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ABSTRACT

It 18 not uncommon for many firms in the mineral
industry to run large linear programming codes ortimizing
refinery rroduction or transportation scheduling which
may take 30 hours or more of computer run time. Therefore,
they are always interested in new techniques which may
reduce this comphtation time. Surfogated linear programming
is a non-simplex type of linear programming which has been
rromoted to be froa two to ten times computationally faster
than the traditional simrlex method.

The purrose of this paper is three-fold: to develop
and discuss a simple iterative technique for use in the
surrogated linear programming algorithm; to discount al-
legations about the comrutational efficiency of surrogated
linear programming; and to prorose a method of combining
surrogated linear programming with the simrlex method.

Some published examrle problems are solved to emrhasize
my conjectures and some suggestions for further study are

made.
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INTRODUCTION

Linear programming‘(LP) has gained widespread arpli-
cation in industries throughout the world since the develop-
ment of the simplex algorithm by George Dantzig in 1947.
Some of the arplications of linear programming in the
mineral industry are described by Syronds(1$55) and
Henderson(1958).

In the real world, linear programming problems are
always very large and often require immense amounts of
computer time to execute. Although recent developments have
increased linear rrogramning efficiency somewhat, Smart
(1960) estimated solution time on a UTECOM computer -
equivalent tc an IBM 701 - ¢to be 20 x n x m milliseconds
rer plvot where n is the number of problem variables and m
is the number of problem constraints. A small refinery
problem may have 500 variables and 200 constraints or have
an estimated solution time of 20 X 500 X 200/1000 = 2000
seconds or over 30 minutes.,

Therefore, suggestions for methcds of reducing linear
rrograzming comrutation times are always welcomed. John
Dittman and Glenn Staats(1973b,p.327-332) recently rub-
lished the results in Table 1 obtained using a surrogated
linear proérammiuz algorithm. These results imrly consid-
erable time savings by this non-simplex technique and have

promoted this study.
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Surrogated linear programmipg solves a series of one
constraint linear programming’ problems. The one constraint
(surrogate constraint) is formed by weighting and summing
all of the original problem conatrainté in such a way that
a solution closer to optimal (infeasible, better than op-
timal) is obtained at each stage. Fred Glover (1965) first
introduced the idea of surrogation as an aid in solving in-
teger programming problems.

The most imrortant ster in the surrogated LP algorithm
is changing the constraint weights (surrogate multirliers)
tc obtain the better surrogate solution at each stage. I
discovered a relatively simrle method of changing weights
which I develor and discuss in this rarer. Basically it
consists of plugging the surrogate solution back into the
original constraints an? then multiplying these constraint
values by the 0ld constraint weights to obtain the new
weights.

There are some rroblems in getting the surrogated
linear rrogramming algorithm to converge to the optimal
solution. No proof of convergence has been attempted
and neither Dittman (1973a) nor Dittman and Staats (19730)
surplies all of the "tricks" they used to induce conver-
gence Qnd obtain the results in Table 1.

Because of these convergence rroblems, the surrogated
LP algorithm may not prove to be a very good alternative

to the simplex method. Fred Glover has suggested that
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surrogation may possioly be used to merely aid the simplex
method by determining which variables will be basic at
optimality and by determining tight and loose constraints.
This study expands on the above topics and solves
eome examrle prodblems to illustrate the descrived methods
and surport my opinions. Areas for further study of sur-

rogation in linear programming are also suggested.
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THE SURROGATED LINEAR PROGRAMMING ALGORITHM

Surrogated linear programming solves linear program-
ming rroblems by combining all of the linear constraints
into a single constraint and solving a series of one con-
straint linear rrogramming problems.

Note that any n variable, m constraint linear pro-

gramming problem can be written in the following form:

maximize 2 4%y
i=
ca::X: < Dbs iZ1, 00
subject to jglainJ £Db; for i=1, ,m
XJZ.O for j=1,...,n
where bj=1,-1, or Q.

