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CONDITIONAL GRADIENT METHODS FOR CONVEX OPTIMIZATION
WITH GENERAL AFFINE AND NONLINEAR CONSTRAINTS *

GUANGHUI LAN t, H. EDWIN ROMEIJN ¥, AND ZHIQIANG ZHOU §

Abstract. Conditional gradient methods have attracted much attention in both machine learning and optimization commu-
nities recently. These simple methods can guarantee the generation of sparse solutions. In addition, without the computation of
full gradients, they can handle huge-scale problems sometimes even with an exponentially increasing number of decision variables.
This paper aims to significantly expand the application areas of these methods by presenting new conditional gradient methods
for solving convex optimization problems with general affine and nonlinear constraints. More specifically, we first present a new
constraint extrapolated condition gradient (CoexCG) method that can achieve an O(1/€?) iteration complexity for both smooth
and structured nonsmooth function constrained convex optimization. We further develop novel variants of CoexCG, namely
constraint extrapolated and dual regularized conditional gradient (CoexDurCG) methods, that can achieve similar iteration
complexity to CoexCG but allow adaptive selection for algorithmic parameters. We illustrate the effectiveness of these methods
for solving an important class of radiation therapy treatment planning problems arising from healthcare industry. To the best
of our knowledge, all the algorithmic schemes and their complexity results are new in the area of projection-free methods.

1. Introduction. In this paper, we focus on the development of conditional gradient type methods for
solving the following convex optimization problem:

min  f(z)

st.  g(z) :=Az—b=0,
hi(z) <0, i=1,....d,
e X.

(1.1)

Here X C R™ is a compact convex set, f : X — Rand h; : X — R, ¢« = 1,...,d, are proper lower
semicontinuous convex functions, A : R™ — R™ denotes a linear mapping, and b is a given vector in R™.
We assume that X is relatively simple in the sense that one can minimize a linear function over X easily.
Throughout this paper we assume that an optimal solution z* of problem exists. For notational
convenience, we often denote h(z) = (h1(z);..., ha(z)).

The conditional gradient method, initially developed by Frank and Wolfe in 1956 [g], is one of the earliest
first-order methods for convex optimization. It has been widely used for solving problems with relatively
simple convex sets, i.e., when the constraints g(x) = 0 and h;(z) < 0 do not appear in problem . Each
iteration of this method computes the gradient of f at the current search point xzp, and then solves the
subproblem ming ¢ x (V f(zx), z) to update the solution. In comparison with most other first-order methods,
it does not require the projection over X, which in many cases could be computationally more expensive than
to minimize a linear function over X (e.g.. when X is a spectrahedron given by X := {X = 0: Tr(X) = 1}).
These simple methods can also guarantee the generation of sparse solutions, e.g., when X is a simplex or
spectrahedron. In addition, without the computation of full gradients, they can handle huge-scale problems
sometimes even with an exponentially increasing number of decision variables.

Much recent research effort has been devoted to the complexity analysis of conditional gradient methods
over simple convex set X. It is well-known that if f is a smooth convex function, then this algorithm can
find an e-solution (i.e., a point & € X s.t. f(Z) — f* < €) in at most O(1/e) iterations (see [16] 17 20]
[, [14]). In fact, such a complexity result has been established for the conditional gradient method under
a stronger termination criterion called Wolfe Gap, based on the first-order optimality condition [16, 17,
20, @, [14]. As shown in [I6 20, 12], this O(1/e€) iteration complexity bound is tight for smooth convex
optimization. In addition, if f is a nonsmooth function with a saddle point structure, one can not achieve an
iteration complexity better than O(1/€?) [20], in terms of the number of times to solve the linear optimization
subproblem. One possible way to improve the complexity bounds is to use the conditional gradient sliding

* This research was partially supported by the ONR grant N00014-20-1-2089 and NSF grant CCF 1909298.

TH. Milton Stewart School of Industrial and Systems Engineering, Georgia Institute of Technology, Atlanta, GA, 30332 .
(email: george.lan@isye.gatech.edu).

TH. Milton Stewart School of Industrial and Systems Engineering, Georgia Institute of Technology, Atlanta, GA, 30332 .
(email: edwin.romeijn@isye.gatech.edu).

$H. Milton Stewart School of Industrial and Systems Engineering, Georgia Institute of Technology, Atlanta, GA, 30332.
(email: zzhoubrian@gatech.edu).



methods developed in [23] to reduce the number of gradient evaluations. Many other variants of conditional
gradient methods have also been proposed in the literature (see, e.g.,[1} 2, B [6 ©) 15 14, 16, 17, 24 B35 36}
18, Bl [I1]) and Chapter 7 of [21] for an overview of these methods).

It should be noted, however, that none of the existing conditional gradient methods can be used to
efficiently solve the more general function constrained convex optimization problem in . With these
function constraints (g(z) = 0 and h;(z) < 0), linear optimization over the feasible region of problem
could become much more difficult. As an example, if X is the aforementioned spectrahedron and h
does not exist, the linear optimization problem over the feasible region {x = 0 : g(z) = 0,Tr(X) = 1}
becomes a general semidefinite programming problem. Adding nonlinear function constraints h;(z) < 0
usually makes the subproblem even harder. In fact, our study has been directly motivated by a convex
optimization problem with nonlinear function constraints arising from radiation therapy treatment planning
(see [7, 25, 34, [10] 26, 27, 28] and Section [4| for more details). The objective function of this problem,
representing the quality of the treatment plan, is smooth and convex. Besides a simplex constraint, it consists
of two types of nonlinear function constraints, namely the group sparsity constraint to reduce radiation
exposure for the patients, and the risk averse constraints to avoid overdose (resp., underdose) to healthy
(resp., tumor) structures. This problem is highly challenging because the dimension of the decision variables
can increase exponentially with respect to the size of data, which prevents the computation of full gradients
as required by most existing optimization methods dealing with function constraints.

This paper aims to fill in the aforementioned gap in the literature by presenting a new class of conditional
gradient methods for solving problem . Our main contributions are briefly summarized as follows. Firstly,
inspired by the constraint-extrapolation (ConEx) method for function constrained convex optimization in [4],
we develop a novel constraint-extrapolated conditional gradient (CoexCG) method for solving problem .
While both methods are single-loop primal-dual type methods for solving convex optimization problems
with function constraints, CoexCG only requires us to minimize a linear function, rather than to perform
projection, over X. In the basic setting when both f and h; are smooth convex functions with Lipschitz
continuous gradients, we show that the total number of iterations performed by CoexCG before finding a
e-solution of problem (L.1)), i.e., a point € X s.t. f(z) — f(z*) < € and ||g(2)[2 + [|[2(Z)]+]]2 < €, can be
bounded by O(1/€?). Here []4 := max{-,0}.

Secondly, we consider more general function constrained optimization problems where either the objective
function f or some constraint functions h; are possibly nondifferentiable, but contains certain saddle point
structure. We extend the CoexCG method for solving these problems in combination with the well-known
Nesterov’s smoothing scheme [32]. In general, even equipped with such smoothing technique, nonsmooth
optimization is more difficult than smooth optimization, and its associated iteration complexity is worse
than that for smooth ones by orders of magnitude. However, we show that a similar O(1/e?) complexity
bound can be achieved by CoexCG for solving these nonsmooth function constrained optimization problems.
This seemly surprising result can be attributed to an inherent acceleration scheme in CoexCG that can reduce
the impact of the Lipschitz constants induced by the smoothing scheme.

Thirdly, one possible shortcoming of CoexCG exists in that it requires the total number of iterations N
fixed a priori before we run the algorithm in order to achieve the best rate of convergence. Therefore it is
inconvenient to implement this algorithm when such an iteration limit is not available. In order to address this
issue, we propose a constraint-extrapolated and dual-regularized conditional gradient (CoexDurCG) method
by adding a diminishing regularization term for the dual updates. This modification allows us to design
a novel adaptive stepsize policy which does not require IV given in advance. Moreover, we show that the
complexity of CoexDurCG is still in the same order of magnitude as CoexCG with a slightly larger constant
factor. We also extend CoexDurCG for solving the aforementioned structured nonsmooth problems, and
demonstrate that it is not necessary to explicitly define the smooth approximation problem. We note that
this technique of adding a diminishing regularization term can be applied for solving problems with either
unbounded primal feasible region (e.g., stochastic subgradient descent [30] and stochastic accelerated gradient
descent [19]), or unbounded dual feasible region (e.g., ConEx [4]), for which one often requires the number
of iterations fixed in advance.

Finally, we apply the developed algorithms for solving the radiation therapy treatment planning problem
on both randomly generated instances and a real data set. We show that CoexDurCG performs comparably
to CoexCG in terms of solution quality and computation time. We demonstrate that the incorporation of
function constraints helps us not only to find feasible treatment plans satisfying clinical criteria, but also

2



generate alternative treatment plans that can possibly reduce radiation exposure time for the patients.

To the best of our knowledge, all the algorithmic schemes as well as their complexity results are new in
the area of projection-free methods for convex optimization.

This paper is organized as follows. Section [2]is devoted to the CoexCG method. We first present the
CoexCG method for smooth function constrained convex optimization in Subsection 2.I] and extend it for
solving structured nonsmooth function constrained convex optimization in Subsection We then discuss
the CoexDurCG method in Section |3] including its basic version for smooth function constrained convex
optimization in Subsection [3.1] and its extended version for directly solving structured nonsmooth function
constrained convex optimization problems in Subsection We apply these methods for radiation therapy
treatment planning in Section [d] and conclude the paper with a brief summary in Section

2. Constraint-extrapolated conditional gradient method. In this section, we present a basic ver-
sion of the constraint-extrapolated conditional gradient method for solving convex optimization problem .
Subsection focuses on the case when f and h; are smooth convex functions, while subsection extends
our discussion to the situation where f and h; are not necessarily differentiable.

2.1. Smooth functions. Throughout this subsection, we assume that f and h; are differential and
their gradients are Lipschitz continuous s.t.

V(1) = V(@2)lls < Lyllzr — 2o, Vai, 25 € X, (2.1)
[Vhi(z1) = Vhi(z2)|l« < Luiller — w2, Vor, 22 € Xyi=1,...,d.
Here || - || denotes an arbitrary norm which is not necessarily associated with the inner product (-,-) (|| - ||«
is the conjugate norm of || - ||). For notational convenience, we denote

Lh = (Lh,1§ . ';Lh,d) and .Z/h = ||Lh||2

We need to use the Lipschitz continuity of the constraint function h; when developing conditional gradient
methods for function constrained problems. Clearly, under the boundedness assumption of X, the constraint
functions h; are Lipschitz continuous with constant My, 4, i.e.,

IVhi(z)||s < My, Vo € X. (2.3)

In particular, letting «* be an optimal solution of problem (1.1f), we have M}, ; < Vf(z*) + Ly, ;Dx, where
Dx denotes the diameter of X given by

Dx := max_||z1 — x2]|- (2.4)
z1,22€X
Note that a different way to bound on M}, ; will be discussed for certain structured nonsmooth problems in
Subsection For the sake of notational convenience, we also denote

My = /30 M2, (2.5)

Since we can only perform linear optimization over the feasible region X, one natural way to solve
problem (/1.1)) is to consider its saddle point reformulation

min max f(z) +{9(2), y) + (h(2), 2). (2.6)

Throughout the paper, we assume that the standard Slater condition holds for problem so that a pair
of optimal dual solutions (y*, 2*) of problem exists.

