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On the Convergence Time of Dual Subgradient
Methods for Strongly Convex Programs

Hao Yu and Michael J. Neely
University of Southern California

Abstract—This paper studies the convergence time of dual gra-
dient methods for general (possibly non-differentiable) strongly
convex programs. For general convex programs, the convergence
time of dual subgradient/gradient methods with simple running
averages (running averages started from iteration 0) is known to
be O(}Q) This paper shows that the convergence time for general
strongly convex programs is O(%) This paper also considers
a variation of the average scheme, called the sliding running
averages, and shows that if the dual function of the strongly
convex program is locally quadratic then the convergence time
of the dual gradient method with sliding running averages is
O(log(%)). The convergence time analysis is further verified by
numerical experiments.

I. INTRODUCTION

Consider the following strongly convex program:

min  f(x) (1)
st gr(x) <0,Vk e {1,2,...,m} 2)
xeX €)]

where set X C R™ is closed and convex; function f(x) is
continuous and strongly convex on X (strong convexity is de-
fined in Section II-A); functions gy (x),Vk € {1,2,...,m} are
Lipschitz continuous and convex on X. Note that the functions
f(x),91(x),...,gm(x) are not necessarily differentiable. It
is assumed throughout that problem (1)-(3) has an optimal
solution. Strong convexity of f implies the optimum is unique.
Convex program (1)-(3) arises often in control applications
such as model predictive control (MPC) [2], decentralized
multi-agent control [3], and network flow control [4], [5].
More specifically, the model predictive control problem is to
solve problem (1)-(3) where f(x) is a quadratic function and
each gp(x) is a linear function [2]. In decentralized multi-
agent control [3], our goal is to develop distributive algorithms
to solve problem (1)-(3) where f(x) is the sum utility of
individual agents and constraints g (x) < 0 capture the com-
munication or resource allocation constraints among individual
agents. The network flow control and the transmission control
protocol (TCP) in computer networks can be interpreted as
the dual subgradient algorithm for solving a problem of the
form (1)-(3) [4], [5]. In particular, Section V-B shows that
the dual subgradient method based online flow control rapidly
converges to optimality when utilities are strongly convex.
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A. The e-Approximate Solution

Definition 1. Let x* be the optimal solution to problem (1)-
3). For any € > 0, a point xX* € X is said to be an e-
approximate solution' if f(x) < f(x*) + € and gip(x°) <
e,Vk € {1,...,m}.

Definition 2. Let x(t),t € {1,2,...} be the solution sequence
vielded by an iterative algorithm. The convergence time (to an
e-approximate solution) is the number of iterations required
to achieve an e-approximate solution. An algorithm is said to
have convergence time O(h(e)) if {x(t),t > O(h(e))} is a
sequence of e-approximate solutions for some function h(e).

Note if x(t) satisfies f(x(t)) < f(x*) 4+ 1 and gi(x(t)) <
%Nkz € {1,...,m} for all ¢ > 1, then error decays with time
like O(}) and the convergence time is O(1).

B. The Dual Subgradient/Gradient Method

The dual subgradient method is a conventional method
to solve (1)-(3) [6], [7]. It is an iterative algorithm that,
every iteration, removes the inequality constraints (2) and
chooses primal variables to minimize a function over the set
X. This can be decomposed into parallel smaller problems
if the objective and constraint functions are separable. The
dual subgradient method can be interpreted as a subgradi-
ent/gradient method applied to the Lagrangian dual function
of convex program (1)-(3) and allows for many different step
size rules [7]. This paper focuses on a constant step size due
to its simplicity for practical implementations. Note that by
Danskin’s theorem (Proposition B.25(a) in [7]), the Lagrangian
dual function of a strongly convex program is differentiable,
thus the dual subgradient method for strongly convex program
(1)-(3) is in fact a dual gradient method. The constant step
size dual subgradient/gradient method solves problem (1)-(3)
as follows:

Algorithm 1. [The Dual Subgradient/Gradient Method] Let
¢ > 0 be a constant step size. Let X(0) > 0, be a given
constant vector. At each iteration t, update x(t) and X(t + 1)
as follows:

» x(t) = argmin [£(x) + D1 M) gk (%))
o Ap(t+1) = max {\p(t) + cgr(x(t)), 0}, Vk.

'If there exists z € X such that gp(z) < —4,Vk € {1,...,m} for

some § > 0, one can convert an e-approximate point x¢ to another point
x = 0x°+ (1 —0)z, for = :65’ which satisfies all desired constraints and

has objective value within O(e€) of optimality.