The surrogate vector is defined to be the vector of
normalized constraint multirliers h = (hy,hp,ees,hy)T
such that 1%1111:1 and 0 £hj<1 for i=1,...,ms When the
original LP constraints above are multiplied by this sur-

rogate vector and summed, the following one constraint

LP rroblem results:

n
maximize Jdc.ix
;j.]_ J j ‘{\
; : 1BRAR
subject to ‘J=£; ijj Sbs ‘ARTHUR LAKES 11 M

ORADO S
XJ 20 for j=1, “')nc,?%LOLD:ENf CO

m m
where 8y = Z‘lhiaij and by -iz.lhibi.
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The solution to the above cne constraint LP problem
i8 trivial (See Table 2). Hence, the problem becomes that
of finding the normalized surrogate vector h = (hl,ha,...,hm)T
gsuch that the solution to the surrogated LP problem is
identical to the solution to the original LP problem.
Dittman (1973a,p.22-26) discusses the existence and unique-
ness of this optimal surrogate vector gf in depth.

The basic algorithm for finding h* 1s as follows:

Step 1: Select an initial surrogate vector h = (hj,hy,eee,h.)

such that i%].hi: 1l and Oshiﬁl for i=1,eee,m
which has a bounded surrogate solution found
from Table 2.

Step 2: Plug the surrogated linear programming (SLP) solu-
tion (only one variaole, xs, will have a value
other than zero) back into the original LP con-
straints and calculate the left hand sides -

LHS, = aijxg for i;l,;..,m.

Step 3: If the LP constraint i is undersatisfied, it has
been given too much weight in the surrogated con-
straint and 1ts multirlier h;y should be reduced.
Likewise, 1f the i*B LP constraint is violated, the
constraint needs to oe made more influential in
fhe SLP problem and its corresponding multirlier
should be increased. Exactl& satisfied constraints'

multirliers remain unchanged. The surrogate vector

h must remain normalized,
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Steﬁ 4: Calculate the new SLP problem solution using Table 2.
If the new set of multipliers results in a bettér
solution (nearer optimal) and is not within the
stopping criterion, go to Step 2. If a worse
solution is obtained, the multirliers have been
changed too much; so return to Step 3 and reduce
the amount of change. If the new bétter solution
is within some tolerance of the previous best,
the optimal surrogate vector gf has been found.
Stop.

When the optimal surrogate vector h' is found by the
above algorithm, the objective function value of the surro-
gated problem (Zsf is equal to that of the original problem at
optimality. However, the optimal problem v;riable values
are undetermined. Dittman (1973a,pe111-118) showed that for
any feasivble vector of surrogate multipliers a feasible sol-
ution to the problem's dual having the same objective func-
tion value can be ootained by

Wy = 25e03/bg  for i=1,...,m

where w; represents the 1D 4ual variable.

Technlques of changing the surrogate multirpliers.

(Step 3 above) are discussed in more detail in the en-

sueing material along with the algorithals drawbacks.

1RRARY
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Table 2. Solution of a One Constraint LP Problem
03,331,00,0,11 Bj,jgl,QOC,n bs SOLUTION
.8.1’1 all
nonnegative ne gz;,t ive Any
some positive Sign
scme nesgative Unbounded
ome rositive 1 An
Eome negative| 211 negative Sién
A Jnbounded unless ¢.>0 imrlies
scme positive Slily sj>0 and max icj/gj;cj,sj>02
scme negative en < min ic /g c. .8 <O}
3 3773273273
Positive If bounded,
or . bs/sk =k
Zero X3 Lo ik
where ck/sk-mzxicj/sj 3C 5 ,8370}
. If bounded
Negativp . {bshk i=k
Xi= (0 i
where ck/sk=m‘%n{cj/ej;cj,sj<0}
aTl -
nonnegat ive x*= gbs/sk 1=k
or - . i© (0 i#k
ome positive| all positive [Positive| where c)/sy=max {cj/sj;cj>0}
ocme negative J
allot;egative Negative = ibs/ék 1=k
all some rositive 1 O ifk
nonpositive |some negahve where °k/8k=m3n 5,03/83;83«)}
Zero
any sign , .
combination [Positive x* =0
any sign all £ero
combination positive Negative No Feasible Solution