In [32], Nesterov proposed a novel smoothing scheme to solve a general bilinear saddle point problem
when the term (h(z),z) does not exist in . More specifically, he suggested to apply an accelerated
gradient method to solve a smooth approximation for this bilinear saddle point problem. Using this idea,
in [20] (see also Chapter 7 of [2I]), Lan presented a smoothing conditional gradient method by appling the
conditional gradient algorithm for a properly smoothed version of the objective function of . However,
this scheme is not applicable for our setting due to the following reasons. Firstly, the smoothing conditional
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gradient method only solves bilinear saddle point problems with linear coupling terms given by (g(z),y) and
cannot deal with the nonlinear coupling term (h(z), z). Secondly, even for the bilinear saddle point problems,
the smoothing conditional gradient method in [21] 20] requires the feasible set of y to be bounded, which
does not hold for problem .

Our development has been inspired the constraint extrapolation (ConEx) method recently introduced
by Boob, Deng and Lan [4] for solving problem . ConEx is an accelerated primal-dual type method
which updates both the primal variable  and dual variables (y,z) in each iteration. In comparison with
some previously developed accelerated primal-dual methods for solving saddle point problems with nonlinear
coupling terms [29, [I3], one distinctive feature of ConEx is that it defines the acceleration (or momentum)
step by extrapolating the linear approximation of the nonlinear function h. As a consequence, it can deal with
unbounded feasible regions for the dual variable z (or y) and thus solve the function (or affine) constrained
convex optimization problems. However, each iteration of the ConEx method requires the projection onto
the feasible region X, and hence is not applicable to our problem setting.

In order to address the above issues for solving problem (or )7 we present a novel constraint-
extrapolated conditional gradient (CoexCG) method, which incorporates some basic ideas of the ConEx
method into the conditional gradient method. As shown in Algorithm [} the CoexCG method first performs
in an extrapolation step for the affine constraint g. Then in it performs an extrapolation step
based on the linear approximation of the constraint function A given by

(Z) + (Vhi(T),x — T), (2.7)
(Zx); ., (7, ). 2.8

Utilizing the extrapolated constraint values g5 and ;Lk, it then updates the dual variables ¢ and rj associated
with the affine constraint g(z) = 0 and the nonlinear constraints h(z) < 0 in and (2.12)), respectively.
With these updated dual variables and linear approximation l(xy_1,x) and lj(zk—1, ), it solves a linear
optimization problem over X to update the primal variable p; € X in . Finally, the output solution xj
is computed as a convex combination of zp_1 and py in .

—~
&
—
Kl
B
i

h;
= (In

Algorithm 1 Counstraint-extrapolated Conditional Gradient (CoexCQ)

Let the initial points pg = p_1 € X, xp = 2_1 =7_92 € X, g0 € R™ and g € Ri be given. Also let the
stepsize parameters A\, > 0, 7, > 0 and «y, € [0, 1] be given.
for k=1 to N do

Gk = 9(pr—1) + A[g(Pr—1) — 9(Pr—2)], (2.9)
hie = U (-2, Pi—1) + Melln(Th—2, Pr—1) — U (Th—3, Pr—2)], (2.10)
qr = argming cgon {(—0k, v) + Zlly — ge1ll3}, (2.11)
P = argmin, egg {(— e 2) + 12 — -1}, (212)
pr = argming ¢ x {Iy(zr—1,2) + (9(2), @) + (In(Th-1,2), 1%)}, (2.13)
g = (1 — ag)Tr—1 + appi. (2.14)

end for

Similar to the game interpretation developed in [22] 2] for Nesterov’s accelerated gradient method [31],
the CoexCG method can be viewed as an iterative game performed by the primal and dual players to achieve
an equilibrium of . The extrapolation steps in - are used to predict the possible action (or
its consequences) of the primal player in each 1terat10n Based on the prediction (g, hk) the dual player
updates the decision g (resp., ri) in order to maximize the profit (gi,y) (resp., <hk, z)), but not to move
too far away from the previous decision gx—1 (resp., r,—1) by using the regularization Z|ly — qp—1||3 (resp.,
||z = rp—1]|3). After observing the dual player’s decisions (g, 7 ), the primal player first determines py, in a
greedy manner by minimizing the cost Iy (zr—1, )+ (g(x), gr) + (In(Tk—1, %), Tx), and then takes a correction
step in so that its decision zj is not dramatically different from the previous decision xj_;. Similar
to Nesterov’s method as interpreted in [22] 21], CoexCG employs an intelligent dual player who predicts the
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other player’s decision before taking actions. However, the primal updates in and for CoexCG
are different from those in [22], [21] since no projection is allowed, even though the spirit of not moving too
far away from the previous decision xj_1 remains the same. An interesting observation to us is that, due to
the lack of the projection for the primal player, the incorporation of the extrapolation (or prediction) steps
of the dual player appears to be important to guarantee the convergence of the algorithm (see the discussion
after Proposition for more details).

It is interesting to build some connections between the CoexCG method and the ConEx method in [4].

In particular, by replacing the relations in (2.13]) and (2.14]) with
pr = argming ¢ x {ly (pr—1,2) + (9(2), &) + (I (Pr—1,2),75) + L ||z — pe_1]3},

then we essentially obtain the ConEx method. Comparing these relations, we observe that the CoexCG
method differs from the ConEx method in the following few aspects. Firstly, p; in CoexCG is computed by
solving a linear optimization problem, while the one in the ConEx method is computed by using a projection.
The use of linear optimization enables the CoexCG method to generate sparse solutions in feasible sets X
with a huge large number of extreme points (see Section . Secondly, the linear approximation models [¢
and [;, in the ConEx method is built on the search point pi_1, while the one in the CoexCG method is built
on xp_1, or equivalently, the convex combination of all previous search points p;, i = 1,...,k — 1. Using
lf(xg—1,2) and lp(xk—1,2) in CoexCG instead of l¢(pr—1,) and Iy (pr—1,2) as in ConEx also seems to be
critical to guarantee the convergence of the CoexCG algorithm.

We need to add a few more remarks about the CoexCG method. Firstly, by and (2.12), we can
define ¢ and r; equivalently as

G = Qi1+ =gr and 7 = max{ri_1 + 2/, 0}.

It is also worth noting that we can generalize the CoexCG method to deal with conic inequality constraint
h(z) € K, by simply replacing the constraint z € R% in (2.12) with 2 € —K*. Here K C R' is a given closed
convex cone and K* denotes its the dual cone.

Secondly, in addition to the primal output solution zj in (2.14]), we can also define the dual output
solutions y; and zj as

Yo = (1 — ar)ye—1 + arqr, (2.15)
2L = (1 — ozk)zk_l + Q. (216)

Different from xj, these dual variables y; and zp do not participate in the updating of any other search
points. However, both of them will be used intensively in the convergence analysis of the CoexCG method.

Thirdly, even though we do not need to select the parameter 7 when defining pj, as in the ConEx method,
we do need to specify the stepsize parameter 7; to update the dual variables ¢, and ;. We also need to
determine the parameters \; and ay, respectively, to define the extrapolation steps and the output solution
. We will discuss the selection of these algorithmic parameters after establishing some general convergence
properties of the CoexCG method.

Our goal in the remaining part of this subsection is to establish the convergence of the CoexCG method.
Let xy, y, and zj, be defined in (2.14), (2.15)), and (2.16). Throughout this section, we denote wy, = (zk, Yk, 2k)
and w = (z,y, z), and define the gap function Q(wg,w) as

Q(wk, w) := flax) = f(@) + {9(xr), y) = (9(2), yx) + (A1), 2) — (A(2), 21)- (2.17)

We start by stating some well-known technical results that have been used in the convergence analysis
of many first-order methods. The first result, often referred to “three-point lemma” (see, e.g., Lemma 3.1 of
[21]), characterizes the optimality conditions of (2.11)) and (2.12).

LEMMA 2.1. Let qi and ry be defined in (2.11) and (2.12), respectively. Then,

(=Gkak — v) + ZEllaw — a5 < Zlly — @113 — Zlly — a3, Vy € R™, (2.18)

(—hi,rie = 2) + Zllre — re—a |13 < Zllz — re—all3 — 22 — rill3, V2 € RY. (2.19)



The following result helps us to take telescoping sums (see Lemma 3.17 of [21]).
LEMMA 2.2. Let oy € (0,1],k=0,1,2,..., be given and denote

_ ]-7 ka — ]_!-
e { (1= ap)ly-1, ifk>1. (2.20)

If {Ay} satisfies Aps1 < (1 — ag) A + Bg,Vk > 1, then we have F’““ (1—aj)Ar+ Zle 1[3?'.
We now establish an important recursion of the CoexCG method.
PROPOSITION 2.3. For any k > 1, we have
+ (Lf+z Lh)aka + ak)‘i(thJFHA” )Dx

Q(wg, w) < (1 — o) Q(wg—1,w) T
+ ax[(Alpr = pr-1),y — ax) — /\k<A(pk—1 — Pr—2),Y — qr—1)]
+ ar[{ln(Te—1,08) = n(Th—2,PK-1),2 — Tk) — Melln(Th—2,Pk—1) — ln(Th—3,Pk—2), 2 — Th—1)]
+ S [Hy — ae-1l3 = lly = axll3 + 12 = ri—all3 = 12 = i3], Yw € X x R™ x R,

where Dx is defined in .
Proof. Tt follows from the smoothness of f and h (e.g., Lemma 3.2 of [2I]) and the definition of zj in

[£19) that

flzr) < lp(xp—1,2r) + %ka —zpq |

2
= (1 —ap)lp(@p—1,0-1) + arly(zp—1,pr) + Lf2ak ok — 21 ||

= (1= an)f(@r-1) + aly(@r-1,px) + 5% o — 1 |*
hi(r) < (1= ag)hi(wr-1) + arln, (Te—1,pr) + 2255 |p — 21 ||
Using the above two relations in the definition of Q(wg,w) in (2.17), we have for any w = (z,y,2) €
X xR™ x R4,
Q(wi, w) = fzr) — f(@) + (g9(xk),y) — (9(@),yx) + (h(zk), 2) — (h(), k)
< (1= o) f(@r-1) + arly(@r—1,pr) — f(2) + (9(zr), y) — (9(), yx)
+ (1 = ar)h(zg—1) + awln(zr-1,p1)), 2) — (h(T), 28)
+ 7(Lf+22Lh)ak Pk — xk—1||2
= (1= ) Qwp—1, w) + G |y — oy |
+ o [lp(zh—1,pk) — f(2) + (9(Pr), y) — (9(2), k) + {n(2p-1,Pk), 2) — (R(2),7k)]-
Moreover, by the definition of xj in (2.14) and the convexity of f and h;, we have
L (@k—1,pk) + (9(Pr)s k) + (n(Tr—1,Pk), 7k)
<lp(@p-1,2) + (9(@), qr) + (n(@p—1,2), %)
< f(@) + (9(x), ar) + (h(z), 1), Vo € X.

