1f*1 <1075, where f* is the best optimal value produced by three off-the-shelf solvers. We solve
(17) with a fast projected gradient method, with adaptive restart and a warm-start strategy [44]:
Such configuration requires few iterations to achieve our desired accuracy § = 2.8 x 10~2 or higher.

TABLE 3. Comparison results on the MAX-k-CUT problem. Here, Iters is the number of iterations; Time[s] is the

computational time in second; f(X)= —trace(LX); svars is the number of slack variables; and cnstr is the number
of linear constraints. In addition, we have p(p+ 1)/2 variables in X and one SDP constraint.
Size Lifting Algorithm 1 SeDuMi SDPT3 Mosek
p svars cnstr f(X) Time[s] f(X) Time]s] f(X)  Timels| f(X)  Timels]
o0 1,225 1,275 -87.733 7.32 -86.174 4.76 -86.160 2.02 -86.138 3.84

75 2,775 2,850 -166.237 9.80  -166.236 55.41  -166.214  10.76  -166.214 8.91
100 4,950 5,050 -316.741  18.37 -316.746  732.16  -316.709  48.67  -316.653  26.63
150 11,175 11,325  -654.703 73.63  -654.684 5,121.34  -654.539 484.46  -654.673 366.36
200 19,900 20,100 -1185.784 169.08 -1185.783 25,521.39 -1185.760 2,122.91 -1185.647 2,048.95

Table 3 contains some experimental results. Observe that, if p is small, all algorithms perform
well with the off-the-shelf solvers returning faster a good solution. However, when p increases, their
computational time significantly increases, as compared to Algorithm 1. One reason that this hap-
pens is that standard SDP solvers require p(p — 1) /2 slack variables and p(p—1)/2 additional linear

® Both implementations include Matlab and optimized C-coded parts.

6 Available for academic use at https://mosek. com.
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constraints, in order to process the component-wise inequality constraints. Such reformulation of
the problem significantly increases variable and constraint size and, hence, lead slower execution. In
stark contrast, Algorithm 1 handles both linear and inequality constraints by a simple projection,
which requires only p(p + 1)/2 basic operations. Figure 2 graphically illustrates the scalability of
the four algorithms under comparison, based on the results contained in Table 3.
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FIGURE 2. Overall execution time, as a function of problem dimension. Left panel: MAX-k-CUT problem (35); Right
panel: Clustering problem (36).

5.3. Max-norm clustering. In this last problem case, we consider the max-norm clustering
task [20], where we seek a clustering matrix K that minimizes the disagreement with a given affinity
matrix A:

min
x:=[L,R,K]€RPXP

[vec(K — Al

L K

4 (36)
Q(x) = |:KT R:| i(), L“SI, R?/LSl, Z:l,... 7p.

s.t.
Here, vec is the vectorization operator of a matrix (i.e., vec(X) := (XT,---, X7 where X; is
the i-th column of X). Note that (36) is an SDP convex relaxation to the correlation clustering
problem; see [20] for details. While (36) comes with rigorous theoretical guarantees and can be
formulated as a standard conic program, we need to add O(p?) slack variables to process the
¢;-norm term and the linear constraints. Moreover, the scaling factors (e.g., the Nesterov-Todd
scaling factor regarding the semidefinite cone [34]) can create memory bottlenecks in practice, by
destroying the sparsity of the underlying problem (e.g., by leading to dense KKT matrices in the
Newton systems).

Here, we solve (36) using our path-following scheme. In particular, by defining x := vec([K, L, R],
f(z):=—logdet(Q(z)) and g(z) := ||[vec(K — A)||1 + dc(z), we can transform (36) into (1), where
¢ is the indicator function of C:={z:L;; <1, R; <1, i=1,---,p}.

We compare the following solvers: Algorithm 1, the two-phase algorithm in [47], SDPT3 and
Mosek. The initial penalty parameter tq is set to to:= 0.25 and the relative tolerance is fixed at
10~* for all algorithms. The data is generated as suggested in [20, 47]. The results of 5 test problem
instances are shown in Table 4 sizes p ranging from 50 to 2007.

