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Abstract 

We present an inexact interior point praxima.l method to solve linea.rly constrained convex prob­
lems. In fact, we derive a. primal-dual algorithm to solve the KKT conditions of the optimization 
problem using a. modified version of the rescaled proximal method. We also present a pure primal 
method. 

The proposed proximal method has a.s distinctive feature the 1)08Sibility of allowing inexact 
inner steps even for Linear Progr8.lllllling. This is achieved by using an error criterion that bounds 
the subgradient of the regularized function, instead of using E-SUbgradients of the original objective 
function. Quadratic convergence for LP is also proved using a more stringent error criterion. 

1 Introduction 

The idea of proximal methods can be traced back to Martinet [9, 10] and R.ocka.fellar [12]. In the 
context of optimization, the classical proximal method replaces a minimization problem by a sequence 
of better behaved problems with a quadratic regularization term added to the objective function. 

Many generalizations of this cl888ical proximal algorithm were proposed in the last years. One 
of the main objectives was to replace the squared Euclidean norm by coercive regularizations that 
were able to implicitly deal with simple constraints, giving raise to interior point proxima.l methods 
(4, 15, 5, 8, 7, 16, 3, 2, 14, 13]. This effort followed the success of interior point methods for optimization, 
particularly Linear Programming (LP). For a classical survey on interior point methods for LP see (6] . 

Initially, interior point proximal methods were formula.ted for box constrained problems. More 
recently these methods were generalized for linearly constrained problems (1, 7, 16, 19]. In pa.rticula.r, 
exact versions of the proxima.l algorithm were applied to solve Linear Programming (LP) problems 
resulting on quadratic convergent methods. 

•Partially BUpported by CNPQ, grant 304691/2002-0, e.nd PRONEX - Optimization. 
tPwtially BUpported by CNPQ, grant 30710.5/2003-2, e.nd PRONEX - Optimization. 
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Our intent in this paper is to extend the rescaled proximal method from (14, 13] to linearly con­
strained optimization problems. This will be done in such a way that allows for inexact proximal 
subproblems even for LP, maintaining quadratic convergence. This objective is attained in four steps. 
First, we observe that the Karush-Kuhn-Tucker {KKT) conditions of a linearly constrained problem 
have a special structure that can be exploited by a specialized proximal method. Second, we present the 
detailed proximal method and prove its convergence. Next, we apply the method to linearly constrained 
problems. Finally, we show the convergence rate result. 

2 Preliminaries 

Consider the following convex problem constrained to a polyhedron in the standard form: 

min f(x) 

s.t. x E :F~ {xe R" [ Ax =b,x?O}, 

where f is a proper lower semi-continuous convex function. 

The associated KKT conditions are: 

Oe8f(x)-A'y+u 

Ax=b 
x~O 

u~O 
(u,x) = 0. 

Or, using the variational inequalities notation, 

(1) 

(2) 

(3) 

The variational inequality formulation opens up the opportunity to use e. proximal method based 
only on box constraints. In this paper, we are specially interested on applying the Rescaling Proximal 
Method for Variational Inequalities (RPMVI) described in [14]. However, a naive, direct application 
of this idea may raise questions as: 

1. It is not clear why it is necessary to add a regularization term for the dual variables, y, since 
they are unconstrained. 

2. It may be difficult to prove that (14, Assumption 2.3.2] holds and therefore the convergence 
theorem from [14] may not apply. This assumption is known to hold only if the proximal method 
is applied to an optimization problem directly [14], instead of applying it to KKT conditions, or 
if the chosen regularizations can guarantee Fejer or quasi-Fejer convergence of the iterates [13). 

Although there may be sensible answers to these points, we present below a detour that is able to avoid 
these possible issues. 
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3 The Modified Rescaled Proximal Method 

Let us consider a variational problem inspired by (3) , 

0 E T(x,y) + [ N~(x) ] , (4) 

where T is a (poesibly set-valued) maximal monotone operator on JRn+m and B is a box, that is 
B ~

1 
([a1, b1] x . .. x [On, bn]) n Rn, where -oo ~ a; < b; ~ +oo for all i = 1, . .. , n. 

At, discussed above, we will present a variation of the RPMVI [14} that regularizes only the con­
strained variable x. Since we are interested in coercive proximal methods, we must assume from now 
on that: 

Assumption 3.1 
domTnintB x }Rm cf 0. 