Combining the above two relations, we obtain

ZT Ot2
Qwy, w) < (1 — ag)Q(wp—1,w) + L= Ly gy )12

+ ax[{9(pk), ¥ — ak) + (In(@k—1,Dk), 2 — k)]

T 5o
<1- Oék)Q(wk,l,w) + M

+ ar[{g(pr),y — ar) + (In(zk—1,p), 2 — 1i)], Yw € X x R™ x RY. (2.21)
Multiplying both sides of (2.18)) and (2.19) by ax and summing them up with the above inequality, we have
Qwy, w) < (1 — o) Q(wy—1,w) + W%

+ o {g(Pr) — ),y — ar) + ar{ln(@r—1,p8) — hiy 2 — 1)

+ 2 M|y — o153 — |y — qell3 — ok — qe—1113]
+ a’“T’“ Iz — k- 1||2 —|lz— rk||2 lre — Tk_ng], YVw e X x R™ x R‘i. (2.22)
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Now observe that by the definition of g in (2.9) and the fact that g(z) = Az — b, we have

(9(pk) = 1)y — an) — Zllaw — qo1l3
= (Al(pk — pr—1) — Me(Pr—1 — Pe—2)]s ¥y — @) — Zlax — qr—113
= (A(pr — Pr-1),¥ — @) — M (A(Pr—1 — Pr—2),Y — Qr—1)

+ Me{APr—1 — Pr—2), @k — Gr—1) — Zllax — qe-1/3
<A(A(pr — Pr-1),y — @) — Me{APr—1 — Pr—2),Y — Q—1)

)\2
+ ﬁHAHZHPk — pr—-1ll3
2

< (Alpk — Pe-1), ¥ — @) — Me(A(Pr—1 — Pr—2), Yy — qr—1) + 2’\7’;||AH2D§(, (2.23)

where the first inequality follows from Young’s inequality and the last one follows from the definition of Dx
in (2.4). In addition, by the definition of hy in (2.10), we have

(In(@h-1,p%) = hi, 2 = 1) — Fllr — i1 |13

<Aln(wp—1,p%) = n(Tr—2,Pk-1),2 = Tk) — Me(ln(@Tr—2,Pk—1) — In(Tr—3,Pk—2), 2 — Tk—1)
+ Mol (Th—2, Pk—1) — W (Thes, PE—2), T — The1) — 2|7 — T1 |3

< (In(zr—1,p%) = In(Th—2,Pr—1), 2 — Tk)

2 712 N2
= Aelln(wh—2,pk—1) — ln(Th—3,Pr—2), 2 — Th—1) + %; (2.24)

where the last inequality follows from

N (U (=2, pr—1) — ln(Th—3, Pr—2), Tk — Thm1) — 2|k — T 13

< by —1 2
< 52 > il (Tk—2,Pr—1) — I, (Th—3, Pr—2)]
2
= 2/\7’; ?:1[hi(ffk—2) — hi(r—3) + (Vhi(zr—2), Pr—1 — Tk—2) + (Vhi(Tk—3), Pr—2 — Tp—3)]?
9x2 D2 d 9X2 M2 D2
<Y M, = kX (2.25)

The result then follows by plugging relations (2.23) and (2.24) into (2.22)). "

We add some comments about the importance of the extrapolation steps in the proposed CoexCG method.
Without these steps (i.e., Ay = 0 in and ), probably we can not even guarantee the convergence
of the CoexCG algorithm. As we can see from the proof of Proposition if Ay =0, it is not clear how to
take care of the inner product terms (A(pr — pr—1,¥ — q&) and {Ip(xp—1,pk) — In(Tk—2,Dk-1), 2 — 7). The
error caused by these terms may accumulate.

We are now ready to establish the main convergence properties for the CoexCG method.
THEOREM 2.4. Let T'y, be defined in (2.20) and assume that the algorithmic parameters ay, i, and i, in
the CoexCG method satisfy

=1, Aok _ Qe QRTE < Qk_1Th-1
o =1, 5 = = and FE < == VE > 2. (2.26)

Then we have

N [(Lp+2TLi)a2D% | apA2(9M2+|A|?) D2
Q(wn,w) <Tn 34y [ B Vs B T8 oF : (2.27)
an (OMZ+]A]?) .
2TN

2
Dx 4 Ly — o3 + 2Lx ||z — ro3, Vw € X x R™ x RY,

+ 2

where Dx is defined in . As a consequence, we have

N [LjaiD3 A2 (9OME+||A|?) D3
f(xN) —f(.’L'*) S FN Zk:l [ fZILgk X + Qg k( 2;kF|L ” X

9M7+]|A|*) D3 -
HALDE 4 i (|lgo 13 + firoll3) (2.28)

7
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and

2 2 2 2 2
lg(zn)llz + [z )] 4]z < T 21127:1 [ [Ly+(lz*ll24+1) La]ap DX + A (OME+[|A]?) D% } + an (OM;+|| A7) Dx

2T 27, 'y 2TN

+ L[y ll2 +1)% + llgoll3 + (I12[l2 + 1)* + [Irol3],

where (z*,y*, z*) denotes a triple of optimal solutions for problem (@)
Proof. Tt follows from Lemma [2.2] and Proposition [2.3] that

, N Li+2TLy)a2D? A2 (9ME+| A)?) D3
Qo) < (1 — ) Q(uwo, w) + Loy [LLFRIEDY 4 i OMGHIAIR D |

+ fo 1 %KA(Pk - pkfl)»y - Qk> - )\k<A(pk71 —pk—2)7y - Qk71>]
+ Zk 1 e [n(@r-1,p6) — In(Tk—2, Pr—1), 2 — k)
— Me{ln(Te—2,Pk—1) — In(T—3,Pk—2), 2 — Tk—1)]
k

+ Y0m 2%y — ak-113 = ly — akl3 + 12 = i1l = 1z = rl13),
which, in view of (2.26)), then implies that

N ((Ly+2TLy)a2D% | ap)Z(9M2+|A|?)D?
Quwn,w) <Tn 3 [~ 2FZ S 27}1ka *]

+ an(A(py —pn-1),y — an) — 52|y — qn |3
+ an(ln(@n-1,pN) — l(@Nn—2,PN-1),2 — TN} — 2|z — ry |3
+ v (lly — goll3 + (|2 — roll3]
<Tn Zk=1[(Lf+ZT2§Z)akDX + akki(%zi?ILAHZ)Di}
+ 22 Al py — pr—a 3 + 2k

+ B2 |ly — qol|3 + |12 — rolI3),

(2.29)

where the last relation follows from Young’s inequality and a result similar to (2.25). The result in (2.27)

then immediately follows from the above inequality.

Note that by the definition of Q(wy,w) in (2.17), and the facts that g(z*) = 0 and h(z*) < 0, we have
flzn)—f(z*) < Q(wn, (z*,0,0)). Using this observation and fixing x = 2*,y = 0,z = 0 in (2.27)), we obtain

(2.28). Now let us denote

(ly*[l2 + 1) 2

lg(zn)ll2’

h(x
= (12"l + D e

h(zn)l+ll2?
UA)TV ::( 7vaZN)'
Note that by the optimality condition of (2.6]), we have
0 < Q(wy,w*) = flon) — f(@%) + (9(zn),y") + (h(zn), 27)
< flan) = f@°) + lgen)llz - 1yl + [[Aza)] 4 ll2 - [[27]]2-
In addition, using the fact that g(z*) = 0 and (h(z*), 2n) < 0, we have
Qlun,wy) 2 flzn) = (") + {g(zn), gn) + (h(zN), 2N)
= flan) = f(@") + llg(@n)ll2(ly*ll2 + 1) + [[[2(@n)]+ 22712 + 1).
Combining the previous two observations, we conclude that
lg(zn)llz + [z N)]+ 2 < Q(wy, b))
The previous conclusion, together with (2.27) and the facts that
195 = qoll3 < 2[1gn 13 + laoll2] = 2[(ly* Iz + 1)* + llgo 3],
125 = roll3 < 2[ew 3 + lIroll3] = 212" [l2 + 1)* + lIroll3],
EnLn < |2nll2llLnllz = (1272 + 1) La,
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(2.30)

(2.31)
(2.32)

(2.33)

(2.34)
(2.35)
(2.36)



then imply that

lg(zn)ll2 + [I{A(zn)] 412

N (Ly+2%Lp)aiD% ap 2 (9M}P+||Al%) D%
<Tn Zk:l { or + 27k &

72 A 2 2 " .
o+ A 1y — goll3 + P lan — roll3

N [[Ly+z"ll2+D)LnleR DY | awxAR(9M;+]|A|?) D
S FN Zk=1 |: 2Fk- + 27’ka

an (OMi+]|Al?) DX
27N

+ + N[y 2 + 12 + llaoll3 + (127]|2 + 1) + [IrolI3].

Below we provide a specific selection of the algorithmic parameters g, A and 7. and establish the
associated rate of convergence for the CoexCG method.

