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Abstract The Beale-Powell restart algorithm is highly useful for large-scale
unconstrained optimization. In this paper, we use an example to show that the
algorithm may fail to converge. The global convergence of a slightly modified
algorithm is proved.
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The standard conjugate gradient method for solving the unconstrained
optimization problem

min f(z), z€R" (0.1)
has the following form
T+l = X+ opdy (02)
_ — 9k, for k = 1;
de = {0 pas, ke ©3)

where g = V f(zg), o is a steplength obtained by a one-dimensional line
search, and G is a scalar. If 8 is chosen to be

= gkl Nlgr—ll?, (0.4)

where and below || - || stands for the Euclidean norm, the corresponding
method is called as the Fletcher-Reeves ([1]) method, abbreviated to the
FR method. If By equals

BEE = gk yk—1/llgk—117, (0.5)
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where yx_1 = gx — gk—1, the corresponding method is the Polak-Ribieére-
Polyak method ([2, 3]), abbreviated to the PRP method. The FR, and PRP
methods are two of the well-known nonlinear conjugate gradient methods.
Some recent results on them can be seen in references [4] and [5].

It is proved in [6] that the standard conjugate gradient method with-
out restart is at most linearly convergent . Practical conjugate gradient
algorithms therefore include a periodic restart strategy, namely, set

dy=—gg, fork=in+1,i=12,... (0.6)

If the line search is asymptotically exact, [8, 9] proved that this restart
strategy leads to the n—step quadratic convergence rate of the algorithms.
However, as pointed out by Powell [10], this restart strategy has the following
drawbacks: (a) the frequency of restart that should depend on the objective
function can not be simply set to n; (b) a restart along —g; abandons the
second derivative information that is found by the search along di_1; and
(c) the immediate reduction in the objective function is usually less than
it would be without the restart. Therefore it seems more reasonable to use
—gk + Brdi_1 as the restart direction.

Beale [11] studied such a restart strategy, which uses —gx + Grdi—1 as
the restart direction and extends the non-restart direction from two terms
to three terms (see Step 3 in Algorithm 1) such that all search directions
are conjugate to one another if f is convex quadratic and the line search is
exact. McGuire and Wolfe? tried this algorithm, but disappointed numerical
results were reported. By introducing a new restart criterion, namely, (1.1),
Powell [10] overcame the difficulties that McGuire and Wolfe encountered
and obtained satisfactory numerical results. The current general subroutine
of the algorithm is VE04 in Harwell subroutine library. In this paper, we
call it as the Beale-Powell restart algorithm.

From Algorithm 1 we see that the Beale-Powell restart algorithm only
needs to store six n-dimensional vectors. As a result, the Beale-Powell
restart algorithm is still available for solving (0.1) even if its dimension n
is very large. One large-scale practical problem that uses the Beale-Powell
restart algorithm to minimize can be seen in [13].

Despite its good numerical performances and adaptability for large-scale
unconstrained optimization, it is not clear yet whether or not the Beale-

1[7] showed that the convergence rate of the conjugate gradient method is exactly linear
for uniformly convex quadratics.

see McGuire M F, Wolfe P. Evaluating a restart procedure for conjugate gradients.
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Powell restart algorithm converges theoretically. Ref. [12] considered general
three-term conjugate gradient method in which dy has the form

dr, = =gk + Brdp—1 + mdyp), tp) <k <t(p+1) (0.7)

where t(p) stands for the p-th restart iteration, and established convergence
results for the general method under quite a few restrictions on the scalars
B and 7y. In this paper, one of the examples in [14] is used to show that the
Beale-Powell restart algorithm may fail to converge. The global convergence
of a slightly modified algorithm is proved.

1. Beale-Powell restart algorithm

The Beale-Powell restart algorithm is described as follows.

Algorithm 1.