Rather than using x(t) from Algorithm 1 as the primal solu-

tions, the following running average schemes are considered:

1) Simple Running Averages: Use X(t) = %Zi;lo x(7)

as the solution at each iteration ¢t € {1,2,...}.
2) Sliding Running Averages: Use X(¢) = x(0) and
2 t—1
() = { XX

if t is even
if ¢ is odd

as the solution at each iteration ¢ € {1,2,...}.

The simple running average sequence X(t) is also called the
ergodic sequence in [8]. The idea of using the running average
X(t) as the solutions, rather than the original primal variables
x(t), dates back to Shor [9] and has been further developed in
[10] and [8]. The constant step size dual subgradient algorithm
with simple running averages is also a special case of the
drift-plus-penalty algorithm, which was originally developed
to solve more general stochastic optimization [11] and used
for deterministic convex programs in [12]. (See Section 1.C
in [1] for more discussions.) This paper proposes a new
running average scheme, called sliding running averages. This
paper shows that the sliding running averages can have a
better convergence time when the dual function of the convex
program satisfies additional assumptions.

C. Related Work

A lot of literature focuses on the convergence time of dual
subgradient methods to an e-approximate solution. For general
convex programs in the form of (1)-(3), where the objective
function f (x) is convex but not necessarily strongly convex, the
convergence time of the drift-plus-penalty algorithm is shown
to be O(Z%) in [12], [13]. A similar O(Z%) convergence time
of the dual subgradient algorithm with the averaged primal
sequence is shown in [14]. A recent work [15] shows that the
convergence time of the drift-plus-penalty algorithm is O(%)
if the dual function is locally polyhedral and the convergence
time is 0(63%) if the dual function is locally quadratic. For a
special class of strongly convex programs in the form of (1)-
(3), where f(x) is second-order differentiable and strongly
convex and gi(x),Vk € {1,2,...,m} are second-order dif-
ferentiable and have bounded Jacobians, the convergence time
of the dual subgradient algorithm is shown to be O(1) in [2].

Note that convex program (1)-(3) with second order differ-
entiable f(x) and gj(x) in general can be solved via interior
point methods with linear convergence time. However, to
achieve fast convergence in practice, the barrier parameters
must be scaled carefully and the computation complexity
associated with each iteration is high. In contrast, the dual sub-
gradient algorithm is a Lagrangian dual method and can yield
distributed implementations with low computation complexity
when the objective and constraint functions are separable.

This paper considers a class of strongly convex programs
that is more general than those treated in [2].2 Besides the
strong convexity of f(x), we only require the constraint

2Note that bounded Jacobians imply Lipschitz continuity. Work [2] also
considers the effect of inaccurate solutions for the primal updates. The analysis
in this paper can also deal with inaccurate updates. In this case, there will be
an error term ¢ on the right of (6).

functions gx(x) to be Lipschitz continuous. The functions
f(x) and gx(x) can even be non-differentiable. Thus, this
paper can deal with non-smooth optimization. For example, the
1 norm ||x||; is non-differentiable and often appears as part
of the objective or constraint functions in machine learning,
compressed sensing and image processing applications. This
paper shows that the convergence time of the dual subgradient
method with simple running averages for general strongly
convex programs is O(%) and the convergence time can be
improved to O(log(1)) by using sliding running averages
when the dual function is locally quadratic.

A closely related recent work is [16] that considers strongly
convex programs with strongly convex and second order
differentiable objective functions f(x) and conic constraints
in the form of Gx + h € K, where K is a proper cone.
The authors in [16] show that a hybrid algorithm using both
dual subgradient and dual fast gradient methods can have
convergence time 0(62%); and the dual subgradient method
can have convergence time O(log()) if the strongly convex
program satisfies an error bound property. Results in the cur-
rent paper are developed independently and consider general
nonlinear convex constraint functions; and show that the dual
subgradient/gradient method with a different averaging scheme
has an O(log(1)) convergence time when the dual function
is locally quadratic. Another parallel work [17] considers
strongly convex programs with strongly convex and smooth
objective functions f(x) and general constraint functions g(x)
with bounded Jacobians. The authors in [17] show that the dual
subgradient/gradient method with simple running averages has
O(1) convergence.

This paper and independent parallel works [16], [17] obtain
similar convergence times of the dual subgradient/gradient
method with different averaging schemes for strongly convex
programs under slightly different assumptions. However, the
proof technique in this paper is fundamentally different from
that used in [16] and [17]. Works [16], [17] and other previous
works, e.g., [2], follow the classical optimization analysis
approach based on the descent lemma, while this paper is
based on the drift-plus-penalty analysis that was originally
developed for stochastic optimization in dynamic queuing
systems [18], [11]. Using the drift-plus-penalty technique,
we further propose a new Lagrangian dual type algorithm
with O(%) convergence for general convex programs (possibly
without strong convexity) in a following work [19].