COROLLARY 2.5. If the number of iterations N is fixed a priori, and

_ /
ar = 2.0 = 5L o= MO D JO[M 2+ JAR k= 1,...,N, (2.37)

then we have

L;+27L;,)D? Dx+/9MZ+]||A|?
Qwy,w) < Alrte LDy | Dx T 2 (ly — qoll3 + 112 — roll3 + 1),
Vw € X x R™ x R, (2.38)
« 2L ;D2 D IM2+||A|l2
Flan) = f() < s + 2L (| (qos o) 13 + 1), (2.39)

2[L z* 1)L, D>
lg(@n)l2 + ()] ||z < AUl VDY

2Dx+/9ME+[|A|? _—
4+ 22O (o) (4 213 + gos mo) 3 + 51 (2.40)

Proof. By (2.20) and the definition of «y in (2.37), we have T'y, = 2/[k(k + 1)] and oy /Ty = k. We can
easily see from these identities and (2.37)) that the conditions in ([2.26)) hold. It is also easy to verify that

N o2 N k
Dokl T =22 g T < 2N,

N
Zivfl ak*i - Zk:l(k — 1)2 < N3/2

Dk 2N3/2Dx /9| My [2+[All2Z T 6Dx+/9l[Mp |2+ A2

Using these relations in (2.27), (2.28) and (2.29), we conclude that

T 2 ND IM2+||A|l2
Qwy,w) < 2(Lf+1,\z/ Ly)D% n VNDx/OM2+]| Al

F1 6(N+1)
Dx+/IM?2+| A2 VNDx/OM2+]| A2
+ D A PRy — qoll + 11 = roll3)

2(L;42z"Ly)D?2 —
= Mt D% [l + o + My = aoll3 + 12 = rol3)] Dy foRzE + 4]

2(L Tr,.)D2 D 9M2+|| A2
< ALetetLDY | D/ SMEHIAIR (1 gi2 s~ )2 4 1),

N1 N
2L ;D2 Dx+/9M2+| A2
flan) = fa") < SFEE + =52 (lgoll3 + llroll3 + 1),
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and

lg(@n)lle + [[[(zn)]+[l2

< ALz o+ VEDY | VNDx\OMEHIAI® | Dx/OMEHIIAI?
= NF1 6(N+1) (NFO)VN
1 2D OMBTAR e 4+ 1)2 + [0 13 + (112" 2 + 1)2 + ol
< ALl bal0k  DVOVERIAR Y gy + 112 + 2ol + 202"l + 1P + 2lrol 3]
< ALl DI | 2DXSIEHIAR 1y (12 4 112%113) + llgo 3 + lroll3 + 51-

]

A few remarks about the results obtained in Theorem [2.4) and Corollary are in place. Firstly, in view
of (2.38), the gap function Q(wy,w) converges to 0 with the rate of convergence given by ©O(1/v/N). This
bound has been shown to be not improvable in [20] for general saddle point problems in terms of the number
of calls to linear optimization oracles (see also Chapter 7 of [21]), even though such a lower complexity
bound cannot be directly applied to our setting since we are dealing with a specific saddle point problem
with unbounded dual variables. Secondly, in view of (2.39)) and , the number of iterations required
by the CoexCG method to find a e-solution of proble, ie, apoint T € X st. f(Z) — f(z*) < e
and |lg(z)|l2 + [|[[(Z)]1]l2 < €, is bounded by O(1/€?). Thirdly, it is interesting to observe that in both
(@ and @ the Lipschitz constants Ly and L, do not impact too much the rate of convergence of the
CoexCG method, since both of them appear only in the non-dominant terms. We will explore further this
property of the CoeXCG method in order to solve problems with certain nonsmooth objective and constraint
functions. Finally, it is worth noting that in the parameter setting , we need to fix the total number
of iterations IV in advance. This is not desirable for the implementation of the CoexCG method, especially
for the situation when one has finished the scheduled N iterations, but then realizes that a more accurate
solution is needed. In this case, one has to completely restart the CoexCG method with a different parameter
setting that depends on the modified iteration limit. We will discuss how to address this issue in Section

2.2. Structured nonsmooth functions. In this subsection, we still consider problem (1.1]), but the
objective function f and constraint functions h; are not necessarily differentiable. More specifically, we
assume that f(-) and h;(-) are given in the following form:

f(z) = max{(Bz,q) - f@y.
hi(x) = max{(C x,s) —hi(s)},i=1,....d,

seS;

(2.41)

where Q C R™° and S C R™ are closed convex sets, and f and h; are simple convex functions. Many
nonsmooth functions can be represented in this form (see [32]). In this paper, we assume that f and h; are
possibly strongly convex w.r.t. the given norms in the respective spaces, i.e..

Flar) = flaz) = (F — @) = Plla - @l Vo, € Q (2.42)
iLz(81> — iLi(Sg) — <iL;(82) S1 > — SQH ,Vs1,89 € Si,i =1,...,d, (243)

for some p; > 0. If pg > 0 (resp., u; > 0), then f (resp., h;) must be differentiable with Lipschitz continuous
gradients. Therefore, our nonsmooth formulation in allows either the objective and/or some constraint
functions to be smooth.

Our goal in this subsection is to generalize the CoexCG method to solve these structured nonsmooth
convex optimization problems. In fact, we show that that the number of CoexCG iterations required to solve
these problems is in the same order of magnitude as if f and h;’s are smooth convex functions.

Since f and h; are possibly not differentiable, we cannot directly apply the CoexCG algorithm to solve
problem . However, as pointed out by Nesterov [32], these nonsmooth functions can be closely approx-
imated by smooth convex ones. Let us first consider the objective function f. Assume that v : @Q — R is a
given strongly convex function with modulus 1 w.r.t. a given norm || - || in R™°, i.e.,

(42),9
> &,

u(qr) > u(ge) + (W (q2), a1 — @) + 31 — ¢2|>. Va1, a2 € Q.
10



Let us denote ¢, := argmin, cqu(y), U(q) := u(q) — u(cu) — (Vu(cu), q — cu) and

Dy = [max U(y)]'/?, (2.44)
and define
fno(2) 1= gle%{@m, Q) — f(a) —noU(q)]} (2.45)

for some 79 > 0. Then, we can show that f, is differentiable and its gradients satisfy (see [32])

2
IV Fao (1) = V o (@2) [l < Ly yllzs — wall, Yoy, 22 € X with Ly, = L (2.46)

In addition, we have
oo (@) < f(x) < fo(@) +noDf, Vo € X. (2.47)

In our algorithmic scheme, we will set 779 = 0 whenever f is strongly convex, i.e., ug > 0.
Similarly, let us assume that v; : S; — R are strongly convex with modulus 1 w.r.t. a given norm || - || in
R™:, i =1,...,d. Also let us denote c,, := argmin g v;(s), Vi(s) := vi(s) — vi(cy;) — (Vvi(ey,), 5 — ¢y,) and

Dy, := [max V;(s)]'/?, (2.48)
SES;
and define
hi; (2) = max{{Ciz, s) - hi(s) = miVi(s)} (2.49)

for some 7; > 0. We can show that for all i =1,...,d,

12
[V hin, (w1) = Vhi g, (22)]lx < %lel — 2|, Yoy, 20 € X, (2.50)
him: (2) < hi(z) < hyp,(2) + ;D% Vo € X. (2.51)

In our algorithmic scheme, we will set 1; = 0 whenever h; is strongly convex, i.e., u; > 0. For notational
convenience, we denote

C 2 C 2 —
() == (R, (2); - - -3 hatyy (), Ly ;:(lj'hﬂm;...;’j;dﬂ'nd) and Ly, = || Lyl (2.52)

Different from the objective function, we need to show that the gradient of the h;,, is bounded. Note
that the boundedness of the gradients for smooth constraint functions (with u; > 0 and hence n; = 0) follows
from the boundedness of X (see Section[2.1)). For those nonsmooth constraint functions h; (with ; = 0), we
need to assume that S;’s are compact. For a given x € X, let s*(z) be the optimal solution of . Then

IVhig, (@)l = ICT - 5™ (@)l < [ICilllls™ ()]
<NCillCllev I+ 1ls™ () = e ll)

< |Cill(lew, || + V2Dv,) =: Mg, v, i=1,...,d. (2.53)
For notational convenience, we also denote
Meyy =[S0 M2, ... (2.54)

Observe that the Lipschitz constants Mc, v, defined in (2.53) do not depend on the smoothing parameters
7:, ¢ = 1,...,d. This fact will be important for us to derive the complexity bound of the CoexCG method
for solving convex optimization problems with nonsmooth function constraints.
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Instead of solving the original problem (1.1)), we suggest to apply the CoexCG method to the smooth
approximation problem

min f770 (.’L‘)

s.t. g(x) = 07
i, (z) <0,Vi=1,....d,
e X.

(2.55)

More specifically, we replace the linear approximation functions /5, and l; used in (2.10) and (2.13)) by I,
and [y, , respectively. However, we will establish the convergence of this method in terms of the solution

of the original problem in (|1.1)) rather than the approximation problem in (2.55)). Our convergence analysis
below exploits the smoothness of f,, (resp., ki, ), the closeness between f and f,, (resp., h; and h; ,,), and
also importantly, the fact that h; ., () underestimates h;(z) for all z € X.

THEOREM 2.6. Consider the CoexCG method applied to the smooth approximation problem .
Assume that the number of iterations N is fived a priori, and that the parameters {ax}, {m:} and {\;} are

set to ([2.37) with My, replaced by Mc,v in (M) Then we have

" " Dx+/9MZ ,+]|A|?
flan) = fla®) < 2hpai 4 PXVERRer AR (116012 4 |lro |13 + 1) + oD, (2.56)
2[L 2*||2+1)L D2 2D x \/9MZ, , +[|Al]2
a4 | + [[Azy | < 2Eratlslat DEnaDPx o S (20w 2113 + 1l (g0imo) 13 + 5)
+ 10D + <||z 2+ D(ZL, (mDE,)2) 2, (2.57)

where (z*,y*,2*%) is a triple of optimal solutions for problem , Ly and Eh n are defined in and
, respectively, and Dx, Dy and Dy, are defined in (W 2.44]) and (2.4§ , respectively.

P?“OOf Denote Qy(wy,w) := fo(xn) = fno (#) + (9(zn),y) — <g( ), YN) + (hy(xn),2) = (hy(x), 2n). In
view of Corollary we have

L 2T Ly, ) D3 Dx/9IMZ, , +[|Al|?
Quwy,w) < EratifualDi 4 VGV P (g — o3 + (|2 — rol3 + 1) (2.58)

for any w € X x R™ x R%. Using the relations in (2.47) and (2.51), and the fact that z,zy € R%, we can
see that

Qwn,w) < Qy(wy,w) + 10D + S0 (2D,
< Qy(wn,w) +n0DF; + |2]|2 (Zz LmiDE))V? Yw € X x R™ x R4, (2.59)

By letting x = z*, y = 0 and z = 0, we have
f(iCN) - f(x*) é Q(wNaZ) S Qn(ZN7Z) +UOD%13

which, in view of (2.58), then implies (2.56). Now let 1% be defined in . By (2.33)), (2-58) and (2.59),

we have

lgCen)llz + [[P(zn)] 42 < Q(wn, d)
< Qu(wn, dy) +m0 D + 2w l2(Si, (1:DF,)2)2

< (wa77+ZNLhJ?)DX+ X 9Mév+|‘A|
- N+1

VN (HyN QO||§+ HéN —Tng—l-l)
A d
+ 00D + |12n 225, (0:D3,)%) 2

Ln+(l2*l2+1)Ln.y]) D3 2Dx\/9MZ |, +]|A? _
< LrotlUe et DEnalPy 4 Z5VER0v B2 211y ™5 2113 + [l (g03 7o) 13+ 5)

+ 0D + (1212 + 1) (T, (D)2,
12




where the last inequality follows from the bounds in (2.34) and (2.35)), and the facts that [|Zx||2 < [|2*[]2 + 1
and 25 Lny < |28 |2l Lnnll2 = (12*]l2 + 1) Lay- .