This condition also guarantees that the sum in (4) is a maximal monotone operator. 

Before presenting the modified proximal algorithm, we introduce the cl888 of coercive distances it 
employes: 

Definition 3.2 For i = 1, ... , n, a function d; : R x {a;, b,} -+ (-oo, oo] is called a rescaled distance 
if it presents the following properties: 

9.2.1. For all z, E {a;,b,), d;( ·, z;) is closed and strictly convex, with its minimum at Z;. Moreover, 
intdomd;{•,z;) = {a;,b;) . 

9.2.2. d; is differentiable with respect to the first variable on (a;, b,} x (a,, b,), and this partial deriooti~ 
is continuous at all points of the form (x,, x;) E {a;, b;) x {a,, b;). MoremJer, we will we the 
notation 

3.2.3. For all z. E {a;, b,), d;(·, z,) is essentiall11 smooth /11, Ch.apter 26/. 

3.2.4. There exist L, t. > 0 such that if either -oo < a; < z. $; x, < a; +t. or b,-t. < x, :5 Z; < b; < +oo, 
then ld~(x,, z,)I :5 L Ix, - Zil• 

This definition has appeared in [13) and is a slight generalization of [14, Assumption 2.1], as it does not 
explicit require twioe-differentiable mstances. The relation between both assumptions becomes clear if 
we identify the above mstances with the ones in [14, Assumption 2.1] divided by the convenient second 
derivative. 

We can now pre.sent the modified proximal algorithm: 

Modified Rescaling Proximal Method (MRPM) 

1. Initialization: Let k = O. Choose a scalar Q > 0, {.Bk} a positive real sequence converging to 
zero, and an initial iterate (x0 , 7,i°) E int B x Rm . Finally, let D be a separable distance tkfirwl 
by 

D(x,xk) ~td.;(.xi,x~), (5) 
i-1 
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where each d; u a rescaled distance. 

2. Iteration: 

(a) Choose cl' auch that each at E [o, co), i = 1, ... , n. 

(b) Find x"+1 and eA:+1 such that 

[ e/c;l ] E T(xk+1, 1,Jc+l) + [ diag(alcf
1
V~D{zlc+l, zlc) ] , 

where 

!ef! :5 1L li!,(xf ,x:-1)! + /31c. 
°'1 

(c) Let k = k + 1, and repeat the iteration. 

(6) 

(7) 

D 

The algorithm above takes into account that a component of the original variational inequality may be 
an easily solvable equation. In such cases, it dismisses the need for a regularization in the respective 
variables. This structure appears in (3), where the lower part of the system is linear. We will further 
explore this fact in the next section. 

However, let us first turn our attention to analyze the algorithm convergence. The first step is to 
adapt (14, Assumption 2.3.2} to our present context. 

Assumption 3.3 Define 

--!' = [ ;! ] tJ:f [ e,.-diag(a,._1
)~

1
V 1D(x",x,._1

)]. (8) 

Let f be an accumulation point of the x component in a sequence computed by the MRPM, i.e., there 
u an infinite set /C ~ N auch that x" -+,c i. Denote by 'Y!, the i-th component of-y!. Then, either 
'Y!, -+,c O or there ia an infinite set JC' f /C auch that x~-l -+,c, .f1. 

Using the above definitions, we can now follow the convergence proof of the RPMVI from [14} 
to show the convergence of MRPM. We must now modify and prove (14, Lemmas 2.4 and 2.5, and 
Theorem 2.6}. This task is made particularly easy since the proof of the key result [14, Lemma 2.4} 
already considers each component of -y" isolatedly. 

Lemma 3.4 {1,4, Lemma B.,4] Suppose that Assumption 3.3 hold. Let x E Rn be a limit point of {x"}, 
i.e., x" -+,c x for aome infinite set /C ~ N. Then, for i = 1, ... , n, 

lim ,. 
,. .... ,coo 'Y.,, = 0 if .f, E (a,, b,) 

liminf 'Y!, ~ 0 if .f1 = 0. 
•~coo (9) 

limsup-y!, :S 0 ifi1=b, 
i-JCOO 

lim 'Y" 
lc-+,cOO If' = 0. 