T-1725 9

A SIMPLE METHOD OF CHANRGING SURROGATE MULTIPLIERS

Given a feasible surrogate vector h and a SLP problem
solution x;, I suggest the following method of changing
surrogate multirliers:

hjy = hy* LHS; for i1, ...,m
where LHS;'s are calculated by plugging xs into the original

.LP problem reformulated as:
maximize ﬁc > &
j=1 99
subject to 'nz.aijxj + 1 -Dbj41l for i=1,...,me
i=1
Note that if the LHS; is less than 1, the ith constraint
is undersatisfied and its surrogate multirlier should be
reduced - as is the case above when h_i is multirlied by a
fraction less than 1. When LHS; is equal to 1, the LP
problem constraint is exactly satisfied and hj = hjel = hj,
For violated constraints, LHS;'s will be greater than 1 and

the corres‘ponding_surrogate multiprliers will be increased.

Theorem: If p_' is calculated by the above method, it will

be a normaiized surrogate vector.
Proof. Recall the SLF problem definition:
maximize 2cjxj
J=1
subject to leijj <bg
:‘ XJZO fer J,=l' see,

where sy =1121hi”'1) and bg = g{’ibi'



T-1725 10

The SLP problem solution is x; = bs/sj where j 1is
the index of the only nonzero variable.
Now, from the above LP probleam reformulation note
that
LHS; = (xja;;+K - by)/E  for i=l,..e,m
whers K=1.
The surrogate vector gf is then defined by:
hj = hj*LHS; = hye (xja;#K-bj)/K  for i=1,...,m.
Summing the surrogate multipliers of gf:

', .t '
hl+h2 * oee t hm = hlLHSI+h2LH32+ seet thHSm
'1/K [hl(xsalj*’ K-bl )+h2 (X3323+x-b2)+ see ¥ hm(x;&mj +K—bm )}

8 . 1l
J
'I/K [xs (hlalJ+ hE}{J'-f .o o+hm&mj )+X(h1+h2 %‘{'hm) ) bs

- (h1b1+h2b2+ . o)j")glbm )]

- * -

=1/K [(bs/sj)'sj + K—bs]

=1/K [ by + K - vy

K/X

1.
Hence, the calculated surrogate vector'g' is indeed

normalized and the proof is comrlste.
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Note that in the above theorem ﬁlremained normalized

independent of the quantity K. Therefore, K can be increased
if negative LHSl's are incurred. Also, larger values of
K result in smaller degrees of change to the surrogate
multiprliers. Thus, K can merely be increased fo calculate'
LHSi'a if the previous amount of change was too great
(resulted in a worse objective function value or an un-
'bounded solution).

Also note that the surrogate multirliers will remain
normalized independent of their original sum.

An examrle problem is solved below to demonstrate

the above described method.
‘ARTHUR LAKES LIBRARY

' COLORADO SCHOOL of MINES
e e CGOLDEN, COLORADO 80401
subject to 3xy + 4x541
u'xl + 2 x2 <L1l.

ssass  JTERATION 1  *e*s» :
Choose an initial set of surrogate multipliers as h = (1,1).

The surrogated problem then becomes:
maximize Xy + exy
subject to 7x, + 6x,<2.

The surrogated solution is: x = (0,4333) and 2 = .667.
Changing the surrogate multirliers:

3(0) + 4(.333) = 1,333
4(0) + 2(«333) = 667

(1)1.333 = 1.33
(1).667 = .66%.

T
m
=R
= n
L ]
%wv“ll
-t
non

h'
bz
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(2 R R R ] ITERATION 2 (X R R R ]
The new set of surrogate multipliers: h = (1.333,.667).

The surrogated problem:
maximize x3 + 2x
subject to 6e 667X1 + 60667)(2 2.

