








As we know the simplex algorithm, as implemented in MINOS, selects a non-basic variable to enter the basis,
e variable that exited now appears as a

and the leaving variable is determined by a ratio test. After the pivot, th

non-basic variable with a positive reduced cost (in case of non-degeneracy). Hence, the idea of one pivot of the
simplex algorithm in MINOS is to change the sign of one of the negative values from a list of m + 1 values
| context we can expect, o1 the average, that the number of the iterations

into a positive one. In a more generd
approximated by & function of

should be a fraction K of m+n. Therefore, we can conjecture that T can be

the form:
T~ K" (m+n)’ , Q)

where @ and f3 isa pair of real numbers. Our goal is to find the values of these parameters that best fits the data

obtained from a set of empirical observations referring to the computational behaviour of MINOS.

Table 1 shows the number of iterations of MINOS for solving a number of 119 test linear programming
problems of NETLIB [Gay, 1985].

Table 1. Characteristics of the Problems and the Number of Iterations with MINOS.

Name m n iter Name m n jter
25fv47 822 1571 7025 pcb3000 3961 6810 10869
adlittle 57 97 100 pds-2 2954 7535 3074
afiro’ 28 32 9 perold 626 1376 4095
agg 489 163 103 pilot 1442 3652 16273
agg? 517 302 152 pilotd 411 1000 1412
agg3 517 302 172 pilotja 941 1988 6669
band 126 129 26 pilotnov 976 2172 2088
bandm 306 472 476 pilotwe 723 2789 4656
beaconfd 174 262 45 105 51951 9500 1710
blend 75 83 79 recipe 92 180 27
bnll 644 1175 1566 refine 30 33 26
bnl2 2325 3489 4972 rosenl 521 1024 2901
boeingl 352 384 517 rosen2 1033 2048 6059
boeing2 167 143 195 rosen3 2057 4096 12585
brandy 221 249 321 rosen’ 265 512 711
capri 272 353 254 rosens 521 1024 1700
cetsud 1907 3347 2567 rosen? 1033 2048 3084
ch 3853 5062 23306 rosenlO 2057 4096 6730
co5 5879 7993 34355 scl05 106 103 27
cre-a 3517 4067 4015 sc205 206 203 52
cre-c 3069 3678 4337 sc50a 51 48 14
cq5 5150 7530 50423 se50b 51 48 16
czprob 930 3523 1502 scagr2s 472 500 499
cycle 1904 2857 2779 scagr’ 130 140 100
d2q06c 2172 5167 45644 sefxm | 331 457 384
d6cube 416 6184 94360 scfxm?2 661 914 733
degen?2 445 534 1254 scfxm3 991 1371 1150
degen3 1504 1818 6918 sers8 491 1169 769
€226 224 282 488 scsdl 78 760 425
etamacro 401 688 571 scsdo 148 1350 1142
{800 525 854 488 scsd8 398 2750 3028
finnis 498 614 486 sctapl 301 480 243
fitlp 628 1677 843 sctap2 1091 1880 742
fitld 25 1026 2411 sctap3 1481 2480 888
forplan 162 421 323 seba 516 1028 294
ganges 1310 1681 662 sharelb 118 225 209 J
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ge 10340 11098 14449 share2b 97 79 103
gfrd-pnc 617 1092 656 shell 537 1775 323
greenbea 2393 5405 26850 ship041 403 2118 266
greenbeb 2393 5404 12774 ship04s 403 1458 180

grow?7 141 301 111 ship081 779 4283 438
growl5 301 645 285 ship08s 779 2387 256
grow22 441 946 412 shipl2l 1152 5427 837
1srael 175 142 282 ship12s 1152 2763 414
kb2 44 41 51 sierra 1228 2036 1080
ken-07 2427 3602 1826 stair 357 467 512
ken-11 14695 21349 15343 standata 360 1075 101
lotfi 154 308 200 standmps 468 1075 247
maros 847 1443 2225 stoctor] 118 111 56
maros-r7 3137 9408 2520 stocfor2 2158 2031 1925
modszkl 688 1620 1025 tuff 334 587 557
nesm 663 2923 3472 tora4 1179 5454 831
optanyrf 529 1077 3225 tsp42 43 861 283
p0201 134 201 225 vbnl5 2966 4130 5139
p0282 242 282 296 willett 185 494 390
p0291 253 291 91 woodlp 245 2594 755
p0248 177 548 429 woodw 1099 8405 3772
p05 5091 9500 1638 work 1 45 78 45
p2756 756 2756 797 vip 199 203 163
pcb1000 1566 2428 3255

m = number of constraints,
n = number of variables,
iter = number of iterations (MINOS, simplex primal).

Considering this set of 119 LP problems and using I* -regression technique, for different values of parameter
K | the following values of @ and [ have been obtained, table 2:
Table 2. The Values of @ and ,6’ ’

K 124 ¥ij

2 -3.02155 1.18766

3 -1.9063 1.18766

5 -1.3013 1.18766

7 -1.0763 1.18766

8 -1.00718 1.18766
Theretore, it seems that the best-suited formula for 7' 1S:
T~8%(m+n)”, (8)

where ¢ = —1.007 and £ =1187, showing that the number of iterations of MINOS for solving linear
problems is quasi-linear in M -+ 1, with a relatively small coefficient.
Let us consider the behavior of the formula (8) for different numbers of LP problems. Table 3 shows the values
of @ and [ corresponding to some number of LP problems from table 1.

Table 3, The Values of & and /3.

# problems o yii
50 -1.264688 1.294357
60 -1.100808 1.241885
70 -1.057952 1.230226
80 -1.142604 1.258767
90 -1.232220 1.280509
100 -1.172837 1.252718
119 -1.007185 1.187660
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Therefore, we can conjecture that the number of iterations of MINOS package for solving linear programiming
problems is quasi-linear in m + #, with a relatively small coefficient of proportionality. Clearly, this 18 an
empirical result. But, the main aspect which must be emphasized here is that the complexity analysis of the
MINOS is considered here in direct connection with the anatomy of the simplex algorithm. This may suggest
us to consider the algebraic formula (8) as a prediction formula for the number of iterations.

4. Conclusion

Using an empirical approach we have established a closed formula giving the number of iterations of the
MINOS package for solving linear programming problems. Basically, this is quasi-linear m m+n. To

emphasize this result more numerical experiments with MINOS package must be done.

The theoretical analysis of MINOS algorithm remains a very difficult undertaking. In this context it seems that
the MINOS algorithm, like any other one, remains unknown. This suggests us that the only approach we have
to consider is an empirical one. Clearly, in this case the analysis refers to the MINOS package, not to the
MINOS algorithm. However, this is not a big problem because we are most interested into the MINOS package,
for solving real practical problems, than the MINOS algorithm.
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