7 Since SDPT3 and Mosek cannot run for bigger problems in our personal computer, we restrict to problem sizes up
to p = 200.
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TABLE 4. The performance of Algorithm 1, as compared to three methods on the clustering problem (36). Here,
Timels] is the computational time in second; f(X)=||vec(K — A)||1, and s% is the sparsity of K — A.

Size Algorithm 1 [47] SDPT3 Mosek
p  f(X) Time[s] s%  f(X) Time[s] s% f(X) Time[s] f(X) Timels]

50 563.90 17.30 49%  563.90 29.3849.5%  563.86 9.60  563.92 18.27
75  1,308.19 59.3043.8% 1,308.18  77.0543.9% 1,308.15 47.40 1,308.32 121.74
100 2,228.62 114.5935.8% 2,228.61 192.7935.9% 2,228.59 334.76 2,228.78 975.10
150 5,328.12 344.2942.4% 5,327.99 344.3242.5% 5,327.84 4,584.03 5,328.14 11,665.52
200 9,883.92 899.1045.8% 9,883.811,102.9747.9% 9,883.68 35,974.60 9,884.21 62,835.42

Both SDPT3 and Mosek are approximately 40 and 60 times slower than Algorithm 1 and [47],
especially when p > 100. We note that such solvers require p* + 2p slack variables, p? additional sec-
ond order cone constraints and 2p additional linear constraints to reformulate (36) into a standard
SDP problem. Hence, the size of the resulting SDP problem is much larger than of the original
one in (36). We also see that Algorithm 1 is faster than the two-phase algorithm, in terms of total
execution time.

We note that SDPT3 gives a slightly better objective value than Algorithm 1. However, its
solution K is fully dense, in contrast to those of Algorithm 1 and [47], reducing its interpretation
in applications. Figure 2 (right) also reveals the scalability of these four algorithms for solving (36).

6. Conclusions. In this work, we propose a new path-following framework for a, possibly
non-smooth, constrained convex minimization template, which includes linear programming as a
special case. For our framework, we assume that the constraints in the optimization template
are endowed with a self-concordant barrier and, the non-smooth term has a tractable proximity
operator. Our workhorse is a new re-parameterization of the optimality condition of the convex
optimization problem, which allows us to select a different central path towards z*, without relying
on the sublinear convergent PHASE I of proximal path-following approaches, as in [47].

We illustrate that the new scheme retains the same global, worst-case, iteration-complexity
with standard approaches [30, 33]. Moreover, we theoretically show that inexact solutions to sub-
problems do not sacrifice the worst-case complexity, when controlled appropriately. Finally, we
numerically illustrate the effectiveness of our framework on MAX-CUT and clustering problems,
where the proximal operator play a key role in space efficient optimization.
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tialization technique used in this work. We also thank Cong Bang Vu for his overall suggestions on
the final version of this manuscript. This work was supported in part by ERC Future Proof, SNF
200021-146750 and SNF CRSII2-147633.

7. Appendix: proofs of main results. This section contains proofs of technical results,
presented in the main text.

7.1. Proof of Lemma 1. Let 2} be the solution of (10) and Z; be the solution of (7). By
the optimality conditions in (8) and (11), we have —tV f(z}) € 0G(z;) and —tVh,(z}) € 0G(z}).
Moreover, by the convexity of G, we have (V f(z}) — Vh,(x}),x; —z;) > 0. Using the definition
Vh,(x):=tV f(z) —nlo, the last inequality leads to

Further, by [30, Theorem 4.1.5] and the Cauchy-Schwarz inequality, this inequality implies

|z} _373:”:?:;

L+ ||zf — j?”i;

A ﬁLO
< e YAV 37
_nHCOHwt t = 1 m07 ( )
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which completes the proof of this Lemma.
For the Corollary 1, one observes [30, Corollary 4.2.1] that HCOH% < nyHCOHE;, where 77} is the

analytical center of f. Following the same motions, one can easily obtain (12). O

7.2. Proof of Lemma 2. By definition of the local norm \(z), we have:
= (V@) (z —77), 2 —a7)"
(VA (27 —30) 27 — 7)) 2+ (V2 (@) (2 — 27), 0 — a) V2
<At (1l =2 llag) (VP ) @ —a)a — ) V2
+

Here, in the first inequality, we use the triangle inequality for the weighted norm ||-[|¢2 far )
k+1

while in the second inequality we apply [30, Theorem 4.1.6]. The proof is completed when we use

(12) to upper bound the above inequality. O

7.3. Proof of Lemma 3. Since z; is the solution of (10) at t =1, there exists £ € dg(x},)
such that: toh, (2 ) +c+ & = 0. Hence,

(€0 — &) =Tig(2”) —to[V f(2°) = V f (7).

