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Abstract. In this work we present the performance profile of 23 conjugate gradient algorithms
implemented in CGALL package The conjugate gradient algorithms are classified in 5 groups:
classical (HS, FR, PRP, PRP+, CD, LS and DY); hybrid (hDY, hDYz, GN, HuS, TaS and LS-
CD); scaled (BM, BM+, sPRP and sFR); modified (ASDC, A, ACGSD and ACGSDz) and
parametric (DL and DL+). We give computational evidence that ACGSD, PRP+, hDYz and BM
conjugate gradients are the top performer among the algorithms considered in this study.

1. Introduction.

In this work we present the computational performance profile of the conjugate gradient
algorithms. We analyze 23 conjugate gradient algorithms which are implemented in CGALL
package. CGALL is a Fortran package.

The conjugate gradient algorithms are defined by the following recurence:

X = X+ dy

dk+1 =0+ LSk do =—0,
where ¢, is the steplength determined by the Wolfe line search and the parameter S, is
computed as in Table 1.

Table 1. Conjugate gradient algorithms considered in CGALL package.

Nr. | File Formula Name
1. Z1 T Hestenes and Stiefel (HS)
HS Y Ok
kK TTOT
Yi Sk
2 Z2 T Fletcher and Reeves (FR
R _ Jiaka (FR)
k™ T
9x 9i
= =
3 Z3 ore Ya Oiut Polak-Ribiere and Polyak (PRP)
ko T 4T
9« 9i
4. Z4 yT 9 Polak-Ribiere and Polyak +
kPRP+ = max 0,% (PRP+)
9« 9k
5 Z5 T Conjugate Descent — Fletcher
Ch _ gk+lgk+l
k - T (CD)
9 di
= -
6 Z6 s YiOe Lui and Storey (LS)
ko T
9 dy




7. Z7 T Dai and Yuan (DY
DY __ gk+lgk+l ( )
k T T
Yi S
- - -
8. Z8 oL gk+l(yk —tsk) Dai and Liao (DL)
k= T
Yi Sk
9. Z9 T T Dai and Liao + (DL+
o A (BL)
- =max<0,—< t—
Yy Sk Yi Sk
10. | Z10 T T T Andrei Sufficient Descent
ASDC __ gk+lgk+l _ (yk gk+1)(sk gk+1) Condition
" = .
Y Si (Vese)? Please, see the paper for AML,
AML5382.
T~
( Y Qk+1 =0 )
11. | 711 hDY DY ;i HS DY Hybrid DY (hDY
g :max{c,Bk min{ 8, B, }} y (DY)
12. | 212 thYz _ max{O, min{ kHS’ kDY }} Hybrid DY zero (hDYZz)
13. | Z13 kGN _ max{— kFR,min{ kPRP’ kFR}} Gilbert and Nocedal (GN)
14. | 714 kHuS _ max{O, min{ kPRP’ kFR}} Hu and Storey (HuS)
15. | Z15 PRP PRP FR Touati-Ahmed and Storey (TaS
s _[BIT 0< BT < BT, y (T2)
“ "R otherwise
16. | Z16 kLS—CD _ max{O, min{ kLS’ kco}} Hybrid LS, CD (LS-CD)
17. | Z17 T Birgin and Martinez,
o _ (0% =S Gen Scaglled Perry
ko T
Yi S
18. | Z18 T T Brigin and Martinez +
BM+ __ eyk gk+l Sk gk+l g
. =maxs0,— ——
Yi Sk Yic Sk
19. | Z19 T Scaled Polak-Ribiere-Polyak
SPRP _ G Yi G (sPRP) Y
k - T
6,9, 9,
20. | Z20 T Scaled Fletcher-Reeves (sFR
sFR __ 9k+lgk+1gk+1 ( )
k= T
6,9, 9
21. | 221 T T Andrei (Sufficient descent
Bl = Tl Y Oy _M condition from PRP)
Yy Sk dy 9« Please, see Remark 8.3.3 and
formula (8.3.130) in the book:
Neculai Andrei, “Criticism of the
Unconstrained Optimization
Algorithms Reasoning”.
22. | Z22 T T T Andrei (Sufficient descent
X =
Vi Si (Ve s)? Please see paper for SIOPT,
#067836.
T~
( Yk Qk+lgk+l =0)
23. | Z23 Andrei (Sufficient descent