We now specify the selection of the smoothing parameters 7;, ¢ = 0,...,d. We consider only the most
challenging case when the objective and all constraint functions are nonsmooth and establish the rate of
convergence of the aforementioned CoexCG method for nonsmooth convex optimization.

COROLLARY 2.7. Suppose that the smoothing parameters in problem are set to

mo = L210x gnd gy = WOMDx 1 4. (2.60)

Then under the same premise of Theorem 2.0, we have

* D «/9]\/[ +| A2

—|— D D B 2(I|= X E 2

2D IMZ , +(A
+ "“T@n(y N3+ Naos o)l +5) (2:62)

Proof. Tt follows from (2.46), (2.52) and (2.60) that Ly, = 2I°

Dy ||B||VN
v Dx and that

Ci|? d Dy, ||Ci||VN VN Zz (Dv|1Ci1)?
Lh,"? - \/Zz 1 ” 7]1” = \/Zi—l ( = ‘DX‘ ) \/ lDX :

Dx Dy||B]|
vV N

Also notice that ng D3 = and that

ill)?

1/2 d
IC:1I* D% DY, x> (
(SO0, (D% )22 = <§ . NXV) _ \/ =L

Using these identities and the assumptions in and ( -, we have

* 2Dx Dy ||B \/W DyDllB
flan) = (o) < 2P 4 SRR B (llgoll3 + liroll3 + 1) + 2pxIEL
3DxDy||B x/9MZ ,+A?
< 3DxDolBl 4 PV AL (o3 + [lroli3 +1)

d
2Dx Dy |B| <HZ*H2+1)DX\/Zi:1(Dw||CiH)2

Ihen)le Il + 1Az [l < =055 es

2D \/IRTZy TTATE
+ 22XV TR (205 #) 13 + [l (gos o) I3 + 5)
d
4 DxDulB| (1" 1400 S ill)?
VN VN
d
< 3DxDul|BH + 2(‘|Z*|‘2+1)DX i:l( 7 )2
< S =
2Dx /12, FTATE
T 1152513 + I (q0; o) I3 +5) -

]
We add a few remarks about the results obtained in Theorem and Corollary Firstly, in view
of Corollary 2.7 even if f and h; are nonsmooth functions, the number of CoexCG iterations required
to find an e-solution of problem is still bounded by O(1/€%). Therefore, by utilizing the structural
information of f and h;, the CoexCG can solve this type of nonsmooth problem efficiently as if they are
smooth functions. Secondly, if either the objective function or some constraint functions are smooth, we can
set the corresponding smoothing parameter to be zero and obtain slightly improved complexity bounds than
those in Corollary 2.7 Thirdly, similar to the CoexCG method applied for solving problem with smooth
objective and constraint functions, we need to fix the number of iterations IV in advance when specifying the
algorithmic parameters and smoothing parameters. We will address this issue in the next section.
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3. Constraint-extrapolated and dual-regularized conditional gradient method. One critical
shortcoming associated with the basic version of the CoexCG method is that we need to fix the number
of iterations N a priori. Our goal in this section is to develop a variant of CoexCG which does not have
this requirement. We consider the case when f and h; are smooth and structured nonsmooth functions,

respectively, in Subsections [3.1] and [3:2}

3.1. Smooth functions. In order to remove the assumption of fixing N a priori, we suggest to modify
the dual projection steps (2.11)) and (2.12) in the CoexCG method. More specifically, we add an additional
regularization term with diminishing weights into these steps. This variant of CoexCG is formally described

in Algorithm

Algorithm 2 Counstraint-extrapolated and Dual-regularized Conditional Gradient (CoexDurCG)
The algorithm is the same as CoexCG except that (2.11]) and ([2.12)) are replaced by

qk = &fgminyemm{<—§k7y> + %HZ/ - Qk71||3 + 77’“”1/ - CI0||§}7

e = argmin, epa {{~/k, 2) + Bz = -1 3 + Bz = roll3}, (3:2)

for some 7y > 0.

Clearly, we can write q; and 7y, in (3.1) and (3.2 equivalently as
Gk = 7 (Th@r—1 + a0 + Gx) and 1y = maX{TH% (Tkrh—1 + YT + i), }

Similar to the CoexCG method, it is also possible to generalize CoexDurCG for solving problems with conic
inequality constraints. The following result, whose proof can be found in Lemma 3.5 of [21], characterizes

the optimality conditions for and .
LEMMA 3.1. Let qi and ry be defined in and , respectively. Then,

(ks ak — ) + Ellar — ar-1ll3 + Zllae — qoll3

< Zly — qeotll3 — 225 |y — qell3 + Zlly — qoll3, Yy € R™, (3.3)
(—hi, i — 2) + Zllrk — reall3 + e —roll3

< Bz —really — 2|z — rell5 + % lly — rol3, Vz € RY. (3.4)

We now establish an important recursion about the CoexDurCG method, which can be viewed as a
counterpart of Proposition [2.3] for the CoexCG method.
PropPOSITION 3.2. For any k > 1, we have

2 2
Q(wr, w) < (1 — ap)Q(wp—_1,w) + (Ly+z" Lh)akDX + “"’\’“(QM’QL:CHA” )Dx
+ o [(A(pr — Pr—1), ¥ — qr) — )\k<A(pk71 —Pr—2),Y — Qr-1)]
+ o [(n(@r—1, k) — I (Th—2,Pk—1), 2 — k) — Me(ln(@h—2, Pk—1) — In(Th—3,Dr—2), 2 — Thk—1)]

+ T (|ly — groa |3+ |2 — rroall3) — 2T (fly — g |3 + |2 — rl13)

+ 2l — qoll3 + [z = moll3], Yw € X x R™ x RY,

where Dx is defined in .
Proof. Multiplying both sides of (3.3)) and (3.4) by ax and summing them up with the inequality in
14



(2.21)), we have

Q(wi, w) < (1 — ) Q(wi—1, w) + M

+ ak(Q(Pk) —G),Y — i) + an{ln(zr_1,pr) — hiy 2 — 78)

BT (lly — g1 |12 — [lgr — gr1]|3] — 2B |y — g, )12
BT (|2 — rp_q |3 — I — e [|3] — 2RI |12
ak'Yk[

ak’Yk [

ly = aoll” = llax — aol|*] + Iz = 7oll* = llz& — roll”]

< (1 — ap)Q(wg—1,w) + W%

+Oék< (Pr) = Gk): ¥ — Q) + (I (@—1, Pr) — oy 2 — T)
T [|ly — g1 |13 — gk — gr—1 ]3] — TRy g2
mmwk L3 = lir = rall3] = S 2 — 3
+ 2 (ly — o5 + 1z — roll3], Yw € X x R™ x R, (3.5)
The result then follows by plugging relations and ( into . [

We are now ready to establish the main convergence properties of the CoexDurCG method.
THEOREM 3.3. Let 'y, be defined in (2.20) and assume that the algorithmic parameters oy, T, and A in
the CoexDurCG method satisfy

Ak Qg ap—1(The—1+Yk—
op =1, 20 = Q=L gpg A < Gt y > o (3.6)

Then we have

T 2 o2 2\ 2
Q(wy,w) <Ty Zszl [(L,urz Li)ai D% 4 apA2(9M2+|A|2) D% i an (902 4] A|?) D%

2 27, g 2(7'N+'7N) (3 7)
+Tx (3 + 500 %2) (ly — qoll3 + 12 = rol3), Yo € X x R™ x R,
where Dx is defined in . As a consequence, we have
* N [LjaiD5 A2 (9OME+||A|?) D3 9MZ+| A|?) D3
flow) = f(o7) < Do Sy [R5+ @t CgEARs | eGSR
+ 0 (% 200 %) loll3 + liroll3). (3:)

and

N Ly+(||z*|l24+1)Ly]a} D3 ap\i(OME+|AlI?)D an (9ME+|Al?) D3
lg(@m)lle + @)+ llo < Do S0, [ EoHUZlt il | e OVELIADIDY | ax(RiHAIIDY

T N  ap * *
Ty (3450 %) [+ D2+ laoll + (1"l + D2+ Irolldl, (39)

where (x*,y*, z*) denotes a triple of optimal solutions for problem @
Proof. 1t follows from Lemma [2.2] and Proposition [3.2] that

Qwn,w) <(1—a1)Q(w )+ZkN:1[(Lf+Z Ln)ai D% + arAf (OME+]|A|® )Dx]

Twn 0> 2T 27 s
+ o0y B APk = pro1),y — @) — Me(APr—1 = Pr—2),y — Gi—1)]
+ 5y 2 (U (k1. k) — I (Tr—2, Pro1), 2 — Tk
— Melln(Tr—2,pr—1) = In(Th—3,PK—2), 2 — Tk—1)]

N +
+ 20 [5 = gkl + lle = rical) — 2G93 + 12— el)

N
+ k= Sy — oll3 + 11z = roll3],
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which, in view of (3.6]), then implies that

N [ (Ly+zTLy)ai D3 apAZ(9MZ+||Al%) D2
Q(wy, w) <Tn 354l Ty S+ T AT, x]

JF
ety -

+an(A(py —pPN-1),Y —aN) — QN||§

+an(Ih(@n—1,p8) = In(@n—2,pn—1), 2 — ) — SO 15 g2
+ amN (g gol|2 + ||z — o|12]
+ TN Sy 2% [y — qol|? + |1z — rol1?]

<Tyx Zi\le[(LerzTLn)aiDi + akki(9M5+l\AH2)D§(]

2, Ty
9M?anD?
+ st AP N — P13 + SEAzEex

+ BB lly — o3 + ||z — rol3]

N
+ TN ey St llly — aoll3 + 12 = rolI3],

where the last relation follows from Young’s inequality and a result similar to (2.25). The result in (2.27)
then immediately follows from the above inequality. We can show (3.8) and (3.9 similarly to (2.28) and
(2.29), and hence the details are skipped. [

Corollary below shows how to specify the algorithmic parameters, including the regularization weight
g, for the CoexDurCG method. In particular, the selection of 7, was inspired by the one used in , and
v was chosen so that the last relation in is satisfied.