Step 1 Given z1 € R™; ¢1,c2 € (0,1), ¢3 € (1,00), € € [0,1);
set di = —g1; k=t=1,

Step 2 If k =1, go to Step 5;
Ifk—t>mn,sett =k —1; otherwise if £ > 2 and

|9k-196] > c1llgrl, (1.1)
alsoset t =k — 1;
Step 3 If k >t + 1, compute di as follows and go to Step 4:
di = =gk + Bredr—1 + Ydt, (1.2)
where [, and -y is defined by
Be = 9k yr—1/d}_1yk—1, (1.3)
Y = Gry1/di 1y (1.4)

if k = t+1, compute di, by setting 7, = 0 in (1.2) and go to Step
9;

Step 4 If the following relation is not satisfied

—csllgrll* < di gk < —eallgkll?, (1.5)

then set t =k — 1, go to Step 3;



Step 5 Carry out a line search along dj, getting ay;
set Ty 1 = T + apdy;

Step 6 If ||gk+1|| < €, stop; otherwise set k = k + 1 and go to Step 2.

In the above algorithm, we still denote yx—1 = gr — gx—1. Ref. [10]
suggested that {¢;;4 = 1,2,3} can take the values ¢; = 0.2, ¢; = 0.8, and
c3 = 1.2 respectively, and the line search in Step 5 satisfies the strong Wolfe
conditions, namely,

f(xg) — flzk + ardy) > —daggy di, (1.6)
lg(z + ard)Tdy| < —ogi dy, (1.7)

where 0 < d <o < 1.

2. Non-convergence example and a modified algorithm

In this section, we first show that Algorithm 1 may fail to converge.
Consider the n = 2,m = 8 example for the PRP method in [14]. The
example shows that if the steplength can be chosen to be any local minimizer
of the function

Or(a) = f(zk) + ady, a>0 (2.1)

then the PRP method can cycle near eight points without approaching a
solution point. Since this example is such that g,fﬂdk = 0, we have that

dr g = —|\gk |- (2.2)

Besides it, direct calculations show that, when j — oo, {|gZ}-+ig4j+i_1|/||g4j+i||2;i =
1,2,3,4} tend to
1, 2, 1/3, 3/2
respectively, which implies that (1.1) is satisfied for all large &k provided that
the parameter in (1.1) is such that ¢; < 1/3. As a result, if Algorithm 1 is
used to minimize the function, a restart will be done at every iteration and

hence by (2.2),

Be=0",  m=0 (2.3)
holds for all large k. Therefore Algorithm 1 produces the same iterates as
the PRP method does, which means that Algorithm 1 may fail to converge.

In the above example, due that ||dg| tends to infinity with &, we can
see that if ﬁ,f RP < 0 for some k, then the two consecutive directions dj_;
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and d tend to be opposite directions. In the case that Gy > 0 but v, < 0,
such a phenomenon may also happen and lead to the non-convergence of
the Beale-Powell restart algorithm.

Therefore, to establish convergence results for Algorithm 1, we restrict
the values of By and 7 to be nonnegative, namely, set

/8]:— = ma‘x{ﬂka O}a ’YI;F = max{'yk, 0} (24)
In addition, we see that Algorithm 1 tests the sufficient descent condition

di g, < —cal|gk|l? (2.5)

for non-restart iterates, but not for restart iterates. However, the restart
direction needs not be downbhill if relations (2.5) is not satisfied. In this
case, since the restart direction has the form

dr = —gk + B dy—1, (2.6)

and since ;" > 0, we can use the line search strategy in [5] to ensure (2.5)
for non-restart iterates. The basic idea of the line search strategy in [5] is
that, (a) find a point by the strong Wolfe line search, and (b) if at that
point (2.5) is not satisfied, more line search iterates will proceed by the one-
dimensional optimization algorithm in [15] until a new point satisfying (2.5)
is found.

A modified Beale-Powell restart algorithm is then given as follows.



Algorithm 2.