=
Yi Sk

kACGSDz _ max{o, yITngrl }(1_ SI Qi

Yi Sk

|

condition from DY zero)
(ACGSDz)




In the scaled conjugate gradient the searching direction is computed as
dk+1 =101+ BiSc
where the parameter 6, is the inverse of the Rayleigh quotient :
_ S
k+1 — y; Sk
and S, = X3 = X¢» Vi = Osg — Gk

The test problems are the unconstrained problems in the CUTE library, along with other
large-scale optimization problems. We selected 75 large-scale unconstrained optimization
problems in extended or generalized form. For each function we have considered ten
numerical experiments with the number of variables n =1000,2000, ...,10000.

All algorithms implement the Wolfe line search conditions with o; = 0.0001 and o, =0.9,

and the same stopping criterion Hgk“wﬁlo‘e,where || is the maximum absolute
component of a vector.

The comparisons of algorithms are given in the following context. Let f"**"and f.**°* be
the optimal value found by ALG1 and ALG2, for problem i=1,...,750, respectively. We
say that, in the particular problem i, the performance of ALG1 was better than the
performance of ALG2 if:

f ALGl f ALG2 < 10—3

i i
and the number of iterations, or the number of function-gradient evaluations, or the CPU time
of ALG1 was less than the number of iterations, or the number of function-gradient
evaluations, or the CPU time corresponding to ALG2, respectively.
All codes are written in double precision Fortran and compiled with f77 (default compiler
settings) on an Intel Pentium 4, 1.8GHz workstation. CGALL package was designed and

written by Andrei. The Dolan-Moré performance profile is given by means of PERF2N and
PERFNN Fortran programs, written by Andrei.

2. Performance Profiles of Classical Conjugate Gradient Algorithms

In this section we present the performance profile of Dolan and Moré, corresponding to the
classical conjugate gradient algorithms implemented in CGALL. Table 2 presents the
classical conjugate gradient algorithms.

Table 2. Classical conjugate gradient algorithms.

Nr. | File Formula Name
1. Z1 T Hestenes and Stiefel (HS)
HS Y Ok
k T
Yi Sk
2 Z2 T Fletcher and Reeves (FR
FR __ gk+lgk+1 ( )
k T 7T
Ok 9
= =
3 Z3 ore Ya Oius Polak-Ribiere and Polyak (PRP)
ko T 4T
9« 9i
4. Z4 yT 9 Polak-Ribiere and Polyak +
kPRP+ = max 0,% (PRP+)
O« 9k
5 Z5 T Conjugate Descent — Fletcher
Ch _ gk+lgk+l
P = Skl (CD)
9 di




z T Lui an rey (L
6 6 s YeOes ui and Storey (LS)
ko T
g, dy
7 zi T Dai and Yuan (DY
DY __ gk+lgk+l ( )
ko T
Yk Sk
1 I I I I
0951 .
0.9+ i
0851 -
0.8 -
PRP PRP+ =
0.75 1 #iter 192 290 230 )
’ #g 232 330 150
07k cpu 228 333 151 i
0651 -
06 :
055+ CPU time metric, 712 problems -
0_5 1 1 | 1 1 1 1
0 2 4 6 8 10 12 14 16

Fig. 2.1. Performance profile of Polak-Ribiére-Polyak (PRP) and Polak-Ribiére-Polyak+ (PRP+).
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0.7 339 282 M5 |
) 340 284 102
065F .
06 .
055F CPU tirne metric, 706 problems .
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Fig. 2.2. Performance profile of Hestenes-Stiefel (HS) and Polak-Ribiere-Polyak+ (PRP+).
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Fig. 2.3. Performance profile of Polak-Ribiére-Polyak+ (PRP+) and Dai-Yuan (DY).
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Fig. 2.4. Performance profile of Hestenes-Stiefel (HS) and Dai-Yuan (DY).
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Fig. 2.5. Performance profile of Polak-Ribiére-Polyak+ (PRP+) and Liu-Storey (LS).
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Fig. 2.6 Performance profile of Feltcher-Reeves (FR), Conjugate-Descent (CD) and Dai-Yuan (DY).
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06 PRP+ 379 311 298 7
LS 321 257 257
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Fig. 2.7 Performance profile of Hestenes-Stiefel (HS), Polak-Ribiére-Polyak+ (PRP+) and Liu-Storey
(LS).
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Fig. 2.8. Performance profile of HS, FR, PRP, PRP+, CD, LS, DY.