COROLLARY 3.4. If the algorithmic parameters ay, Ak, T, and vi of the CoexDurCG method are set to

ap = ,%H,/\k = %, e = BVk, and Vi = %[(k—!— DVE+1-— k\/E], (3.10)

with 8 = Dx\/9M2 + ||A||? for k > 1, then we have, Vw € X x R™ x R%,

2(Ls+2"Ly,)D3 Dx+\/IM?+]|| A2
Q(zy, ) <2 N+1’) ] 3(ly — oll3 + 1z = 7o13) + 1] . (3.11)

In addition, we have

* 2L D? Dx+/9MZ+|A|?
flan) = f@") < F5 + = [3(llqoll3 + llroll3) + 1] (3.12)

and

2(L 2* 1)L,)D>
lg(@n)llz + ()] ]lz < 2Ltz DINDY

D IM2+|| A2 * *
- DIV [31()1y* 4 1)2 + (12" l2 + 1)% + laoll3 + lIroll3] + 1] (3.13)
where (x*,y*, z*) denotes a triple of optimal solutions for problem @

Proof. From the definition of ay, in (3.10), we have I'y, = 2/[k(k + 1)] and oy /T’y = k. Hence the first
two conditions in 1] hold. In addition, it follows from these identities and (3.10) that af—:’c = Bk\Vk and

e (rtna) — (- 1) [V =1+ g (bVE - (6 - )VE = 1] = kv,

and hence that the last relation in (3.6]) also holds. Observe that by (3.10),

0(2
Yo tE =230, iy < 2N, (3.14)
Sy s = 35 [k + DVE+ 1 — kvVE] = B[N + )VN +1-1], (3.15)
N A2 N k—1)2 N N
Sl HrE = i Grr S p e VR 1< [ Vidt = NS, (3.16)
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Using these relations in (3.7), we have

T 2 o 2
Qlwy,w) < 2(Lf+z\z,+€h)Dx + 2V N(9M2+||A|I>) D% T N(9MZ+|A|>) D% i 2[3\/—(

38(N+1) BINA1)2VNFT ly — qoll3 + 1z — roll3)

2(L;+2TL,)D% | Dxy\/9IMZ+[A|? \/
= Abpte fD% oy DVETRHIAR 2 4 e + 205 (ly — oll3 + 11z — 7o )]
2(Ls+2"Ly,) D3 Dx+/OMZ+|A|?
< Hbrte Sa)Dx 4 DXVEUL [3(lly — qol3 + 112 —Tollg) +1].
The bounds in (3.12)) and (3.13) can be shown similarly and the details are skipped. ]

In view of the results obtained in Corollary the rate of convergence of CoexDurCG matches that of
CoexCG. Moreover, the cost of each iteration of the CoexDurCG is the same as that of CoexCG.

3.2. Structured Nonsmooth Functions. In this subsection, we consider problem with struc-
tured nonsmooth functions f and h; given in . One possible way to solve this nonsmooth problem is to
apply the CoexDurCG method for the smooth approximation problem . However, this approach still
requires us to fix the number of iterations NV when choosing smoothing parameters n;, i =0, ..., d.

Our goal in this subsection is to generalize the CoexDurCG method to solve this structured nonsmooth
problem directly. Rather than applying this algorithm to problem , we modify the smoothing parameters
1;, 4 =0,...,d, at each iteration. More specifically, we assume that

n=nl .z, Vi=0,....d, (3.17)
and define a sequence of smoothing functions f, (z) and h; (), i =1,...,d, according to (2.45) and (2.49),

respectively. For simplicity, we denote

) = i (), hE(z) = hi g (2) and R*(z) = (WY (2);. ..k (2)).
Also let us define the Lipschitz constants

2 2 = .
L’} — Bl LZ = ( ICall®. . HCde)’ and Lﬁ = ||LZH2-

po+ng’ pitf T
It can be seen from that
F @) < M) < M)+ (it - 06) D Ve e X (3.18)
Indeed, it suffices to show the second relation in . By definition, we have

) = max{(B,q) fl@) —nkU(q)} = max{(Bz,q) - F@) =0 U@ + 6™t = n§)U(a)}
Sgleag{@x,q%f(q)*n[’?‘lU( Q)+ (g~ =nb)Dg}y = 7 @) + (it — nb)DE

where the inequality follows from the definition of Dy in l) and the assumption 176“*1 > nk in 1}
Similarly, we have

Ry Ha) < h(z) < hENa)+ (Tt —gf)DY, VaX, i=1,....d. (3.19)

3

Note that in our algorithmic scheme, we can set nf =0,7=0,1,...,d, if the corresponding objective or
constraint functions are smooth (i.e., u; = 0).
We now describe the more general CoexDurCG method for solving structured nonsmooth problems.

Algorithm 3 CoexDurCG for Structured Nonsmooth Problems
The algorithm is the same as Algorithm [2| except that the extrapolation step ([2.10) is replaced by

hi = Uy (Th—2, Pr—1) + N [lpk—1 (T2, Dk—1) — L2 (T3, PE—2)], (3.20)

and the linear optimization step is replaced by

DL = argminxex{lfk (p—1,2) + {9(x), qr) + (I (Tr—1,2),7) }. (3.21)
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In Algorithm 5 we do not explicitly use the smooth approximation problem ([2.55)). Instead, we incorporate

in (3.20) and (3.21)) the adaptive linear approximation functions l;,» and I« for the objective and constraints,

respectively. The convergence analysis of this algorithm relies on the adaptive primal-dual gap function:

Qk(ﬁ),w) = an (II),U)) = fk(s_c) - fk(x) + <g(f)’y> - <g(x),§) + <hk(i')7 Z> - <hk(m)7 2>7 (322)

as demonstrated in the following result.
PropPOSITION 3.5. For any k > 1, we have

kL Trkya2 D2
Q" (wrw) < (1 — ag) Q¥ (wp_y, w) + L= LoDy

+ (1= an)[(f " = nb)DE + S (nf Tt = k) zDY ]

ak)‘i(mMc,vJFHAH?)D?( 3A2 —d L_2 k—1\2 4
27 +72i (= )Dw

+
+ ar[(A(pr — pr-1),¥ — @) — Me(A(Pr—1 — Pr—2), ¥ — q—1)]
+ ap[(Ipe (-1, %) = lpr—1 (Tp—2, P—1), 2 — k)

— M (lpr—1 (Tp—2, Pr—1) — lpe—2(T—3, Pr—2), 2 — Th—1)]
+ % (|ly — qe_1ll3 + Iz — re—1ll3) — m(lly a3 + |z — rell3)
+ 2B [|ly — go |3 + ||z — 7o]|3], Yw € X x R™ x RY,

where Dx is defined in )
Proof. Similar to (3.5)), we can show that

Q" (wi, w) < (1 — ag) Q" (wp—1,w) + w
+ Oék<9(29k) — 1)y — ar) + ar(lpr (Tr1,Dr) — B, 2 — 78)
Wk [|ly — g1 |3 — [lqr — qr1]|3] — ST |y — g2
z [z = reoallf = llre — re—1]13) — 262 — 12
2 [y — qol|3 + [|2 — rol|3], Vw € X x R™ x R%. (3.23)

Moreover, by the definition of hy in 1) we have

(e (Th—1,p1) — P 2 — 1) — |7 — ri—1 |3

= (Ipr(Th—1,Pr) = lpp—1 (Th—2, Pr—1), 2 — Tk) — Me{lpr—1 (Th—2, Pr—1) — lpr—2 (T3, Pr—2), 2 — Th—1)
+ Ne(lpr—r (T2, Ph—1) — lpe—2 (-3, Pr—2), Tk — The1) — L7 — re—1l3

< (lpr (Tr—1,pk) — lpr—1 (Th—2, k1), 2 — k)
= Mellpr—1 (Tp—2,pp—1) = lpr—2(Tr—3,Pr—2), 2 — Th—1)

67 D% M2 3\7 -
+ e L B S (7 - 2Dy, (3.24)

Tk

where the last inequality follows from

Ak <lhk—1(xk—27pk—l) — U2 (T3, Pr—2), Tk — The1) — Z i — re—1 13

< 2% Zl 1[hk V(Zh_2, Pr 1)—lhk 2 (@p—3, pr—2)?

= QTk Zz RE N @me) = RET 2 (wms) + (VRE N (h—2), Pro1 — Th—2) + (VA 2 (23_3), Pr—2 — Th—3)]

< Pyt (W (wkmn) — hE 2 (wkms))? + 2M2, 4, DY)

< LT [2(0E 2 (wn) — BE R (was))? + 200872 — 0t T2 DY, + 2ME, 4, DY)

< 6/\%5%( ngl Mé v, t % 2?:1(771]‘%2 - nfil)QD%/i

_ % 3;\: Zl (] k—2 nz{f—l)QDz‘l/i' (3.25)
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Here, the first inequality follows from Young’s inequality, the second inequality follows from the cauchy-
schwarz inequality, the definition of D in (2.4) and the bound of Vhi?C in 7 the third inequality follows
by the relation between h¥~! and h¥~2 in (3.19) and the simple fact that (a + b)? < 2a% + 2b%, and the last
inequality follows from the Lipschitz continuity of hf_2 and the bound in . In addition, it follows from

and that for any w € X x R™ x R%,

Q*(wy—1,w) < Q" H(wp—r,w) + (" =)D + i, (0~ = nF)zDE,. (3.26)
The result follows by combining (3.23)), (3.24), (3.26]) and the bound in (2.23). n

THEOREM 3.6. Let 'y, be defined in (2.20)) and assume that the algorithmic parameters oy, 7, and A in
the CoexDurCG method in Algom'thm@ satisfy @ Then we have, Vw € X x R™ x Ri,

N (L’;JrzTLi)aiD?{ Ozk)\i(12M%,v+HA”2)DX 3)\k -2 k—1y2 4
Qux.w) < Tw T | ¥ S DY,

2T 27, Tk Tkl‘k
N an (1202 +][A]*) D% 6aNZ (n ' —n})*D3,
+Tn Zk 1 Fk (n0D2 + Zz 1 ZlDQ )+ = 2(76"11vv+7N) = 12(TN+’YN) -
#Tw (3 + 50, %)y — a0l + 2 — roll3) + 0 D + 22y (Y D)2,
(3.27)
where Dx is defined in . As a consequence, we have
N N Lka2 D2 apAi(12M2 +|\A||2)D2 3A2
fan) = fa >srwzk_1[ A v S O =0l TPDy,
N kp2 4 ew(2M2 HIAI)DY | on Y mY = a0t
+In Zk} 1 Fk nOD 2(TN+YN) 2(7'N+"/N)
+ Iy (3 + 20 ‘é’%lk) (laoll3 + lIrol13) + ' D (3.28)
and
lg(@n)llz + [I[h(zN)]+ |2
N [LE4(||z* |2 +1) LY o2 D2 apAi(12MZ , +||A||?) D3 322 _
SFNZk_l[ ! zrk PR STy =+ o Ez (TR 1)2D%/i
N on (1282 y +AI)DY | S S mY =MDt
+Ty Zk 1 I‘k (%Dz Jrzz 17 ZlDV) = Q(iNV+’YN) = 12(7’N+'YN) :
+TI'n (ﬁ + a0 CE’%Z’“) [(Hly*ll2 +1)% + llaoll3 + ([Iz*]l2 + 1)* + lIroll3)]
+ 00 DE + (127 [l + 1)(Zi, (0 DE )12, (3.29)

where (x*,y*, z*) denotes a triple of optimal solutions for problem @
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Proof. It follows from Lemma Proposition and (3.6 that

N N ((Li+2TLE)ei DY aw\i(uMé,erHAHQ)Dx 322 —2  _k-1\24
Q" (wy,w) <Tn >5[ 2T, + 275 + ATy Zz 1( —mn; )°Dy,]

N
+ TN X 7= (5 Dg; +300 _1 1z DY)

aN("'N“F'YN ”y

+an(A(py —pPN-1),y —qn) — QNH§

+an (v (EN-1,D8) = lyn -1 (TN—2, 1), 2 — i) — CNENEIND Y g2

N
+ 25 lly — qoll3 + 12 = roll3] + T iy S [lly — qol® + 12 = rol|?)