Proof. The limit for { -Y!} holds trivially, since this sequence is constant equal to 0. The component 
{'Y!} is analyzed coordinate by coordinate following the the proof of (14, Lemma 2.4]. 
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Indeed, let us consider the case Xi E (a.,bi)- If we assume, for the sake of & contradiction that '1!, ft 0, Assumption 3.3 e.sserts that there is an infinite index set K:,' C K, and ( > 0 such that l--tz
1
1 > ( 

and ~-l -+,c, :i\. Then, 

h!,I = !et - l/atd:(x:,x:-1)j 
~ \e:I + 1/aHf;(x:,x:-1)1 
~ 2/a: \d;(xf ,x:-1 )1 + f31c 

~ 2/ajd~(x:,x:-1)j +/31c 
-+,c, d:(xi, x,) 
=0, 

a contradiction with J--tz, J > ( > 0. 

[Error criterion] 

[a~ >a] 
[Assumption 3.2.2] 

[Assumption 3.2.1] 

Now, we consider Xi= ai > oo and 888Ume that liminf.1:-icoo ,t < O. Then, using Assumption 3.3, 
there must be an infinite index set K:,' CIC and ( > 0 such that -r!, < -( and x:- 1 --+,c, x,. Hence 

,~ 1-r!,I 
= \ef- l/a:tf;(x:,x:- 1 )j 
:$ lefl + 1/at jif;(xt,x;- 1 )! 
S 2/a: ld,(xt,xt-1 )1 + /3.1: 
~ 2/Q ld;(x:,x:-1)J + {31,. 

[Error criterion] 

[a:> IJ] 

Now, let e be as in Assumption 3.2.4, if there is an infinite index set IC" C IC' such that a, < xf-1 ~ 
x: < a; + E, this assumption would imply that 

( S 2L/a lxt - x:- 1
\ + /31,--+ 0, [Error criterion and Assumption 3.2.4] 

a contradiction with ( > 0. Hence, for sufficiently large k E IC', x!' < x:-1
• 

Using Assumption 3.2.1 and x: < x:-1
, we conclude that d',(x: ,x:-1

) < 0. Therefore, 

-, > -r!, 
= e: -1/aM(xt, x:- 1

) 

~ l/atd;(xt,x:-1)- {31, - l/at~(x:,x:-1
) 

= f31c ...... 0. 

Once again, a. contradiction with ( > O. 

The case x, = b;, b; < oo is analogous. 

[Error criterion] 

□ 

Just a.s in the above lemma, the reasoning used to prove the boundedness of -r" in [14, Lemma 2.5) 
still holds, if we remember that the y coordinate of -yk is identically 0. We now have sufficient tools to 
prove the (subsequence) convergence of the MRPM. 

Theorem 3.5 Let {(xk,yk)} be a sequence computed by the MRPM with A.!sumptions 9.1 and 9.9 
holding, then all of iu limit point.! are solutions to the variational inequality problem (,4). 

Proof. The proof is analogoUB to the one in [14, Theorem 2.6). It relies upon the boundedness of {-f}, 
discussed above, and upon the signal structure given by Lemma 3.4. □ 
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4 Application to linearly constrained convex programming 

Once the convergence of the MRPM is proved, we can analyze the original problem (1). We will derive 
a primal-dual interior proximal method to solve its KKT conditions based on the MRPM. Afterwards, 
we will show how to derive a pure prima.l. method for a problem with specia.l. constraint structure. 

4.1 A primal-dual method 

In order to apply the results 11.bove to solve the linearly constrained problem (1), we define L as its 
Lagrangian considering only the equa.l.ity constraints. Identifying T(x, y) with (8.,L(x, y), -811L(x, y)), 
the KKT conditionB for (1) are clearly a particular case of the Vll.l"iationa.l. inequa.l.ity (4). Additionally, 
it is a well known result that such operator is maximal monotone [11, Corollary 37.5.2]. 

Applying the MRPM to find KKT pairs, each iteration needs to find (zi'+l, yk+1) such that 

where, 

elc+l E Of(x,.+l)-A1y•+1 + diag(a,.r 1v1D(xk+1 ,x•) 

Y+l=b, 

(10) 

(11) 

Note t.hat the error crit.erion above is equivalent to (7) will /j1i Identically zero. It is also possible to 
chooee more permissive {P1i} [14, Section 3], however it would clutter the proofs without presenting 
any particular advantage in the present context. 

It is easy to recognize the above iteration as a variation of a classical primal-dual interior point 
method for convex programming under linear constraints[18]. However, the &hove algorithm presents 
the following important distinctions: 

1. The barrier Is replaoed by the coercive generalized distance D. 

2. The update of the barrier parameter is replaced by the update of the distance center, typical of 
proximal methods and, possibly, air.. 