Hager and Zhang' present an excellent survey of conjugate gradient algorithms insisting on
their global convergence properties. The conjugate gradient algorithms are classified in two
large groups:

- methods with g, in the numerator of 4, , like FR, CD, DY and
- methods with g;.,Y, in the numerator of 3, like HS, PRP, PRP+, LS.

Despite the strong convergence theory that has been developed for methods with ||gk+1||2 in

the numerator of /3, , all these methods are susceptible to jamming, i.e. they begin to take
small steps without making a significant progress to the minimum. On the other hand, the
methods with gV, in the numerator of /3, possess a built-in restart feature that addresses
the jamming phenomenon. The methods with g, .y, in the numerator of A, automatically
adjust S, to avoid jamming, having better computational performances than the performance

of methods with g, ,|* in the numerator of 4,. This is illustrated in Figure 1.8 above,
where the CPU performance profile of all classical conjugate gradient algorithms is presented.

We notice in Figure 1.8 that the performance profile of the classical methods, are grouped as
the classification of Hager and Zhang. The methods with g,,Y, in the numerator of £, (HS,
PRP, PRP+, LS) are more robust.

In Figure 1.7 we see that the LS and PRP+ algorithms are top performer in their class. They
are the most robust, having the best computational performances.

3. Performance Profiles of Hybrid Conjugate Gradient Algorithms
In this section we consider the hybrid conjugate gradient algorithms where the parameter /3,

is computed as in Table 3. These methods represent a combination of the classical conjugate
gradient methods proposed to exploit the attractive properties both of methods with ||gk+l||2 in

the numerator of A, and the methods with g, ,y, in the numerator of /3, .

Table 3. Hybrid conjugate gradient algorithms.

Nr. File Formula Author(s)

1. Z11 thY _ max{cﬂkDY , min{ kHS, kDY }} Hybrid DY (hDY)

2. Z12 thYz _ max{o, min{ kHS’ kDY }} Hybrid DY zero (hDYZz)

3. Z13 kGN _ max{_ kFR’min{ kPRP’ kFR}} Gilbert and Nocedal (GN)

4. Z14 kHuS _ max{O, min{ kPRP’ kFR}} Hu and Storey (HuS)

5. Z15 s _ { kPRP 0< ,BkPRP < ,BkFR' ;I’To;Sa)ti—Ahmed and Storey
“ o otherwise

6. Z16 L5-CD _ may {0, min { LS. kca}} Hybrid LS, CD (LS-CD)

1 W.W. Hager, H. Zhang, A survey of nonlinear conjugate gradient methods. Pacific Journal of
Optimization, 2 (2006), pp. 35-58.



1 T T T T T T T :'
095+
09r
hybrid Dai-Yuan (hDY)
085+
08 hybrid Dai-Yuan zero (hDYz) T
0.75} hDY hDYz = 1
#iter 154 281 269
07k #g 211 35 TR
cpu 230 316 153
0.65 - A
06 CPU time metric, 704 problems 7
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Fig. 3.1. Performance profile of Hybrid Dai-Yuan (hDY) and Hybrid Dai-Yuan zero (hDYz).

1]
0.9+
0.8 i i
hybnd Dai-Yuan zero (hDYz)
hD¥z GN =
07k #iter 368 122 2058
#fg 418 145 132
cpu 417 176 102
0.6 .
Gilbert-Nocedal (GM)
05+ .
CPU time metric, 695 problems
04 —. 1 1 1 | | | |
0 2 4 6 3 10 12 14 16

Fig. 3.2. Performance profile of Hybrid Dai-Yuan zero (hDYz) and Gilbert-Nocedal (GN).



h
09l Hu-Storey (HuS)
0Bk hybrid Dai-Yuan zera (hDYz) 4
0.7k hDYz HuS = )
’ #iter 298 187 213
#ig 351 198 149
cpu 381 233 104
06 .
0.5} .
CPU time metric, 698 problems
0_4 1 1 1 1 1 1 1
0 2 4 G g 10 12 14 16

1F e
1
0.9+
hybrid Dai-Yuan zero (hDYz)
0.8 Touati-Ahmed and Storey (TaS) -
07k hDYz TaS =
’ #iter 375 150 176
#g 426 167 108
cpu 417 1FF 107
06 .
0.5+ .
CPU time metric, 701 problems
0_4 1 1 1 1 1 1 1
0 2 4 6 B 10 12 14 16