Step 1 Given z1 € R™; ¢1,c2 € (0,1), ¢3 € (1,00), € € [0,1);
set dy = —g1; k=1=1;

Step 2 If k =1, go to Step 5;
If k—t>n,set t =k —1; otherwise if £ > 2 and

l95-19x] > e1llgx (2.7)
alsoset t =k — 1;

Step 3 If k >t + 1, compute di as follows and go to Step 4:
dy = —gk + B di—1 + v di, (2.8)

where ﬁ,‘c" and 'y,‘c" are computed by (2.4); otherwise, if k = ¢+ 1,
compute dj by setting ’y,': =0 in (2.8) and go to Step 5;

Step 4 If the following relation is not satisfied

—csllgrll® < di gk < —callgel?, (2.9)
then set t =k — 1, go to Step 3;

Step 5 Carry out a line search along dj, getting ay;
if kK = ¢t — 1, perform more line searches such that (2.5) is also
satisfied;
set Tkp4+1 = Tk + akdk;

Step 6 If ||gk+1|| < €, stop; otherwise set k = k + 1 and go to Step 2.

3. Convergence of the modified Algorithm
We always suppose that the objective function satisfies

Assumption 1. (i) The level set L = {x € R" : f(z) < f(z1)} is
bounded; (ii) In some neighborhood N of L, f is continuously differentiable,
and its gradient is Lipschitz continuous, namely, there exists a constant
L > 0 such that

lg(z) —g(@)|| < Lllz — &, Vz,ZeN. (3.1)



For any descent algorithm, due to the fact that f(zy) < f(zg—1) for all
k, we know that {zx} € L. This, with (i) in Assumption 1, implies that
there exists a positive constant B > 0 such that for all £ > 1,

o] < B. (3.2)

Thus by (ii) in Assumption 1, there exists a positive constant 7 > 0 such
that for all k£ > 1,

gkl <7 (3.3)
The line search is supposed to satisfy the standard Wolfe conditions, namely,

(1.6) and
g(zx + adi)” > ogf dy, (3.4)

where also 0 < § < o < 1. The following result was obtained in [16, 17, 18].

Lemma A Suppose that x1 is a starting point for which Assumption 1
is satisfied. Consider any method in the form (0.2) where dy is a descent
direction and oy, satisfies (1.6) and (3.4). Then

3 (o de)® _ (3.5)

2 el

In the following, we will prove the global convergence of Algorithm 2 by
contradiction. It should be noted that the proof here follows the same line
as but is more difficult than that for the PRP method in [5]. Assume that

lim inf || gk || # 0. (3.6)
k—00
Then there exists a positive constant v > 0 such that
gkl = (3.7)
holds for all £ > 1. In this case, it follows by Lemma A and (2.5) that
> % < oo. (3.8)
& Tl
Lemma 3.1 Suppose that u,v € R" are two vectors satisfying ||u|| = ||v] =
1. If
w=u—6v (3.9)

holds some positive number 60 > 0, then we have that

lu — || < 2[wll. (3.10)



Proof It follows from the definitions of v and v that
|u—v|? =2 —2uTw. (3.11)
Besides it, we have by (3.9) and ¢ > 0 that

4lw))> = 401 —20uTv + 6?)
> mi1014(1—277uTU+772)

n2
4(1 — (uTv)?), uTv > 0;
= ’ =7 3.12
{ 4, ulv <0. ( )

Combining the above relations, we know that (3.10) holds. O

Lemma 3.2 Suppose that x1 is a starting point for which Assumption 1 is
satisfied. Consider Algorithm 2, where € = 0, and where the line search con-
ditions are (1.6) and (3.4). Then if (3.7) holds, dy # 0. Further, denoting
ug = di/||dk||, we have that

Z g — up—1])* < oc. (3.13)
k>2

Proof If (3.7) holds, we clearly have that dy # 0 for otherwise we have
from (2.5) that ||gk|| = 0. Hence uy is well-defined. Assume that ¢, (f > 1)
are any consecutive restart iterates. Since

div1 = —gep1 + B di, (3.14)
defining
— Gk Bi lldel
rp=—— and {0p = " ——, (3.15)
[kl k|
we have that
Ut+1 = Te4+1 + (5t+1ut. (316)
Noting the facts that ||uiy1|| = ||ue]| = 1 and that d;1 > 0, we get from
Lemma 3.1 and (3.3) that
2y
[utrr — wel] < 2||rgpal] € 77— (3.17)
[dt41]]
Ift >t + 2, then
dir2 = =g + B odir1 + 77 0ds- (3.18)
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Thus if we define