The surrogated solution: x = (0,.3) and Z; = .6 < 4667,
Changing the surrogate multirliers:

AL I S s
ﬁ% Calet Tk,

Shess ITERATION 3 L EX X TN
.The new set of surrogate multirliers: h = (1.6, .4).
The surrogated problem:

hj-LHS,

maximize X1 + 2x2
subject to 6b.lx, + Te2xp <2,

The surrogated solution: x = (0,.278) and Zg = «556<.6.
Changing the surrogate multipliers:

LHS] = 3(0) + 4(.278) = 1.111
LHS; = 4(0) + 2(.278) = .5%6

1
h] = h1-LHS] = (1.6)1.111 = 1.778
H; = hZ.LHSZ = €04)0556 = 0222.

sxssr  ITERATION 4 #eees
The new set of surrogate multipliers: h = (1.778,.222).
Surrogate solution: x = (0,.265) and Zg = 529 < 556
Calculate new surrogate multirliers:

1.778)1.05
g g.egg).529 2

1,882

hj - LHSy 13z

> = 112-1..1\182
ssses ITERATION 5 sease

Surrogate multirliers: h = (1.882,.118).
Surrogate solution: x = (0,.258) and Zg = .515 < .529
Calculate the new surrogate vector:

h] = hy-LHS] = (1.882)1.03
by = hp-LHS, = (.118).515

pd
nn
nu

1.939
.Osl.
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(X3 L R ITERATION 6 sanns
Surrogate multirliers: h = (1.882,.118),
Surrogate solution: x = (0,.254) and Zg = .508<,515
Calculate the ncw surrogate vector:

by = hyeLHS; = (1.939)1.015 = 1.969
h = h,-LHS, = (.061).508 = = .031,

LE R R R ITERATION 7 LR R R

Surrogate multipliers: h = (1.969,.031).
Surrogate solution: x = (0,.252) and Zg; = 504 <.508,

Note that this surrogate vector produces a better
value of Zg but that it is less than 1% better than the
last value obtained, which in this case is a suitable
storpring criterion. Hence, this iteration establishes the
optimal solution to the LP problem (Z = .50).

The optimal solution to ths dual problem can be gen-
erated by

%) = Zgh;/bg = 50(1.965)/2. = 0.5,

and wp = Z hy/b, = .50(.061)/2. = 0.0.

In this problem the ortimal surrogate solution
x = (0,.25) is also conveniently a feasible solution to
the{original LP rroblem. This will occur only when the
origiﬁal rroblem has only one nonzero variable in its
solutione.

This prorosed technique of changing the surrogate
multirliers has two main advantages. First, it is quick
and straightforward and has many built-in characteristics

that other change techniques must be modified to include.
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For examrle, the amount of change in multirliers is auto-

matically weighted by the size of each multiplier (hi =

h1°Lﬂsi) and negative left hand sides are easily taken
care of by increasing the constant K. The other advan-
tage of this prorosed technique lies in the ability to
manipulate this constant K. That is, X values can be kert
sufficiently large to insure small but successively better
lsurrogate solutions and rrevious sets of surrogate multi-
pliers are easily generated by saving their associated
constant K.

There are two main disadvantages to this technique
also. The initial bounded surrogate vector must have all
non-zero surrogate multirliers or the multipliers can
never change from zero by the above technique. Allowing
multipliers to be zero is often convenient in obtaining
a bounded surrogate solution. The other disadvantage of
this method is that it does not indicate a "steady state®
procedure. Dittman (Arpendix) basess his changes on a com=-
posite of past left hand sides which forms his "steady
state™ procedure and increases his rate of convergence

significantly.
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CONVERGENCE LIMITATIONS OF SURROGATED LINEAR PROGRAMMING

The surrogated linear programming algorithm arrroaches
the optimal surrogate vector Qf very rapidly with the first
few changes of surrogate multipliers. However, convergence
then becomes drastically slow.

One cause of this slowed convergence is obvicus. As

the surrogate vector h approaches 2: smaller changes must
be made in h and resulting better objective function values
are closer together. The stcrring criterion of the surro-
gated algorithm helys avoid this problem but also induces
error.

A major halt in the rate of convergence occurs when
the surrogate multirliers are changed too much (Step 4 of
the algorithm). Decreasing the amount of change needed to
obtain a better solution usually takes several iterations
and it is.almost assured that the next change of multi-
pliers will also be too great. By manipulating the variable
K in the rreviously prorosed change technique, it is pos-
sible to keer h changes small enough to obtain a cetter
gsolution most of the time. However, for the reasons des-
cribed below, this 1is very seldom helrful.