Fig. 3.4. Performance profile of Hybrid Dai-Yuan zero (hDYz) and Touati-Ahmed and Storey (TaS).
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h
095+
09F Liu-Storey and Conjugate-Descent (LS-CD)
085+ .
0Bk hybrid Dai-Yuan zero (hDYz) 4
el hDYz LS-CD =
#ter 283 202 220
0.7 #y 313 23 153
cpu 329 250 126
065+ .
0.6 .
0.55 CPU time metric, 705 problems ]
0_5 | | 1 1 1 | |
0 2 4 6 B 10 12 14 16

Fig. 3.5. Performance profile of Hybrid Dai-Yuan zero (hDYz) and
Liu-Storey and Conjugate-Descent (LS-CD).

1 [ T T T T T T T :'
095+
0.9+
085 Hu-Storey (HuS)
0Bk GN Hus = |
#iter 155 305 254
075k #g 200 337 17T
cpu 217 357 140
0.7 Gilbert-Mocedal (GN) s
065+ .
06} s
055 CPU time metric, 714 problems .
0_5 | | 1 1 1 | |
0 2 4 6 B 10 12 14 16

Fig. 3.6. Performance profile of Gilbert-Nocedal (GN) and Hu-Storey (HuS).



r D
0.95 -
09t Gilbert-Motedal {GN)
ngst Touati-Ahmed and Storey (TaS) i
08 i
GM TasS =
#iter 238 234 245
0.751 #g 285 273 159
cpu 297 285 135
0.7k i
0.65F -
0E} CPU time metric, 717 problems |
0_55 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16

- — . E— . — - E— - - “S— - — j
0.9+
08r Gilbert-Nocedal (GM)
Hu-Storey (HuS)
0.7+ .
#ter #g CPU
06 hDYz 485 466 418 1
G 268 222 202
05| HuS 351 297 275
hybrid Dai-Yuan zero (hDYz)
04 .
0.3 CPU time metric, 689 problems ]
0_2 | | 1 1 1 | |
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Fig. 3.8. Performance profile of hybrid Dai-Yuan zero (hDYz), Gilbert-Nocedal (GN) and
Hu-Storey (HuS).

From these Tables we se that the hybrid Dai-Yuan zero (hDYZz) is the best variant of hybrid
conjugate gradient algorithms.
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4. Performance Profiles of Scaled Conjugate Gradient Algorithms

The scaled conjugate gradient algorithms are defined by the recurrence:

X1 =X T d,
s =019 + BSe»

where the parameter 6, is the inverse of the Rayleigh quotient :

and S, =X, — X, Yy =09,., —0,. The parameter S, is computed as in Table 4.

T

_ S
T

Yic Sk

k+1

Table 4. Scaled conjugate gradient algorithms.
Nr. | File Formula Name
1. | z17 0 T Birgin and Martinez
- S 1
kBM — ( yk Tk) gk+1 Scaled Perry
Yi S
2. | Z18 T T Brigin and Martinez +
BM+ _ maX{O eyk gk+l}_ Sk gk+l g
k - ! T T
Yi Sk Yi Sk
3. | 719 T Scaled Polak-Ribiere-Polyak
sPRP _ 6k+lyk gk+l (SPRP) y
k - 9 T
6,9, 9y
4. | Z20 T Scaled Fletcher-Reeves (SFR
sFR __ 9k+1gk+lgk+l ( )
ko T
26,9, 9y
1
Birgin-Martinez+ (Bl+)
Birgin-Martinez (BM)
0.3 BM  BM+
’ #ter 236 194
#g 280 229
cpu 286 234
CPU time metric, 710 problems
U_E —- 1 1 1 1 1 1

Fig. 4.1. Performance profile of Birgin-Martinez (BM) and Birgin-Martinez+ (BM+).
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Fig. 4.3. Performance profile of Birgin-Martinez (BM) and scaled Fletcher-Reeves (SFR).

Birgin-Martinez (BM)

scaled Polak-Ribiere-Polyak (sPRP) .