= —9t+2 + lldes1]]
Tt+2 = 75 7 T (U1 — Ut
2= o]l T P2, ) (et )

and

. [tA [
1) 2 = /3+ + A )
2T P2 g ol T dp|

(3.18) can be written as

Ut4+2 = Ti42 + 02Uy,

which, with Lemma 3.1, implies that

[t — wrl] < 2[Try2f-

(3.19)

(3.20)

(3.21)

(3.22)

In this case, applying (3.3), (3.7), (3.4), (2.9) and (2.5) in the definitions of

ﬂ,;" and fy,"c", we deduce that

m<b, oy <D,

(3.23)

holds for constant b = 252 /(1 —¢3)y2. Hence by (3.22), (3.19), (3.17), (3.23)

and (3.3), it follows that

2gesall | 2Bolldiial

lugyo —ugl| < ldeall dieal (Jugr1 — wel])
< 2llger2ll | 4B ollderlllre ]
= 2l l|de+2|l
(2 + 4b)5
ldirall

Further, by induction, it can be proved that

2[1 — (2b)’] A
1—2b ||t

i — ug]] <

(3.24)

(3.25)

holds for any 0 < i < #—¢t. From (3.25) and the fact that ¢ —¢ < n, we have

c o
e ys — ue|| < Tl V1<i<i-—t,
1

(3.26)



where ¢ = 2[1 — (2b)"]7/(1 — 2b) is constant. (3.26) also holds for i = 0. For
any k, let ¢ be the last restart iterate such that ¢ < k, we have that

”uk+1 - uk” < ||ulc+1 —uz|| + ||u;C — u;
c c
< T T (3.27)
[diall Nl
It follows that
>l <2y S 1y € ) cuy Lo (s
Uk+1 — Uk <S < 4c S .

k>1 k>1 ||dk+1||2 k>1 ||dk||2 k>1 ||dk||2

from which and (3.8) we know that (3.13) holds. O

Now, we denote Z* to be the set of all positive integers and define
Kpy={i€Z" : k<i<k+l—1|sll = lwip1 —ail > A}.  (3.29)
In addition, we use |IC£,Z| to stand for the number of all elements in }Cﬁ,l.

Lemma 3.3 Suppose that x1 is a starting point for which Assumption 1
is satisfied. Consider Algorithm 2, where € = 0, and where the line search
conditions are (1.6) and (3.4). Then if (3.7) holds, there exist a constant
A > 0 and an integer k, such that for any l € Z,

l
KRl > 5 (3.30)
Proof (3.8) implies that
lldk|| = oo, &k — oo, (3.31)

which with (3.3) means that there exists an integer ko such that
1
ol < 3l for all & > . (3.32)

Let ¢, (t >t > ko) to be any consecutive restart iterates and denote

B = max{B 137 0,7} (3.33)
Then we have by (3.23) that

i1 <b. (3.34)
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In addition, if we denote

v (I—a)’ s

3Ly Ly

A = min{

(3.35)

where L is the Lipschitz constant in (3.1), then when ||s¢|| < A, we have by
(3.1), (3.3) and (3.7) that

Ly _ 1

fua < 2 < g (3.36)
Now, we prove by induction that for all 1 <i <t —1,
2[1 — (2b)"] ~
lawsill < 22005 (3.37)
In fact, for ¢ = 1, we have from (3.14) that
1]l < lgestll + Bl dell- (3.38)