(Lj+="Li)eiDY | axdi(12ME y +AI)DY | 353 -2 _ k=124
<I'n Zk:l[ 2T + 271l s + T Zl 1( = ) Dv,-]

N « d
+ TN > r’,j(n’o“D%} + Y mizDY)
4

B d N—-1 N2
9 o, 1203 yanDy | Gan Do (' —m; )2Dy,
+ a5 APy = pr-all3 + =5 e e

+ B2 lly — gol3 + ||z — ro[3]
+ TN iy 2 (lly — goll3 + 112 = rolI3],

where the last relation follows from Young’s inequality and a result similar to (3.25). The result in
then immediately follows from the above inequality and the observation that Q(w™,w) < QN (w™ ,w) +
nd' D} + ||z||(2Z \(nNDE)*)M? due to . We can show and similarly to and (2.57),
and hence the details are skipped [
Corollary . 3.7 below shows how to specify the smoothing parameter {1} in and other parameters
for the CoexDurCG method in Algorithm [3] We focus on the most challengmg case when the objective
function f and all the constraint functions are nonsmooth (i.e., u; = 0,4 =1,...,n). Slightly improved rate
of convergence can be obtained by setting nf = 0 for those component functions with u; > 0.
COROLLARY 3.7. Suppose that the parameters g, Ak, Tx and Yg in Algorithm@ are set to with

B8=Dx 12]\74(217‘, + ||A||2 for k > 1. If the smoothing parameters n¥ are set to

B||D C;||D .
b= 1000, ol = 1000 vi=1,...4, (3.30)

then we have, Vw € X x R™ x R%

< 8UIBIDu + 2i||Cs|| Dy, ) D /12MZ ,+[[A|2D
Qg w) MNP Ty 2IOUD D | VB TTTD g 1 — o) 42

(3.31)
122 1Cs ||2DxD2 d
In addition, we have
* 12MZ  +IA]2D
flan) — f(a*) < HELZuDx 4 Ve 2 0(lgo 1 + flrol?) + 2]
12350, ||Ci[[PDx DY, (332)
V12MZ [, +HIA2(N+1)VN ’
and
d 212 d
7B Du+(Iz" 14+ Doy ICiI2 Dy )Dx 123 ||Ci||?Dx D3,
||g(xN)H2 + H[h(xN)]'i‘||2 S 3\/ﬁ + \/12]\’412‘,‘1/+‘|A‘|2(N+1)\‘//lﬁ
2/12MZ , +[[A[2D . x
+ v “[4(lly*llz + 1) + (12"]12 + 1) + llgoll3 + lIroll3] + 21, (3.33)

where (x*,y*, z*) denotes a triple of optimal solutions for problem @
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Proof. From the definition of «ay in (3.10), we have I'y = 2/[k(k + 1)] and o /T’y = k. Similarly to
Corollary we can check that condition (3.6]), and the bounds in (3.14)-(3.16) hold. In addition, it follows
from the definition of n¥ in (3.30) that

k-2 k—1\2 _ ICil?D% ;1 1 2 IC:ll* D5
(=" =) =" 2 — i) S enoeoon
k _ |IB||Duvk r _ lCIDv,VE .
Lf_DixU’ andLh_’i—T7 Vl—17...,d.

Using these relations in ([3.27)), we have

d _
2(1BIDv+ Y 1 zil|Ci|| Dv,) Dx N 2,/12M%, , +[A[2D
Quy,w) < 2212w+ Dy |Gl Dv)Dx 5 v &y AT Dx

N d ICilI?D% D3,
+ /3N(1?§f+1) S e (VE(E+1) 205, W)
d _
2(|BIIDu+ Y i1 %||Ci||Dv,) Dx N 12012, + A2 Dx
+ N(N+1) Zk:l \/E'i_ (Nf_lv)\/m
d 2712 N2
3Zi:1 I1C| DXD% 8 2 2
NtO)VNTIN-D(v-2) T NONFD (N +DVN +1[lly — qoll” + [z — 7oll”]
d
+19 D + 12115, (Y D)),

which implies (3.31)) after simplification. (3.32)) and (3.33]) can be shown similarly and the details are skipped.

+

Comparing the results in Corollary [3.7] with those in Corollary [2.7] we can see that the rate of convergence
of CoexDurCG is about the same as that of CoexCG for nonsmooth optimization. However, it is more
convenient to implement CoexDurCG since it does not require us to fix the number of iterations a priori.

4. Numerical Experiments. In this section, we apply the proposed algorithms to the intensity mod-
ulated radiation therapy (IMRT) problem briefly discussed in Section 1.

4.1. Problem Formulation. In IMRT, the patient will be irradiated by a linear accelerator (linac)
from several angles and in each angle the device uses different apertures. In traditional IMRT, we select and
fix 5-9 angles and then design and optimize the apertures and their corresponding intensity. Following [34],
we would like to integrate the angle selection into direct aperture optimization in order to use a small number
of angles and apertures in the final treatment plan.

To model the IMRT treatment planning, we discretize each structure s of the patient into small cubic
volume elements called vozels, V. There are a finite number of angles, denoted by A, around the patient. A
beam in each angle, b,, is decomposed into a rectangular grid of beamlets. A beamlet (i, 7) is effective if it is
not blocked by either the left, [;, and right, r;, leaves. An aperture is then defined as the collection of effective
beamlets. The relative motion of the leaves controls the set of effective beamlets and thus the shape of the
aperture. The estimated dose received by voxel v from beamlet (7, j) at unit intensity is denoted by Dy; jy,
in Gy. The dose absorbed by a given voxel is the summation of the dose from each individual beamlet.

Let P, be the set of allowed apertures determined by the position of the left and right leaves in beam
angle a. Suppose that the rectangular grid in each angle has m rows and n columns, and the leaves move along
each row independently. Then the number of possible apertures in each angle amounts to (@)m We

a‘?

use x%?, comprised of binary decision variables x(ltj), to describe the shape of aperture t € P,. In particular,

‘(’i’tj) =1 if beamlet (i, 7) is effective, i.e., falling within the left and right leaves of row 4, otherwise x‘(’i’tj) =0.
In addition to selecting angles and apertures, we also need to determine the influence rate y®* for aperture
t € P,, which will be used to determine the dose intensity and the amount of radiation time from aperture

t. The dose absorbed by voxel v is computed by 2, = 3", 4 iep, Dict 2j=1 BD(ijyw a:qj?tya’t, based on

X

1,
the dose-influence matrix D, the aperture shape x*, and the aperture influence rate y*. We measure the
treatment quality by f(z) := 3, oy w, [T, — 0]} 4+ Wy [20 — To]3 via voxel-based quadratic penalty, where
[]+ denotes max{0,-}, and T, and T, are pre-specified lower and upper dose thresholds for voxel v.
We also need to consider a few important function constraints. Firstly, in order to obtain a sparse solution
with a small number of angles, we add the following group sparsity constraint . , max;ep, y&t < @ for
some properly chosen ® > 0. Intuitively, this constraint will encourage the selection of apertures in those
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angles P, that have already contained some nonzero elements of y*¢, ¢t € P,. Secondly, we need to meet a
few critical clinical criteria to avoid underdose (resp., overdose) for tumor (resp., healthy) structures. These
criteria are usually specified as value at risk (VaR) constraints. For example, in the prostate benchmark
dataset, the clinical criterion of “PTV56:V56> 95%” means that the percentage of voxels in structure PTV56
that receive at least 56 Gy dose should be at least 95%. Similarly, the criterion of “PTV68: V74.8< 10%”
implies that the percentage of voxels in structure PTV68 that receive more than 74.8 Gy dose should be at
most 10%. One possible way to satisfy these criteria is to tune the weights ((w,,w,)) in f(z). However, it
would be time consuming to tune these weights to satisfy all the prescribed clinical criteria. Therefore, we
suggest to incorporate a few critical criteria as problem constraints explicitly.

Instead of using VaR, we will use its convex approximation, commonly referred to as Conditional Value
at Risk (CVaR) in the constraints [33]. Recall the following definitions of VaR and CVaR

Upper tail: VaRq (X) = inf{r: P(X <7) > a},CVaRy(X) = inf 7 + 2=E[X — 7).

11—

Lower tail: VaR,(X) = sup{r: P(X > 7) > a},CVaR,(X) =sup7 — ——E[r — X],.

The upper (resp., lower) tail CVaR will be used to enforce the underdose (resp., overdose) clinical criteria.
For example, letting S; and S5 denote structures PTV68 and PTV 56, and N; and N3 be the number of
voxels in these structures, we can approximately formulate the criterion of “PTV68: V74.8< 10%” as inf, 7 +
m Zvesl [zo — T1]+ < b for some b > 74.8. Separately, the criterion of “PTV56:V56> 95%” will be

approximated by sup, 7— m Y ves, [T—2u]+ > b, or equivalently inf, —T—l—m Y ves, [T—2ul+ <

—b for some b < 56. Putting the above discussions together and denoting D%* := >y 2?21 D jyv x?jt, we
obtain the following problem formulation.

min  fz) =5 2 ,cpw, [T, — 2% + Wy [20 = T3 (4.1a)
st oz, = 3 3 RD®Lyet, (4.1b)
acAtep,

—Tit A Dpes [T — 2]y < —bi, Vi € UD, (4.1¢)

Tit 55 Yues, [20 — Tl < bi,Vi € OD, (4.1d)
Yacamaxiep, y©t < @, (4.1¢)
Yaca2iep, ¥ <, (4.1f)

y™t >0, (4.1g)

T € |1;, 7], Vi € UD & OD, (4.1h)

where OD and UD denote the set of overdose and underdose clinical criteria, respectively. Clearly, the
objective function f is convex and smooth. Constraints in (4.1d), (4.1d) and (4.1e) are structured non-
smooth function constraints corresponding to the function constraints h in , while — and
, respectively, define a simplex constraint on y and a box constraint on 7;, with their Catesian product
corresponding to the convex set X in . The bounds 7 and 7 in constraints can be obtained from
the corresponding clinical criteria. For example, the criterion of “PTV68:V68> 95%” implies that value at
risk > 68. By the definition of CVaR, the optimal 7 equals to the value at risk, hence we set 7 = 68. In a
similar way, we set 7 = 74.8 in view of the criterion of “PTV68: V74.8< 10%”.