BM sPRP =
#iter 385 121 187 7
#g 425 139 139
cpu 414 159 130

CPU time metric, 703 problems

4 G g 10 12 14 16

Birgin-Martinez (BM)

BM sFR = J
#iter 468 60 160
#g 425 133 103
cpu 458 148 82 -

scaled Fletcher-Reeves (sFR)

CPU time etric, 633 problems

4 b g 10 12 14 16
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095+
o scaled Polak-Ribiere-Polyak (sPRP)
Polak-Ribiere-Polyak (PRF}
085+ .
08| PRF sPRP = .
#iter 233 137 331
075+ #g 250 176 275 i
’ cpu 304 200 197
0.7 .
065+ .
06 CPU time metric, 701 problems .
0_55 | | 1 1 1 | |
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Fig. 4.4. Performance profile of Polak-Ribiére-Polyak (PRP) and scaled Polak-Ribiere-Polyak (sPRP).

1 [ T T T T T T T
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0ok scaled Fletcher-Reeves i
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#ter 124 111 500
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[]_55 | | 1 1 1 | |
0 2 4 6 8 10 12 14 16

Fig. 4.5. Performance profile of Fletcher-Reeves (FR) and scaled Fletcher-Reeves (sFR).
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#ter 95 404 180
| #g 182 385 112 |
cpu 173 410 96
CPU time metric, 679 problems
0 4 G g 10 12 14

16

Fig. 4.7. Performance profile of scaled Fletcher-Reeves (sFR) and scaled Polak-Ribiere-Polyak (sPRP).
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0.8+
0.8
scaled Polak-Ribiere-Polyak (sPRP)
0.7+ .
Birgin-Martinez (BM)
06 .
#ter #g cpu
05l scaled Fletcher-Reeves (sFR) B B28 487 488 |
' sPRP 265 219 223
sFR 187 195 185
04r .
S CPU time metric, 669 problems ]
0_2 | | 1 1 1 | |
0 2 4 G g 10 12 14 16

Fig. 4.8. Performance profile of BM, sPRP and sFR.

The Figures above give the computational evidence that Birgin-Martinez (BM) conjugate
gradient algorithm is the top performer in this class. The Polak-Ribiére-Polyak (PRP)
algorithm is way more competitive than Fletcher-Reeves (FR), both in original and scaled
variants.

5. Performance Profiles of Parametric Conjugate Gradient Algorithms

As we have already seen in the above Figures (Fig. 2.8, Fig. 3.8 and Fig. 4.8) the PRP+,
hDYz and BM are the best conjugate gradient algorithms, subject to the CPU time metric.
The hybrid and parametric conjugate gradient methods have been introduced in order to
combine the good properties of these methods and to exploit the attractive features of them.
The parametric family of conjugate gradient methods was mainly designed to integrate the
conjugate gradient algorithms in the same manner as the quasi-Newton methods have been
combined together by introducing parameters.

In CGALL only two parametric conjugate gradient algorithms are implemented as in Table 5.
We selected only the Dai and Liao parametric conjugate gradient method since it has only one
parameter t, which can by very easy modified. However we implemented in CGALL the DL
and DL+ algorithms with t =1. Different values for t give different computational results,
and for general functions it is very difficult to predict an advantageous value for t .

Table 5. Parametric conjugate gradient algorithms.

= - -
1. Z8 oL gk+l(yk —tsk) Dai and Liao (DL)

k T

Yy Sk

2. Z9 T T Dai and Liao + (DL+

DL+ _ maX{O yk gk+1}_t sk gk+1 ( )

ko = T T

Yi S Yic S

17



1 T T T T T I I JIJ
0951 .
09F .
Dai-Liao (DL) {t=1)
085 .
08 Dai-Liao+ {DL+) {t=1) 1
0751 DL DL+ = A
#iter 176 306 228
07F #g 221 340 148
cpu 233 338 139
065 .
06| .
055 | CPU time metric, 710 problems |
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0 2 4 G B 10 12 14 16

Fig. 5.1. Performance profile of Dai-Liao (DL) (t=1) and Dai-Liao+ (DL+) (t=1).

h
0.95 -
09 Polak-Ribiere-Polyak+ (PRP+)
0.85 .
Dai-Liao {DL) {t=1}
0.8 .
DL PRP+ =
0.75}F iter 253 251 203
#g 332 254 121
07k cpu 319 263 125
0.65 .
06 CPU time metric, 707 problems .
0_55 e 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16

Fig. 5.2. Performance profile of Dai-Liao (DL) (t=1) and Polak-Ribiére-Polyak+ (PRP+).
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1]
095}
0.9 hybrid Dai-Yuan zero (hDYz)
085} o .
Dai-Liao (DL} {t=1)
0.8} -
DL hDYz =
#iter 191 283 217
0.75 1 #y 246 307 138
cpu 254 304 133
0.7} -
0.65} -
06} CPU time metric, 691 problems .
[]_55 1 1 1 1 1 1 1
0 2 4 g 8 10 12 14 16

Fig. 5.3. Performance profile of Dai-Liao (DL) (t=1) and hybrid Dai-Yuan zero (hDYz).