II. PRELIMINARIES AND BASIC ANALYSIS
A. Preliminaries and Assumptions

Definition 3 (Lipschitz Continuity). Let X C R"™ be a convex
set. Function h : X — R™ is said to be Lipschitz continuous
on X with modulus L if there exists L > 0 such that ||h(y) —
h(x)|| < Llly — x|| for all x,y € X.

Note that || - || in the above definition can be general norms.
However, throughout this paper, we use || - || to denote the
vector Euclidean norm.

Definition 4 (Strongly Convex Functions). Let X C R" be
a convex set. Function h is said to be strongly convex on X
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with modulus o if there exists a constant o > 0 such that
h(x) — $a||x||? is convex on X.
Lemma 1. [See [20] or Corollary 1 in [19]] Let h(x) be

strongly convex on convex set X with modulus o. If x°P! is a
global minimum, h(x°P') < h(y) — %|ly — x°"||?,Vy € X.

Denote the stacked functions

gl(x)vQQ(X)v s 7gm(x) as

g(x) = [91(x), 92(X); -, gm(x)]

Assumption 1. In convex program (1)-(3), function f(x) is
strongly convex on X with modulus «; and function g(X) is
Lipschitz continuous on X with modulus .

vector of multiple

Assumption 2. There exists a Lagrange multiplier vector
A =LA A5 T > 0 such that

g(A*) = n’él/_lyl{f(x) cgr(x) <0,VE €{1,2,...,m}},
where q(A\) = Hél;(l{f(x) + 30 Akgr(x)} is the Lagrangian
dual function of problem (1)-(3).

B. Properties of the Lyapunov drift

Denote A(t) = [Ai(t),..., )\m(t)]T. Define Lyapunov
function L(t) = 1[|A(t)||? and drift A(t) = L(t + 1) — L(t).

Lemma 2. At each iteration t in Algorithm 1,
A2 @

Proof: The update equations Ag(t + 1) = max{\g(t) +
cgr(x(t)),0},Vk € {1,2,...,m} can be rewritten as

Ar(t+1) = Ap(t) + cge(x(1), Yk € {1,2,...,m},  (5)
where gy (x(t)) = { 91 (% ()))7 if Ak (t) + cgr(x(t)) = 0

—IAk(t), else
Vk € {1,2,...,m}. Fix k € {1,2,...,m}. Squaring both

sides of (5) and dividing by factor 2 yields:

TAM) = AT+ 1g(x(1) — 5 A+ 1) -

bl

S+ D

02
: SO + A0
C2
2

(x())

o [k (x ()] + eAr(t)gr (x(1))

A Ol3k(x(1) — g1 (x(0)]

DL + SO + Al
() (1) — g1 (1)

= LN — 15k CR + el (8) + el (1)

2
:)%[)\k(t)P _ %P\k(t +1) = e (D] 4+ et + Dgr(x(t))

where (a) follows from M\ (t)[gx(x(¢)) — gx(x(t))] =
—cgr(x(t))[gr (x(t)) — gk (x(t))], which can be shown by sep-
arately considering cases g (x(t)) = gr(x(t)) and g (x(¢)) #
gr(x(t)); and (b) follows from the fact that A\g(t + 1) =
Ak(t) + cgr(x(t)). Summing over k£ € {1,2,...,m} and
dividing both sides by factor c yields the result. ]

=S (0] +

(x())

—~

III. CONVERGENCE TIME ANALYSIS

This section analyzes the convergence time of X(¢) for
strongly convex program (1)-(3).

A. Objective Value Violations

Lemma 3. Let x* be the optimal solution to (1)-(3). Assume
c < /B2 At each iteration t in Algorithm 1, we have

1 *

—A() + f(x(1) < f(x7)

Proof: Fix t > 0. Since f(x) is strongly convex with
modulus « and for all £k € {1,...,m} functions gi(x)
are convex and scalars A,(t) are non-negative, the function
F(xX)+X0, Ak(t)gk(x) is also strongly convex with modulus

. Note that x(¢) = argmin [f(x) + >, Ak(t)gk(x)]. By
XEX
Lemma 1 with x°?* = x(¢) and y = x*, we have

Fe(0) + S A (1) i (x(1))
<[F6¢) + TR M (Bge(x)] = 5 lIx() — x

Adding this to equation (4) yields 1A(t) + f(x(t)) <
f(x*) + B(t), where

V> 0. (6)