By convexity of g, we have
0< (6o — & a” —a3,) = (reg.n(2°) — o[V (2") = Vf (2}, 2° — 27,
This inequality leads to to(V f(2°) — Vf(x})),2° — 2} ) < (r1y(2°),2° — 2} ). Using the self-

concordance of f in [30, Theorem 4.1.7] and the Cauchy-Schwarz inequality, we can derive

to)\t ('1"0)2 * *
m <to(Vf(2?) =V f(z}), 2" —x)
< <rt0m($0)’ xo - l':0>

< ”Ttom(a?O)H:;O Ao (2).

oAy (20) . .
Hence, W < H""to,n(xo)Hm%- Moreover, by [30, Theorem 4.1.6], we have Hrto,n(l’o)”z% <
T 1130 * o . .
%. Combining these two inequalities, we obtain
0

At (%) (1 = Ay (27))
L+ A (29)

<ty g (=) 150

After few elementary calculations, we can easily show that if |7, (z°)||%o <to(3 —2v/2), then we
obtain (14), which also guarantees its right-hand side to be positive. t

7.4. Proof of Lemma 4. Let A, (z;"") and A, (2} ) be defined by (22). It was proved
in [47, Theorem 3.3] that

A k+1ly k k41 \""tg A k 2’ 38
w000 S TR T\ ot ) + D ) e ) (9)

where A, (zf ) <1—1/v/2. Now, we consider the function m(t) := 22 for t €[0,1—1/v/2).

We can numerically check that if ¢ € [0,0.118975] then m(t) < 5. In this case, we also have —— <

1-t
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1.135042. Using these upper bounds into (38), we obtain X, (z7.}) < 1.1350420x + 5\, ,, (7} )?,
which is exactly (23), whenever A, (zf ) € [0,0.118975].
The proof of the estimate (23) can be found in [47]. We only prove (24). We note that

)\tk+1 (xtk) <v f($:k+l)(xfk - x:k+1)7 xfk - :L‘:k+l >1/2

< (VS s, — i, sl — i, V2 (VA f ()@ — ar,) 2k — )

<At (1= llag, =i, ey ) (VRS G@0)@h, — 2, ok, — 7)Y

Ay (@)
= A+ Sk
kT 1 _Ak ’
where is indeed (24). Here, in the first inequality, we use the triangle inequality for the weighted
norm ||||g2 f(zz, ) While in the second inequality we apply [30, Theorem 4.1.6]. O
k+1

7.5. Proof of Lemma 5. Since zj, and zj,, are the solutions of (11) at t =1; and tx41,
respectively, we have

0 € txVhy(z)+0G(x}) and 0 € te 1 Vhy(z], ) +0G(y, ).
Hence, there exist vy € 0G(z},) and vy, € 0G(x}, ) such that vf = —t,Vh,(z} ) and vj =
_tk+1th(x:kH). Using the convexity of G, we have
<tk+1vh7] (x:k+1) - thhYI(x:k)v x:k+1 - x:k> = _<U:k+1 - /Ut*k’x:k+1 - w:k> S 0'
Hence, we can show that
torVho(a,, ) — teVhy(a5), 35, —7,) <0. (39)

By the definition Vh,, and the update rule (21) of ¢, we have
b Vhy (27 ) = 6 Vhy (o] ) = e[V f (2] ) = Vf(z;)] + deV f(a7, ). (40)