3. The error criterion that must be achieved to change centers is now controlled by (11) instead of 
using a measure of the distance to the central path. 

Let us verify the conditions required by Theorem 3.5, the convergence theorem for the MRPM. 
First, considering {3), it can be easily seen that Assumption 3.1 is implied by a Slater type constraint 
qualification, that is obligatory in interior point methods: 

.Assumption 4.1 
3x E ri dom /, such that Ax = b, x > O. 

Since the constraint set Is a polyhedron, this assumption also asserts that the KKT conditions are 
necessary and sufficient for optimality (11, Corollary 28.3.1]. 

On the other hand, Assumption 3.3 automatically holds for linearly constrained optimization prob­
lems. We prove this fact with the following three lemmas. 
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Lemma 4.2 For all fe.asible x and for all iterations of the MRPM, 

i.e., "f! can be seen as a subgradient of the objective function among the feasible points. 

Proof. Remembering (8), the definition of "I", we see that "I! E 8(f - (A'y·\ ·) )(x"). Therefore 

f (x) = f (x) + (1/•, b - Ax) 

= f(x)- (A'yk,x) + (b,y") 

2'. f (x") - (A'y", xlr) + b!, x - x•) + (b, y") 

= f(xk) + (y",b-Ax") + b!,x - x") 

= f (x") + ("!!, x - x"). 

[Ax =bl 

This allow us to prove the following extensions to (14, Lemma 3.4 and 3.6]. 

Lemma 4.3 In all itemtions of the MRPM, ~,(x~-l - x:) ~ 0. 

Proof. We have 

[Due to (11)] 

D 

D 

Lemma 4.4 {f(x")} is non-increasing and hence conve,yent if f is bounded below on :F. In this ca.,e, 
we al.to have 

Proof. From Lemma 4.2, 

n 
/(,:'•-1) 2'. /(x") + (-y;,x"-1 -x") = f(x") + L "ft(x:-1 - X:), ,-1 

whence the result follows from the non-negativity of "I!, (x:- 1 
- x:). D 
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Note that, if f Is bounded below on :F, Assumption 3.3 Is direct a consequence of the last lemme.. 
Thus, Theorem 3.5 implies the optimality of all accmnulation points of the sequence {(x", yk)} defined 
by (10)-(11). Actually, we can strength this result as: 

Theorem 4.5 Suppose that the problem (1) conforms Aa.rumption 4. l and that f is bounded below on 
the feasible set :F. Let {(x",1/')} be a sequence computed by (10)-(11). Then, if {xA'} has a limit point, 
{f(x")} converyes to the optimal value and all its limit points will be minimizers of (1). A condition 
that ensures the boundedness of {x"} is the boundedness of the solution set, or any other level aet off 
restricted to :F. 

Proof. Let~ be a limit point of {x"}, i.e. x" -+,:, x, for some infinite set X: ~ N. Since {'yk} is bounded, 
as discussed before Theorem 3.5, we can assume without loss of generality, that there is "I:, E R" such 
that~ -+A:; 'Y:· 

Using Lemma 4.2 we have that 

Taking limit.a, and remembering that / is l.s.c. we have: 

Vx E :F, f(x) ?. lim / (xk) + ("'?:, X - ff} 
lo:-.c,o 

?. f(x), 

where the last inequality comes from Lemma 3.4. Therefore ff is a minimizer off in :F. Letting x = x 
above, it also follows that, f (x") --, f(x) . 

Finally, as Lemma 4.4 statell that {/(x")} is non-increasing, {x"} is included in a level set of/ plus 
the indicator function of {x?. 0 I Ax= b}. Since the boundedness of this set, or any other level set of 
the sum, is equivalent to the boundedness of the optimal solution set, the result follows. □ 

We end this section addressing an important issue. The theorema that guarantee that the proximal 
iterations are well defined are usually based on the fact that all variables are being regularized. This is 
not the case in the MRPM. Therefore we must prove that the MRPM iterations can be done, at least 
in the linearly constrained optimization case: 

Proposition 4.6 Suppose th.at (1) conforms to Asaumption 4.l. Let (x, ti) be a KKT pair of 

min f(x) + 1::_1 ;,\-d;(x,,~) 
' a.t. Ax= b. 

(12) 

Then, (f, ti) solves (10) with zero error. Moreover, auch KKT pairs always exist if f is bounded below 
on:F. 