*H2

B(t) = - *Ilk(t +1) = A@)* - %I\X(t)
+>\T()[ (x*) —g(x(1)] + AT (¢ + Dg(x(t) (D

It remains to show that B(t) < 0. Since x* is the optimal
solution to problem (1)-(3), we have gp(x*) < 0 for all k.
Note that A\ (t+1) > 0 for all k. Thus, —A” (t41)g(x*) > 0.
Adding the nonnegative quantity —A” (+1)g(x*) to the right-
hand-side of (7) gives:

_X*H2

B() < — A+ 1) AW - Dxtt)
X)) — gx(0)] £ X (e + Dgx(0)
N g

= A - A - ) - x|
+ INT(6) = AT+ 1)) — gx(0)]

L LA+ ) - A - 2 - x|
£ I = G+ D) — g6

91,
< = gl +
+BIA®) -
1
== 5. IAE+1) -

1) = A2 = Slx(t) = x|
A+ Dllx(t) x|
A = eBlx(t) = x7)
1 2
— 5(a—cB)x()
(¢)
<0

_X*HQ

where (a) follows from the Cauchy-Schwarz inequality; (b)
follows from Assumption 1; and (c) follows from ¢ < % [ |

Theorem 1 (Objective Value Violations). Let x* € X’ be the
optimal solution to problem (1)-(3). If ¢ < % in Algorithm 1,
then f(X(t)) < f(x*) + QI vy >,

2ct



Proof: F1x t > 1. Summing (6) over 7 € {0,1,...,t—1}
yields £ 37775 A(7) + 372 f(x(7)) < tf(x"). Dividing by
factor ¢ and rearranglng terms yields

-1 X L(0)—L
YT Fx(7) < fx) 4 HOGEO
* AO 2= Ix®]?
= f(x )+H ()H2 AN

ct

Finally, f(X(t)) < %Zi;lo f(x(7)) by Jensen’s inequality. W

B. Constraint Violations
Lemma 4. For any to > t1 > 0,

to—1

Ak(t2) = M(t) + ¢ gr(x(r))

T=t1

ke {1,2,...,m}

In particular, \,(t) > X (0) + ¢ >0
and k € {1,2,...,m}.

Proof: Fix k € {1,2,...,m}. Note that A\g(¢t; + 1)
max{A(t1) + cgr(x(t1)),0} > Ap(t1) + cgr(x(t1)).

_b gr(x(7)) for all t > 1

By
induction, this lemma follows. [ |
Lemma 5. Let A* > 0 be given in Assumption 2. If ¢ ﬂi
in Algorithm 1, then X(t) satisfies

[A@ < \/||>\(0)||2 FIATP AT VE =1 ()

Proof: Let x* be the optimal solution to problem (1)-
(3). Assumption 2 implies that f(x*) = ¢(A*) < f(x(7)) +
Sy Argr(x(7)),vr € {0,1,...}, where the inequality
follows from the definition of g(A). Thus, we have f(x*) —
f(x(r)) < ZZL L Aegk(x(7)), V7 € {0,1,...}. Summing

over 7 € {0,1,...,t — 1} yields
1) - i:)f( )< iﬁngm»
_ém’;[téyk ] < 1Z>\k Ae(t) = A (0)]
gigjlxzxk( )< SINTIAG ©)

where (a) follows from Lemma 4 and (b) follows from the
Cauchy-Schwarz inequality. On the other hand, summing (6)

in Lemma 3 over 7 € {0,1,...,t — 1} yields
— L(t) — L(0)  [IA@)[ = [IA0)[2
7=0 (10)
Combining (9) and (10) yields
AD|IZ = A2 1 .
MO —IXOI 1y
= (A1 = IXD* < IAO)] + A7)
= [IA@ < \/H>\(0)II2 H AT+ A7
|

Theorem 2 (Constraint Violations). Let A* > 0 be defined in
Assumption 2. If ¢ < 55 in Algorithm 1, then the constraint
functions satisfy for all t > 1:

gr(X(1)) < VIXOI? +C|LA*‘|2 I VEke{1,...,m}

Proof: Fix t > 1 and k € {1 2 .,m}. Recall that
®

X(t) = £ Y0 x(7). Thus, g(% ()) 1ET 0 gk(x(7)) <
Ak ()= Az (0) < A C) \/H/\(O)HQHP\* P
ct

wherét( ) follows from the convex1ty of gi(x); (b) follows
from Lemma 4; and (c) follows from Lemma 5. [ |

Theorems 1-2 show that using the simple running average
sequence X(t) ensures the objective value and constraint error
decay like O(1/t). A lower bound of f(X(t)) > f(x*)—O(%)
easily follows from strong duality and Theorem 2. See full
version [20] for more discussions.