The above inequality, (3.32) and the definition of B;41 imply that (3.37)
holds for 7 = 1. Suppose that (3.37) is true for some i satisfying 1 < i < t—t.
Then by the definition of di444+1, (3.32), (3.23), (3.33) and the induction
supposition, we have that

lderisall < Ngerivill + Biripa llderall + g lldel

1 1 — (2b) ~
< §||dt+z‘+1|| + (25%%)@“ +’Y;5ri+1> (Al

1— (2b)"*!
1—-2b

IA

1 -
§||dt+z‘+1|| + Bes1lldell, (3.39)

which implies that (3.37) is also true for ¢ + 1. Thus by induction, (3.37)
holds for all 1 < <t —t.
Assume without loss of generality that b > 3/2. In this case, it follows
by (3.37) that -
[ dirill < (20)" Beralld]l (3.40)

holds for all 1 < ¢ < t—t. For convenience, we also assume that kg is exactly
a restart iterate. Denote

Thoy = {t: ko <t <ko+1—1,t1is arestart iterate}. (3.41)
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Then it follows from (3.40) that for any [ > 1,

ldko+1]l < (20)" ( II ﬁt+1> 1 koll- (3.42)

S

We now proceed by contradiction and assume that for any A > 0 and any
integer k > 1, there exists an integer [ € Z*, such that

11| < % (3.43)

In this case, since k is arbitrary, there exists a sequence [(j) — oo, such that

Ko < % Vi=12,... (3.44)

For any fixed j, if i € [ko, ko +1(j) — 1] but i & Ty, (), we claim that
llsill > A (3.45)

This is because, if i ¢ Ty, ;(;), namely, if 7 is a non-restart iterate, Algorithm
2 satisfies

911191 < ellgival®. (3.46)

Hence if ||s;]| < A and if b is so large that A < %, we get by (3.35),
(3.1), (3.3), (3.7) and the definition of A that

|9i73rlgi| = |||9z'+1||2 - 93;1(9”1 - 9i)|
> lgip1ll” — LAy
> lgit ] — (1 —er)y?
> allginll?, (3.47)

which contradicts (3.46). Thus (3.45) holds for all 4 ¢ T}, ;(;)- Consequently,
if we denote

Chou) = {1 € Thou(y) = llsill < A, (3.48)
we have by (3.44) and (3.45) that
A 3%
P = Trouci)l = % (3.49)
Furthermore, it is clear that
A .
q = Ty 05| <1(5)- (3.50)
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In this case, if in relation (3.42), we use (3.36) when ||s;|| > A and (3.34)
when ||s;]| < A, then

ldkoaipll - < (20)'DbTP(46%) P ||dy, || = 2'D =B OF=4 g |

< (20%)' D2 ldg | < ld (3.51)

where (3.49) and (3.50) are also used. By letting j — oo in (3.51), we obtain
a contradiction to (3.31). Therefore (3.30) must hold. O

The following is our main theorem of this paper.

Theorem 1 Suppose that x1 is a starting point for which Assumption 1
1s satisfied. Consider Algorithm 2, where ¢ = 0, and where the line search
conditions are (1.6) and (3.4). Then the following convergence relation holds

lim inf ||gx|| = O. (3.52)
k—o00

Proof We proceed by contradiction and assume that (3.52) is not satis-
fied. Then (3.7) holds and hence the conditions of Lemmas 3.2 and 3.3 are
satisfied. For any integers [, k, we write

k+1—1
=k = Y lsillus
1=k
k+1—1 k+1—-1

= D sillue+ D llsill(ui — ug). (3.53)
=k =k

Taking norms in (3.53) and using (3.2), we get that

k+1—1 k+1-1
D llsill <2B+ D7 llsillllus — ugll. (3.54)
ik ik

Define A by (3.35) and [ = {8B/\}, where {T'} stands for the smallest integer
not less than 7. Lemma 2 implies that

||u,~+1 — ’U,ZH —0, 11— o0. (3.55)

Then if kg is so large that
1
i1 —wll < o (3.56)
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for all kg <7 < ko+1—1, we have that

ko+i—1 .

1 1
ko si = uroll < D Mujpr —ugl < o5 <5 (3.57)
: 20 — 2
j=ko
for all 1 <4 <. Using (3.54), (3.2), (3.57) and Lemma 3, we obtain
ko+1—1
1 A Al
> — il > = —. .
2825 3l 2 5Kkl > 5 (3.58)

So I < 8B/\, which contradicts the definition of [. Therefore (3.52) must
hold. O
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