Combining (39) and (40), then using [30, Theorem 4.1.7], the Cauchy-Schwarz inequality, and the
definition of Ay in (22) we obtain

th A2
1+ A,

S tk <Vf(x:k+1) - Vf(x:k)’ x:k+1 - x:k>

_dk<vf($:k+l)7 m:k+1 - x:k>
<1yl 1V £y, iy B (a1)
which implies the first inequality of (25). The second inequality of (25) follows from the fact that
HVf(mka)H;: < /v due to [30, formula 2.4.2]. The last statement of this lemma is a direct
k+1

consequence of (25). O

. " A thy102
7.6. Proof of Lemma 6. By (20) and given F,  (z¢!;af ) — Fyy (7)) o) < 5
we have
G ) O ) 4t Qulabt ) — tunQulabt ) + B0k
Lty xtk+1 k+1%k :L‘tchrl’:Etk k+1%k xtk+l7 tg 92

= G(ﬂﬂtk D)+ e (VS (), ff,:fl - fﬂf,:J tk+177<C0aiUf,:1 - fﬁf,:J

tk 1 trr10;,
R GAREAE EE A  PE LY
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Now, since Z; " ", is the exact solution of (17), there exists v"*' € 0G(z; T ") such that

o = —ty (Vf(xfk) —1Go) — tkHVQf(SUfk)(If;:l N xfk)

Next, using the convexity of G, with v**! € 9G (:rfk'i) we have
K k+1 Sk+1 =% k41
G(xtk-!—l) ('Ttk+1) Z <v ' Ltgpa tk+1>

= —tkt1 <Vf(xfk)7 Ty — x2:1> + 4110 (Co, Ty — ff,j:ﬁ

— bkt <V2f(13fk)(33f:+11 - $fk)a Thoiy — ff,ﬁ)

Summing up (42) and (44), and rearranging the result, we can derive

G(i‘:k+1) - G(xf]::,ll) _tk+1<vf<xtk) xtk+1 - xtk+1> =+ tk+177<C07 xtk+1 - i‘f]::,ll>
- tk+1<v f(xtk)(xf,::l - xfk)a Cﬂtk“ - xf,::l>
tk+1 —k+1 2 k+1 2 tk+1513+1
” tk+1 _xtkH _Hwtk+1 _xtkH _T
- tk+1 (Vg )zl — 95?,:1> + trs1m(Co, xt,:l —aptl)

=t (vf@fk) xtk+1 - xtk+1> +tk+177<<07$tk+1 - xf;i:ﬁ

—lpt1 <v2f(xtk)($f,:fl - xfk)a xtk+1 - ff,ﬁ)

tk+1 k+1 2 k+1 2 tk+1513+1
|z tkH—xtkH k _H*Ttk+1 _Svt,c” T o9

Now, by using the Cauchy-Schwarz inequality, we can further estimate (45) as

— k+1 k = k+1
G<x:k+1) G(xtk_H) > _tk-i-lef(xtk)H;;kH thk+1 — Ty Hi;kﬂ
~tua llGollsy, W%, — oLl
(VR ) k) E )
tk+1 =k+1 2 k+1 2 tk+151€+1
|| tk+1 _gjtkH _||xtk+1 _$tk” _T'
We consider the term
Ty =1z — i, H2 A Hifk +2VE fay ) (@t —ap ), a3y, ).

Similarly to the proof of [47, Lemma 5.1], we can show that

25\tk+1(xfk)
(1 - )\tk.t,.l (xfk))Q

Next, by using the self-concordance of f and the definition of A\;(x), we have

(1= Ao, (@8)) V2H(@, ) 2 VR (h) < (1= A, (1)) V23,

On the one hand, using (48) and ||V f(zf )[|*, < /v, we easily get
ke

T = (S\tk-&-l (l‘fk) + S‘tk+1 (xtk+1) + 5k+1)

IV Gh )5, < (=N G IV < (1= Aoy )V

(43)

(45)

(47)
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On the other hand, by [30, Corollary 4.1.7], we can show that

Iollz;, | < mwliCollzs :=mpo. (50)

Substituting (48), (49) and (50) into (46), we finally obtain

G(z7,,,) = G(

k+1 )

N2Y (wfﬂ ) N
P> — (( 5 @) +nnyp0)\tk+1($tk+1

x
te41 1— )‘tk+1 (xfk))2
j\tk-{_l (:L'fk)

(1= Aoy (@)

()\thrl (*Tfk) + /\tk+1 (mf]:f:l) + 5'““) + 12”1) ’

which is (28) by combing with G* — G(2},, ) = —vt,11. The remaining statements of this lemma

are proved as [47, Lemma 5.1]. O
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