/\k() <

IV. EXTENSIONS

This section shows that the convergence time of sliding
running averages X(t) is O(log(1)) when the dual function
of problem (1)-(3) satisfies additional assumptions.

A. Smooth Dual Functions

Definition 5 (Smooth Functions). Let X C R"™ and function
h(x) be continuously differentiable on X. Function h(x) is
said to be smooth on X with modulus L if Vxh(x) is Lipschitz
continuous on X with modulus L.

Define g(\) = )r({leiérvl{f(x)—k)\Tg(x)} as the dual function of
problem (1)-(3). Recall that f(x) is strongly convex with mod-
ulus o by Assumption 1. For fixed A € R, f(x) + ATg(x)
is strongly convex with respect to x € X with modulus a.
Define x(\) = argmin, . »{f(x) + ATg(x)}. By Danskin’s
theorem (Proposition B.25 in [7]), () is differentiable with
gradient Vq(X) = g(x(A)).

Lemma 6 (Smooth Dual Functions). The dual function q(\)
is smooth on R’ with modulus v = ﬁ .

Proof: Fix X, p € RT'. Let x(A) = argmin et »{f(x)+
"g(x)} and x(p) = argmin,c{f(x) + n"g(x)}. By
Lemma 1, we have f(x(\)) + ATg(x()\)) < f(x(p)) +

Ag(x()) = 3 1x(0) —x(w)[1* and f(x(p)) +p" g(x()) <
Fx(X) + w'g(x(X)) = §llx(A) = x(u)||*. Summing the
above two inequalities and simplifying gives

alx(A) = x(p)|? < [ — AT [g(x(N) — g(x(p))]
< = Allge) - gx(w)]
< Bl — Alllx(V)

where (a) follows from the Cauchy-Schwarz inequality and (b)
follows because g(x) is Lipschitz coninuous. This implies

—x(p)]|

() <) < 21— gl (an
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Thus, we have [[Va(A)~Va(u)]| < lg(x(A) —g(x(p))]| <

Bllx(A) — x(w)]| (§) %ZH)\ — p|| where (a) follows from
Vagq(A) = g(x(A)); (b) follows from the Lipschitz continuity
of g(x); and (c) follows from (11).
Thus, g(A) is smooth on R with modulus L = %2 [ |
Since Vaq(A(t)) = g(x(t)), the dynamic of A(¢) can be
interpreted as the projected gradient method with step size ¢
to solve maxxery {g(A)} where q(-) is a smooth function by

Lemma 6. Thus, we have the next lemma.

Lemma 7. Assume problem (1)-(3) satisfies Assumptions 1-2.
If ¢ < g5, then q(A7) = q(A(t)) < 55 [A(0) = X7[12, vt > 1.

Proof: Recall that a projected gradient algorithm with
step size ¢ < = maximizes a concave function with smooth
modulus ~y W1th the error decaying like O(1). Thus, this
lemma follows. See [20] for the complete proof ]

B. Problems with Locally Quadratic Dual Functions

In addition to Assumptions 1-2, this subsection further
requires the next assumption.

Assumption 3 (Locally Quadratic Dual Functions). Let A*
be a Lagrange multiplier of problem (1)-(3) defined in As-
sumption 2. There exists Dy > 0 and Lq > 0, where the
subscript q denotes locally “quadratic”, such that for all
A€ {AeERT A= X < Dy}, the dual function q(X)
satisfies q(A*) > q(A) + Lg||A — X*|)%
Lemma 8. Suppose problem (1)-(3) satisfies Assumptions 1-3.
Let q(X), X", D, and L, be given in Assumption 3.

D) If X € RY and q(A") —q(X) < LyD2, then | A—=X"|| <

D,.
2) The \* defined in Assumption 2 is unique.
Proof: See [20] for the proof. [ |
Define
[A0) — X"
T, = 12
? 2cL,D? (12)

Lemma 9. Assume problem (1)-(3) satisfies Assumptions 1-3.

If ¢ < g in Algorithm I, then ||A(t) — X*|| < Dy for all
t > Ty, where T, is defined in (12).

Proof: By Lemma 7 and Lemma 8, if 51| A(0) = A*||? <

2

LyDZ, then |A(t) — X*|| < D,. Note that ¢ > M

implies that 5 [|A(0) — A*||? < LD2. ‘m

Lemma 10. Assume problem (1)-(3) satisfies Assumptions 1-3.

If c< % in Algorithm 1, then

* 1

D A - X < &

T, is defined in (12).