We can apply the CoexCG and CoexDurCG methods described in Subsections[2.2]and [3.2] respectively, to
solve problem —. Since the number of the potential apertures (i.e., the dimension of y®?) increases
exponentially w.r.t. m, we cannot compute the full gradient of the objective and constraint functions w.r.t.
y%t. Instead, we will perform gradient computation and linear optimization simultaneously. Let us focus on
the CoexCG method for illustration. Denote the constraints (4.1d)-(d.1€]) as h;, i € OD UUD, and let the
corresponding smooth approximation h; ,, be defined by (using entropy distances for smoothing). For
a given search point 251 := ({yp"', }, {7i.r—1}) and dual variable {r; ,_1}, let us denote 771{71 =0f(xx—1)/0z
and w,i”_l = Oh; y, (xk—1)/02z. Clearly, in view of , yz_tl will be updated to a properly chosen extreme
point of the simplex constraint in —. In order to determine this extreme point, we need to find the
aperture with the smallest coefficient in the linear objective of given by:

P = ] g Y T gt = R S (5 Diye (T A2 mi ka1, @iy € 0,1},
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Table 4.1: Data Instances with & = 0.2

Index # of voxels # of apertures b; & p;

Ins. 1 4096 460800 30,40,200] & [0.05,0.05,0.05
Ins. 2 4096 460800 40,50,100] & [0.01,0.01,0.05
Ins. 3 2096 160800 [50,60,80] & [0.01,0.01,0.01]
Tns. 4 262144 7372800 [40,50,100] & [0.01,0.01,0.05]
Ins. 5 262144 7372800 [50,60,80] & [0.01,0.01,0.01]

This can be achieved by using the following constructive approach. For any row ¢ of the rectangular grid
in angle a, we find the column indices ¢; and ¢y, respectively, for the left and right leaves, that give the
most negative value of Ecl<j<cz Yo D(iyj)v(ﬂ-q{,szl +>, ri,kﬂ'ﬁ’ikﬂ). Repeating this process row by row, we
construct the aperture with the smallest value of 1/®? in angle a. We construct one aperture similar to this for
each angle, and then choose the one with the most negative value of 1** among all the angles. Therefore, to
solve the linear optimization suproblem (i.e., to find the aperture with the smallest coefficient) only requires
O{|Almn(n — 1)} arithmetic operations, even though the dimension of the problem (i.e., the total number
of apertures) is given by |A|(n(n —1)/2)™.

4.2. Comparison of CoexCG and CoexDurCG on randomly generated instances. Due to the
privacy issue, publicly available IMRT datasets for real patients are very limited. To test the performance of
our proposed algorithms we first randomly generate some problem instances as follows. Let V = [—[,{]> C R?
be a cube with length [. Viewing V' as the human body, we then arbitrarily choose two (or more) cuboids
as healthy organs, and randomly choose 2 cubes inside V' as the target tumor tissues. For a given accuracy
d > 0, we discretize all these structures into small cubes with length § to define a voxel. Around the cube
V', we generate a circle with radius 2! on the plane {x = 0}, and define every two degrees as one angle
for radiation therapy. In each angle, we consider the aperture as a square in [—[,[]?, and also discretize it
with small squares with length ¢, resulting in a grid with size % X %. After that, we randomly generate N,
beamlets with coordinate (z',y’) € [—[,1]? for each angle a. As for the matrix D (recording the dose received
by voxel v from each beamlet), we first check if the voxel is radiated by the beamlet since each beamlet is
a line perpendicular to the aperture plane. If so, the dose received by the voxel from this beamlet will be
set to 2/d, where d is the distance between the voxel and the aperture plane; otherwise, the dose is 0. By
choosing different accuracy 4, we can create instances with different sizes in terms of the number of voxels
and potential apertures. Table [£:1] shows five different test instances generated with I = 8. We set § = 1 and
0.25 for the first three instances (Ins. 1, Ins. 2 and Ins. 3), and the last two instances (Ins. 4 and Ins. 5),
respectively. Note that we consider 2 underdose and 1 overdose constraints and their corresponding r.h.s. b
and p are shown in the last column of Table We set the T', = T, = 56 for tumor tissue and T, = T,=0
for healthy organ in . In addition, we set ® = 0.2 for the group sparsity constraint in .

We implement in Matlab the CoexCG and CoexDurCG algorithms for structured nonsmooth problems,
and report the computational results in Table Here we use zn := (yn,7n), f(zn) and ||h(zn)||,
respectively, to denote the output solution, the objective value and constraint violations. The CPU times
are in seconds on a Macbook Pro with 2.6 GHz 6-Core Intel Core i7 processor. As shown in Table both
CoexCG and CoexDurCG exhibit comparable performance in terms of objective value, constraint violation
and CPU time for different iteration limit N. However, unlike the CoexDurCG algorithm, we need to rerun
CoexCG for all the experiments whenever N changes.

In order to test our CoexCG and CoexDurCG algorithms, we still want to compare them with some
existing algorithm for constrained convex problems, such as ConEx algorithm [?]. Since the most existing
algorithms will require the computation of full gradient and hence get in stuck when dealing with this very
high dimensional problems, we generated a very small dimensional problem (dimension of decision variable
is 80000) with similar problem formulation for comparison. From Table we see the ConEx algorithm
still requires the computation of full gradient, and hence has a total around 630 second computational time
of the D matrix for every component. And also we can see the ConEx algorithm finally converges to a
almost feasible solution with a bit higher objective function value comparing to the solutions of CoexCG and
CoexDurCG algorithms. We also implemented the ConEx algorithm to the Instances 1-5, but the algorithm
gets in stuck in the first iteration and keeps running forever.
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Table 4.2: Results for different Instances

Index N CoexCG CoexDurCG
f(zn) IR (=)l CPU(s) f(zn) IR (=)l CPU(s)
i 16.8723 1.7237e+03
Ins. 1 100 0.0683 0.4234 34 0.0616 0.3705 33
1000 0.0197 0.0319 323 0.0210 0.0219 327
I 16.8723 1.7237e+03
Ins. 2 100 0.0568 0.4424 33 0.0583 0.5002 34
1000 0.0224 0.0426 327 0.0232 0.0334 339
I 16.8723 1.7237e+03
Ins. 3 100 0.0625 13.7567 33 0.0604 7.3929 33
1000 0.0227 0.0514 332 0.0226 0.0193 332
I 47.7099 8.7850e+03
Ins. 4 100 0.4643 163.3043 1645 0.4643 163.3043 1645
1000 0.0398 12.1765 17254 0.0398 12.1765 17356
I 47.7099 8.7850e+03
Ins. 5 100 0.4866 253.9389 1644 0.4581 206.9143 1637
1000 0.0406 39.2051 17146 0.0417 38.6486 17607
Table 4.3: Comparison with ConEx
N Alg f(zn) [h(zn)]l CPU(s)
ConEx 0.482 32.156 632.902
2 CoexCG 0.495 64.738 0.143
CoexDurCG  0.495 64.738 0.156
ConEx 0.311 6.137 633.948
10 CoexCG 0.033 9.381 0.692
CoexDurCG  0.074 8.913 0.654
ConEx 0.279 0.193 642.456
100 CoexCG 0.010 6.165 6.501
CoexDurCG  0.015 6.384 6.535
ConEx 0.301 7.392e-04 725.477
1000 CoexCG 0.010 6.626 63.958
CoexDurCG  0.022 6.361 66.661

4.3. Results for real dataset. In this subsection, we apply CoexDurCG to the real dataset for a
patient with prostate cancer (https://github.com/cerr/CERR/wiki), and evaluate the generated solution
from the clinical point of view. Dose volume histogram (DVH), a histogram relating radiation dose to tissue
volume in radiation therapy planning, is commonly used as a plan evaluation tool to compare doses received
by different structures under different plans [7, 25]. In this prostate dataset, there are totally 10 DVH
criteria as follows, PTV56: V56> 95%; PTV68: V68> 95%, V74.8< 10%; Rectum: V30< 80%, V50< 50%,
V65< 25%; Bladder: V40< 70%, V65< 30%; Left femoral head: V50< 1%; Right femoral head: V50< 1%.
For this dataset, we have 3,047,040 voxels, 180 angles and over 2 x 1030 potential apertures in each angle.

Since a smaller number of angles results in shorter treatment duration, we study the quality of the
treatment plan generated when enforcing the group sparsity requirement with different ® in (4.1€f). In order
to balance the scale of the constraint violation, we normalized all the constraints —@;)Dy dividing
both sides of the inequalities by the right hand side b; or ®. The total number of apertures in a typical
treatment plan for this dataset would not be greater than 100. Thus, we set the iteration limit to 100 since
the CoexDurCG algorithm generates at most one new aperture in each iteration.

Table shows the number of apertures/angles, objective value and constraints violation for different
solutions given different values of ®. Figure [{.I]plots the DVH performance of the generated treatment plans
by presenting how the percentage of voxels in each organ changes over different iterations. If ® = 1, the
constraint (4.1e) is redundant and we obtain a solution with the smallest function value and zero constraints
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Table 4.4: Group Sparsity

P # of apertures # of angles Obj. Val. Con. Vio.
1 96 39 0.0902 0

0.1 96 39 0.0902 0
0.005 96 8 0.1027 0.098
0.0005 97 3 0.1357 0.0589

violation, but with the largest number of angles as shown in Table [£.4] In addition, the plots in the first
column (i.e., parts (a), (d), (g), (j) and (m)) of Figure [{.1]show that the generated plan satisfies all the DVH
criteria. Comparing the first two rows in Table [£:4] we see that the solutions remain the same when ® > 0.1.
By keeping decreasing ®, we can obtain solutions with fewer angles. Plots in the second column of Figure [£1]
shows that most DVH criteria are still satisfied even if the number of angles in the solution reduces from 39
to 8. Moreover, the number of angles can be decreased to 3 if we are willing to sacrifice certain DVH criteria
as we can see from the plots in the third column of Figure

5. Concluding Remarks. In this paper, we propose new constraint-extrapolated conditional gradi-
ent (CoexCG) methods for solving general convex optimization problems with function constraints. These
methods require only linear optimization rather than projection over the convex set X. We establish the
O(1/€?) iteration complexity for CoexCG and show that the same complexity still holds even if the objective
or constraint functions are nonsmooth with certain structures. We further present novel dual regularized
algorithms that do not require us to fix the number of iterations a priori and show that they can attain com-
plexity bounds similar to CoexCG. Effectiveness of these methods are demonstrated for solving a challenging
function constrained convex optimization problems arising from IMRT treatment planning.

It seems to be possible to use some ideas from the conditional gradient sliding methods [23] to improve the
number of gradient computation of f and h, as well as the operator evaluation of g. However, the conditional
gradient sliding type methods would require us to compute and store the full gradient information. For the
IMRT treatment planning problem, it is impossible to compute the full gradient since its dimension increases
exponentially with the size of aperture. Nevertheless, incorporating the idea of conditional gradient sliding
for solving problems with function constraints will be an interesting topic for future research.
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