1]
0951
03 Birgin-Martinez (BM)
0B85 .
0alk Dai-Liao (DL} {t=1) )
DL BM =
0751 #iter 205 292 205 -
#g 238 331 133
07k cpu 248 324 130 4
065 .
06 .
055t CPU time metric, 702 problems 4
0_5 | | 1 1 1 | |
0 2 4 6 B 10 12 14 16

Fig. 5.4. Performance profile of Dai-Liao (DL) (t=1) and Birgin-Martinez (BM).
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6. Performance Profiles of Modified Conjugate Gradient Algorithms

In this section we present some conjugate gradient algorithms obtained by modification of
classical conjugate gradient algorithms in order to satisfy the conjugacy condition as well as
the sufficient descent condition. These algorithms are described in Table 6.

Table 6. Modified conjugate gradient algorithms.

T T T i ici
L 210 ASDC __ gk+lgk+l (yk gk+1)(sk gk+l) énd(rﬁl-SUffICIent Descent
. == - Y ondition.
Yi Sk (Vi Sk) Please, see the paper for AML,
AML5382%,
T~
(Y« Qs =0)
2. | Z21 T T Andrei (Sufficient descent
Bl = Tl Ve O —M condition from PRP)
Yi Sk Oy 9« Please, see Remark 8.3.3 and
formula (8.3.130) in the book:
Neculai Andrei, “Criticism of the
Unconstrained Optimization
Algorithms Reasoning”.
3. | Z22 T T T Andrei (Sufficient descent
S .
Yi S (Y, Se) Please see paper for SIOPT,
Manuscris #067836°.
T~
(Y« Q190 =0)
4, | Z23 v g s'g Andrei (Sufficient descent
kACGSDZ =max<0, kT kit L)k = k+l condition from DY zero)
k Sk Yi Sk (ACGSDz)
1
095
09F
Lty A {from PRP) T
08 .
ASDC A =
075} #iter 244 249 195 -
#g 314 251 123
0Tk cpu 344 219 125 i
065 .
06 -
0551 CPU time metric, 638 problems .
0_5 —- 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16

Fig. 6.1. Performance profile of ASDC and A (from PRP).

2 Neculai Andrei, Dai-Yuan conjugate gradient algorithm with sufficient descent and conjugacy
conditions for unconstrained optimization. Submitted AML, paper No. 5382, November 20, 2006.

® Neculai Andrei, Another nonlinear conjugate gradient algorithm with conjugacy and sufficient
descent conditions for unconstrained optimization. Submitted SIOPT, paper No. 067836, December 22,

2006.
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Fig. 6.3. Performance profile of ACGSD (from DY) and ACGSDz.
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6.4. Performance profile of ACGSD (from DY) and Polak-Ribiere-Polak+ (PRP+).
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Fig. 6.5. Performance profile of ACGSD (from DY) and Hybrid Dai-Yuan zero (hDY?z).
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Fig. 6.7. Performance profile of ACGSD (from DY) and Dai-Liao (DL).
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7. Conclusion
We have presented the performance profile of 23 conjugate gradient algorithms implemented
in CGALL package. All algorithms are implemented in the same manner, and use the Wolfe

line search conditions and the same stopping criterion |g, || <107°. From the above Figures
it follows that the best variants of conjugate gradient algorithms are PRP+, hDYz, BM
(6, ,spectral), DL and ACGSD (from DY).

Figure 7.1 shows the performance profile of the most competitive conjugate gradient
algorithms implemented in CGALL package. We see that ACGSD (from DY) is the most
robust conjugate gradient algorithm, at least for this set of test functions.
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Fig. 7.1. Performance profile of PRP+, hDYz, BM, DL, ACGSD (from DY).
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