2) IA®) = NI < (Vo) IA@) = A<

(0) — X*||,Vt > T,, where

t Tq .
(\/ﬁ) D,(1 + 2cLy)=, Vt > T, , where T, is
defined in (12).
Proof:
1) By Lemma 7, g(A") —q(A(t) < 55 A(0)—X"||, vt >
1. By Lemma 9 and Assumption 3, g(A") — g(A(t)) >

[ ——

JiTo,
where (a) follows from part (2) in Lemma 10; and (b) follows
from ﬁ
Theorem 3. Assume problem (1)-(3) satisfies Assumptions

1-3. Let x*
fined in Assumption 3. If ¢ < % in Algorithm 1, then

fx@) < fx7) +

2D2(142cLq) 942D, (142cL, )

Ly||A(t) — X*||2,Vt > T,. Thus, we have L,||A(t) —
A*[? < 5L IA(0) — A*||%, V¢ > T, which implies that
IAG#) = AT < (0) = AT, vt = T

2) By part (1), we know |A(t) = X*|| < D,,Vt > T,. The
second part essentially follows from Theorem 12 in [21],
which shows that the projected gradient method for set
constrained smooth convex optimization converge geo-
metrically if the objective function satisfies a quadratic
growth condition. See [20] for the proof.

Corollary 1. Assume problem (1)-(3) satisfies Assumptions
13 If c < %

2(——L—
2/1+2ch1
in (12).

gz in Algorithm 1, then ||A(2t) — A(t)]|
)th(l + 2ch)%,Vt > Ty, where Ty is defined

Proof:

[A2E) = A < [IA28) = X7+ [[A(E) = X7l
(@) 1 2t Tq 1 t Tq
<(—) D,(1+4+2cLy)? 4+ (——) D,(1 +2cL,)2
—(\/m) a( cLy) (\/m) o cLy)
(b) 1

t Tq
) Dg(1+2cLy)2,

<L [ ]

be the optimal solution and XN* be de-

T,, where n =

(7\/1+1T) n,Vt >

fx(r)) < f(x
{t,t+1,...
tf(x*). Dividing by factor ¢ ylelds

(VIXO P HIAPHIATD and T
q

is defined in (12).

Proof: Fix t > T,. By Lemma 3, we have 1A(7) +
*) for all 7 € O7 1,. .}. Summing over 7 €

,2t—1} yields L S22 P A(r)+ 220 f(x(r) <

Thus, we have
X(2t)) % Zf )+w
Flxt) + 1AL \E Q—Ctllx\(2t)|\2
_ fxr)+ 2O AN T AR~ IO
2 i) + IO 22RO T AXCANIAE ~ 20
< o)+ (2<\/ﬁ)tpq(1 + 2ch)%)2

2ct

t Tq
4(7%2%) Dg(1+2cLq) = || A(20)]]

2ct



© ] 1
< Jx )+¥(,/1+2ch

Tq
4 2Dg(1+2cLy)= ||)\(2t)|\>

)t(2D§(1 +2cLy)Ta

C

C
() . 1 1 t
< f(x )+;(\/TTL(I) 7

where (a) follows from x(2t) = %Zi:tl x(7) and the

convexity of f(x); (b) follows from (13); (c) follows from
the Cauchy-Schwarz inequality; (d) follows from Corollary 1;
(e) follows from L < 1; and (f) follows from (8) and

V/1+2¢cL,

the definition of 7. [ ]

Theorem 4. Assume problem (1)-(3) satisfies Assumptions
1-:3. If ¢ < g in Algorithm 1, then gp(X(2t)) <
Tq
2D, (142¢Ly) 2 1 t
= ( 1+2ch) WVE € {1,2,...,m},vt > T,
where Ty, is defined in (12).

Proof: Fix t > T, and k € {1,2,...,m}. Thus, we have

(a) 1 2t—1

5®20) € 13 gulx(r) € L (ni2t) - w0

< ~IA@n) - AW

© 2Dq(1+2ch)%( Ly
= ct V1+2cL,

where (a) follows from the convexity of gi(x); (b) follows
from Lemma 4; and (c) follows from Corollary 1. [ |

Under Assumptions 1-3, Theorems 3 and 4 show that if
¢ < 4z, then X(t) provides an e-approximate solution with
convergence time O(log(1)).

C. Discussions

1) Practical Implementations: Assumption 3 in general
is difficult to verify. However, we note that to ensure X(t)
provides the better O(log(1)) convergence time, we only
require ¢ < 5%, which is independent of the parameters in
Assumptions 3. Namely, in practice, we can blindly apply
Algorithm 1 to problem (1)-(3) with no need to verify As-
sumption 3. If problem (1)-(3) happens to satisfy Assumption
3, then X(t) enjoys the faster convergence time O(log(2)). If
not, then X(t) (or X(t)) at least has convergence time O(%).