Proof. If we write down the KKT conditions for (12) we immediately recognize (10). 

Moreover, since the constraints are all affine and Assumption 4.1, asserts that there is a point in 
ridom(/0 + 1::.1 ::.1.,d;(·, xt)) that is feasible, KKT is necessary and sufficient for optimality [11, o, 
Corollary 28.3.1). 
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Now, let I be a lower bound off on F. Since each <4 is only finite at the positive orthant for a give 
( E R the level set: 

The last level set is a. level set of }:~1 ~d,(x1,~) which is bounded as this function attains unique 
minimum at xk by Assumption 3.2.1. Th~refore (12) admits solutions and hence KKT pairs. □ 

4.2 A pure primal method 

Using the primal-dual method it is also possible derive a pure primal method for problem with a special 
constraint structure. Let UB consider a problem in the form. 

min f(x) 
s.t. Ax~ b 

x~O 

Adding slack variables, s, the above problem is equiva.lent to 

min J(x) 
s.t. Ax-s =b 

X ~Q 

s~O 

(13) 

Which is constrained by a. standard polyhedron and therefore is in the form described by (I). We ma.y 
then apply the primal-dual method described in the last section. The respective iteration asks to solve 
approximately 

[ 

8/(xk+1) -A'yk+l +diag(o!)-1v,e(xk+l,xk) l 
0 E O +yk+ 1 +diag(o!)-1VD(sk+1,sk) • 

b-Axk+l + sk+ 1 

where D regularizes the original variables and D the slack variables. It is interesting to note that 
the last two ~oups of equations ca.n be forced to hold by defining sk+1 ~f Axk+1 - b a.nd yk+l ~f 
diag(a!)-1'i7D(sk+1 , s"). Substituting this definitions back in the first group, we need to solve approx­
imately 

This is equiva.lent o minimize approximately 
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The acceptance criteria (11) turns out to be 

(14) 

The method above can be viewed as a variation of the algorithm proposed in [2, Section 4). This 
is not the case as its error criterion is based on the subgradient of / and not in E-subgradients. Error 
criteria balled on £-subgradients are particularly useful in situations where it is difficult to compute / 
or its subgra.dients. Good examples are multiplier methods or situations where / is non-smooth. On 
·the other hand, if the subgradients of the objective function a.re readily available, a criterion based on 
the subdifferential itself may be preferable. This is clearly the case in Linear Programming, as the only 
E-subgradient of / is actually its gradient. Under such conditions, a criterion as in [2, Section 4] would 
require exact solutions of t~e proximal subproblems, while (11) or (14) still allow for approximat.e steps. 

Fina.Uy, It should be clear that any Linear Programming problem can be reduced to the form (13) 
using standard textbook t.echniques. 

5 Rate of convergence for Linear Programming 

The convergence rate of proximal methods for LP has been studied by many authors. Rockafellar 
proved in (12, Proposition 8] that a cla.ssical proximal algorithm, based on the squared Euclidean norm, 
converges ln finite many stepe. Tseng and Bertsekas showed in [17} that the exponential multiplier 
method with rescaling is super-linearly convergent. This la.st result was somewhat extended for general 
rp-divergences by Iusem and Teboulle [7, Section 4). In [l, 16), Auslender, Ha.ddou, and Tebulle have 
proved that methods based on a special rp-divergence may be quadratically convergent if the stepsizes 
converge fast enough to zero. In [2, Section 6], Auslender et. al. proved quadratic convergence if the 
regularizations used based on second order homogeneous kernels with an extra quadratic term. Fina.Uy, 
Silva and Eckstein [13] generalized the quadratic oonvergence for double regularizations, encompasmng 
kernels based on Bregman distanCtlll. All these results required the exact solution of the proximal 
subproblems. 

In this section, we demonstrate that the primal-dual method described by (10)-(11) is also quadratic 
convergent for Linear Programming even with inexact proximal steps. In order to do this, we will use 
two extra assumptions. The first one limits the class of generalized distances, imposing an upper 
bound on their value. The second strengths the acceptance criterion (11), but still allows for inexact 
subproblems. 

We assume from now on that problem (1) have the form 

min (c,x) 
s.t. Ax= b (15) 

Assumption 5.1 For i = 1, ... , n, let ~ be a rescaled distance. There must be C > 0 such that for 
all x,,Zf > 0, 

Two examples of distances that obey the above condition, with C equal 1 and 2 respectively, are the 
rescaled Bregman distances [14, Section 2.2.1) based on the kernels xlog(x) and x - .,fi. 
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The second 88Sumption a.ims to enforce that at each iteration the objective function decreases 
"enough". As stated in Proposition 4.6, if (10) is solved exactly, :i:1'+1 would mjnirni:re 

among al.I the feaaible solutions. Hence, between iterations the objective function would decrease 
E~=l ~d;(x~+i, x~). Assumption 5.2 requires that at leMt a fraction of this bound should be attained 
in any i'nexact iteration. 

Assumption 5.2 Let /3 E [O, 1}. For a given k, define t1r(x) d:f /3 L; 1/ofd;(x;, xt). The pair 
(xk+ 1,yk+l) computed by the primal dual method (10)-(11) should al$o conform to 

(16) 

Note that in the above assumption the t-subgradient operator is applied to the generalized distance, 
rather than to the objective function. Thus inexact proximal steps are allowed. 

We proceed to prove quadratic convergence rate for Linear Programming. We begin stating an 
auxiliary lemma. 

Lemma 5.3 Let x• be any solution of (15). Let {(x,.,y,.)} be a sequence computed by the primal-dual 
method (10)-(11) with Assumptions .O, 5.1, and 5.2 holding. Then, 

1 1 (c,x"+l) + {1-/3) L kd;(x~+ 1 ,xf) $ (c,x*} + L kd;(x;,xf) 
i ai • o:i 

Proof. Equation (16) states that xk+1 is at least an i1,;(x1r+1 }-minimum of h(x) ~ 1 
(c, x) -(A'yk+1, x) + L; ::1rd;(x,xt), therefore: a, 

(c,xk+1)- (A'yk+1 ,xk+1) + L !d;(x,.+i,xt) :$ 

j ' 

(c,x") -(A'ylr+l,x•) + I:--;.d;(x;,xf) + f1r(x"+ 1
). 

i a-. 
As x• and z"+l are both feasible, (A'yk+1,x•) = (A'yk+l,xk+ 1), and so 

n 1 
(c,x"+l) + L ~d;(xt+1 ,x~) :$ 

i=l 1 

n 1 
:$ (c, x*) + L -;;d.(x; ,x:) + e1i:(xk+1

) 
i:=-=l Qi 

= (c,x") + t ~d;(x:A) +f3t--;.d;(x:+1,x~). 
i=l Os i=l Q:i 

We can now prove the following convergence rate result: 

11 
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Theorem 5.4 Let x• =I- 0 be the aolution aet of (15) and/* the optimal value. Let {(x-\11•)} a 
aequence computed by the primal-dual method (10)-(11) with Aasumption., ,4.1, 5.1, and 5.i holding. 
If {x"} ha, a limit point, then the distance of x• to the aolution aet converges at least quadratically to 
zero and {c, x•) convergea at lecuit quadraticall11 to /*. 

Proof. Theorem 4.5 already proves convergence. We need to foc11B only on the convergence rate esti­
mates. Let d(x, X*) denote the distance between a point x E R" and the solution set x•. 

Lemma 6.1 from [2) shows that there is aµ> 0, depending only on the problem data, such that 

Let x• be the point in X" that realizes d(x•,x•). Lemma l>.3 asserts that 

n 1 
(c,x•+i) ::5 (c,xk+1

) + (1- /3) L :l'd.(x~+i ,xt) 
i•l a, 

::5 r + t :id.(f~,x~) 
i=l ai 

::5 r + t ..!.~(x},xt) 
(=1 Q' 

Using Assumption 5.1 and (17), it follows that: 

(c, x"+l} - /" $ E 1:(x~ - x:) 2 

Q i 

::5 µ2C ((c,:r:1") - r)2. 
Q 

Therefore (c,x") converges to r at least quadratically. Moreover, as for any x Ex• we ha.ve 

(c,x"} - /" = (c,x" -x} :S JlclJ2llx" -xll2 

We may then combine (17) and {18) to conclude that: 

d(x.r.+1, X*) ::5 µsc Jlcll~d(x\ X")2 • 
Q' 

(17) 

(18) 

□ 

This new result on the quadratic convergence of an inexact proximal method induces future compu­
tationa.1 experiments. Particularly, the search for efficient practice.I procedures to ensure Assumption 
5.2 should be investigat.ed. 
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