2) Local Assumption and Local Geometric Convergence:
Since Assumption 3 only requires the “quadratic” property
to be satisfied in a local radius D, around A*, the error of

Algorithm 1 starts to decay like O(q% (ﬁ )t> only after

A(t) arrives at the D, local radius after 7T, iterations, where Ty,
is independent of the approximation requirement € and hence
is order O(1). Thus, Algorithm 1 provides an e-approximate
solution with convergence time O(log(1)). However, it is
possible that T, is relatively large if D, is small.

In fact, T, > 0 because Assumption 3 only requires the
dual function to have the ‘“quadratic” property in a local
radius. Thus, the theory developed in this section can deal
with a large class of problems. On the other hand, if the

dual function has the “quadratic” property globally, i.e., for
all X > 0, then T;, = 0 and the error of Algorithm 1 decays

. 1 1 t
like O(?(\/Tic[/q) ),Vt Z 1.

3) Locally Strongly Concave Dual Functions: The follow-
ing assumption is stronger than Assumption 3 but can be easier
to verify in certain cases.

Assumption 4 (Locally Strongly Concave Dual Functions).
Let N\* be a Lagrange multiplier vector defined in Assumption
2. There exists D. > 0 and L. > 0, where the subscript c
denotes locally strongly “concave”, such that the dual function
q(X) is strongly concave with modulus L. over {\ € R :
A=A < De}.

In fact, Assumption 4 implies Assumption 3.

Lemma 11. If problem (1)-(3) satisfies Assumption 4, then it

also satisfies Assumption 3 with Dy = D. and L, = L2

Proof: See [20] for the proof. [ ]
Since Assumption 4 implies Assumption 3, by the results
from the previous subsection, X(¢) from Algorithm 1 provides
an e-approximate solution with convergence time O(log(2)).

V. APPLICATIONS
A. Problems with Non-Degenerate Constraint Qualifications

Theorem 5. Consider strongly convex program (1)-(3) where
f(x) and gi(x),Vk € {1,2,...,m} are second-order contin-
uously differentiable. Let xX* be the unique solution.

1) Let K C {1,2,...,m} be the set of active constraints,
ie, gp(x*) = 0,Vk € K, and denote the vector
composed by gi(x),k € K as grx. If g(x) has a
bounded Jacobian and rank(Vxgx(x*)T) = |K|, then
Assumptions 1-3 hold.

2) Ifg(x) has a bounded Jacobian and rank(V g(x*)T) =
m, then Assumptions 1-4 hold.

Proof: See [20] for the proof. [ ]
Corollary 2. Consider min{f(x) : Ax < b}, where f(x) is

second-order continuously differentiable and strongly convex
function; and A is an m X n matrix.

1) Let x* be the optimal solution. Assume Ax* < b has
I rows that hold with equality, and let A’ be the | X n
submatrix of A corresponding to these “active” rows.
If rank(A') = 1, then Assumptions 1-3 hold.

2) If rank(A) = m, then Assumptions 1-4 hold with D, =
0.

B. Network Utility Maximization (NUM)

Consider a network with [ links and n flow streams.
Let {b1,ba,...,b;} be the capacities of each link and
{z1,m2,..., Ty} be the rates of each flow stream. Let N' (k) C
{1,2,...,n},1 < k < [ be the set of flow streams that
use link k. This problem is to maximize the utility function
Z?:l w; log(z;) with constants w; > 0,V1 < ¢ < n, which
represents a measure of network fairness [22], subject to the
capacity constraint of each link. This problem is known as
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the network utility maximization (NUM) problem and can be
formulated as follows>:

min Z —w; log(x;) (14)
i=1
st. Ax<b (15)
x>0 (16)
where A = [a;, -+ ,a,] is a 0-1 matrix of size m x n such

that a;; = 1 if and only if flow z; uses link ¢ and b > 0.

Note that problem (14)-(16) satisfies Assumptions 1 and 2.
By the results from Section III, X(¢) has convergence time
O(1). The next theorem provides sufficient conditions such
that X(t) has better convergence time O(log(1)).

Theorem 6. The NUM problem (14)-(16) satisfies:

1) Let b™* = maxi<i<nb; and x™** > 0 such that
xpax > pmax i e {1,...,n}. If we replace constraint
(16) with 0 < x < x™2* in problem (14)-(16), then we
obtain an equivalent problem.

2) Let x* be the optimal solution. Assume Ax* < b has
m' rows that hold with equality, and let A’ be the m' xn
submatrix of A corresponding to these “active” rows.
If rank(A') = m/, then Assumptions 1-3 hold for the
above equivalent problem.

3) If rank(A) = m, then Assumptions 1-4 hold for the
above equivalent problem.

Proof: See [20] for the proof. [ |

VI. NUMERICAL RESULTS
A. Network Utility Maximization Problems

Consider the simple NUM problem described in Figure 1.
Let 1,25 and x3 be the data rates of stream 1,2 and 3 and
let the network utility be minimizing — log(z1) — 2log(z2) —
3log(xs). It can be checked that capacity constraints other
than 1 + 22 + 23 < 10,21 + 22 < 8, and 25 + 23 < 8
are redundant. By Theorem 6, the NUM problem can be
formulated as follows:

min  —log(z1) — 2log(xs) — 3log(zs)
st. Ax<b,0<x <xM

1 1 1 10
where A = 1 1 0], b = 8 and x™M#* =
0 1 1 8

[11,11,11]7. The optimal solution to this NUM problem is
x7 = 2,25 = 3.2, 25 = 4.8 and the optimal value is —7.7253.

Since the objective function is separable, the dual subgra-
dient/gradient method can yield a distributed solution. This is
why the dual subgradient/gradient method is widely used to
solve NUM problems [4]. The objective function is strongly
convex with modulus o = 2 on X = {0 < x < x™**}
and g(-) is Lipschitz continuous with modulus 3 < v/6 on X.

Figure 2 verifies the convergence of X(t) with ¢ = g = 355

3Without loss of optimality, we define log(0) = —oo and hence log(-) is
defined over R. Or alternatively, we can replace the non-negative rate con-
straints with z; > o™i" Vi € {1,2,...,n} where 2", Vi € {1,2,...,n}
are sufficiently small positive numbers.

and A(0) = 0. Since A(0) = 0, by Theorem 1, we have
fX() < f(x*),Vt > 0. To verify the convergence time
of constraint violations, Figure 3 plots g1(X(t)), g2(X(t)),
93(X(t)) and 1/t with both x-axis and y-axis in log;, scales.
As observed in Figure 3, the curves of g1 (X(t)) and g3(X(¢))
are parallel to the curve of 1/t for large ¢. Note that g2 (X(t)) <
0 is satisfied early because this constraint is loose. Figure
3 shows that error decays like O(%) and suggests that the
convergence time is actually 6(%) for this NUM problem.

stream 1 capacity=8

stream 2 capacity=10

capacity=8 capacity=8

stream 3

Fig. 1.

A simple NUM problem with 3 flow streams

Note that rank(A) = 3. By Theorem 6, this NUM problem
satisfies Assumptions 1-4. Figure 4 verifies Theorem 6 that
the convergence time of x(t) is O(log(1)) by showing that
error decays like O(30.998") with ¢ = § = 553.

B. Large Scale Quadratic Programs
Consider quadratic program minycpny {x?Qx + d¥x

Ax < b} where Q,A € R¥*N and d,b € RM. Q =
UXU#H ¢ RV¥*N where U is the orthonormal basis for a
random N x N zero mean and unit variance normal matrix
and ¥ is the diagonal matrix with entries from uniform [1, 3].
A is a random N x N zero mean and unit variance normal
matrix. d and b are random vectors with entries from uniform
[0,1]. In a PC with a 4 core 2.7GHz Intel i7 Cpu and
16GB Memory, we run both Algorithm 1 and quadprog from
Matlab, which by default is using the interior point method,
over randomly generated large scale quadratic programs with
N =400, 600, 800, 1000 and 1200. For different problem size
N, the running time is the average over 100 random quadratic
programs and is plotted in Figure 5.
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Fig. 2. The convergence of X(t) for a NUM problem.



NUM: Convergence Time of Constraint Violations of X(t) v.s. O(1/t)
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Fig. 4. The convergence time of X(¢) for a NUM problem.

VII. CONCLUSIONS

This paper studies the dual gradient method for strongly
convex programs and shows that the convergence time of
simple running averages is O(%) This paper also considers a
variation of the primal averages, called the sliding running av-
erages, and shows that if the dual function is locally quadratic
then the convergence time is O(log(1)).

Dual Gradient Method v.s. quadprog
20 T T T T T T T

quadprog

Running Time (secs)
B
T

dual gradient method

//l

L L L L L
400 500 600 700 800 900 1000 1100 1200
Problem Dimension: N

Fig. 5. The average running time for large scale quadratic programs.
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