The non-zero variable in the surrogate solution may
alternate between several different variables and each may

indicate an entirely different direction of change for h.
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Obviously a sufficiently small multiplier change can always
be made that must result in a better solution. However, ‘
anything but a very small change may cause another variable
to become the non-zero variable in the surrogate solution.
When this occurs a worse soclution will often result ( the
change was not in the correct direction for the new variable
basis). Hence, the algorithm may converge to'a suboptimal
‘solution.

Another rroblem which hinders convergence is that of
unboundedness. Once a bounded surrogate vector is found

it is possible to change the surrogate multipliers in such

a way that the new hf will be unbounded. When this is done,
h has been changed too much and convergence is slowed as
described above. It is also possible that p?oblem coef-
ficients can arise such that unboundedness interferes with
the search for the optimal surrogate vector and a suboptimal
solution occurs. ‘

After the surrogated LP algorithm obtains its best
rossibles solution, there are many srecial cases - Dittman
(1973a,r.88-108) - that must be checked to insure the best
rossible solution ﬁas been found.

Regardless of‘these convergence rroblems, John Dittman
and Glenn Staats (1973b,r.327-332) have plugged surrogated
linear rrogramming as being comrutationally faster than the

simplex method. Iiprogrammed their algorithm (Agrendix)
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including some "tricks" that they don't mention but that
are obviously neededes I also rrogrammed my previously
described change technique (Appendix) to iterate only while
convergence is rarid. These codes, along with a simplex
algorithm, were used to solve a set of test problems
(Table 3).

Comraring my shortened algorithm results with those
of the Dittman-Staats code shows how the curve of objective
function values flattens out after the first few iterations.

Néne of the Dittman example problems take more than
three privots by the simplex method. Moreover, four of the
samrle problems take only one rivot to optimality. Dittman
and Staats claim considerable time savings by surrogation
over simrlex in each of these problems (See Table 1). They
claim surrogated LP is 3.5 times faster than simplexing in
examrle 1, and claim that it takes 4.56 CPU seconds on an
IBM 370 for one pivot on the ekample's 2 X9 matrix. This
comprutation time and simrlex comrutation times published
for the other examrle problems seem excertionally large.
Dittman and Staats used a large mathematical programming
system package (MPS/3€0) to obtain the simrlex solutions
which may have resulted in additional loading times and/or
execution times for computations unrelated to the actual

simrlexing.

Y
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The small simrlex LP program (Aprendix) used to pro-
duce the figures in Table 3 solved the examrle problems
of Dittman and Staats faster than the surrogated LP algo-
rithm in most cases. Solutions tc the other published
samrle problems in Table 3 heavily favor the simplex method

for computational speed and accuracye
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COMBINING SURROGATION WITH SIMPLEX

Surrogafed linear programming has been prorosed as
an alternative to the simplex LP algorithm. I doubt
that this will ever occur. Convergence limitations and
induced errors in problem solutions are severe problems
of the surrogated algorithm. Even if these rroolems are
overcome by developing or improving on iterative multirlier
change teghniquee like the one prorosed in this paper, I
don't think surrogated LP can rerlace the simrlex method.
The simprlex tableau has too much to offer. Sensitivity
analysis, determining alternate optimal solutionms, recog-
nizing infeasible problem formulations, and primal-dual
relationships are only a few areas where simrlex far out-
distances surrogated LP.

It might be possible to combine surrogated LP with
the simrlex method, using the advantages of both techniques.
Surrogated LP often tends to d;ive the surrogate multirliers
of loose or non-binding constraints to zero very quickly.
Also, surrogate multipliers of the most binding constraints
often become large very quickly. If a few surrogate iter-
ations were run before starting to simplex, all of the
determined loose cons*raints could be eliminated from the
problem; which may eliminate some extreme points on the

convex region to be examined by the simplex method.
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Constraints determined to be tight at optimality would have
8lack variables with value zero. These constraints can be
viewed as possible pivot rows for new basic variables. By
pivoting several variables into these designated rows at
once it might be possible to skip over the convex region
and hence skip several extreme roints the simplex method
would normally examine. The variables to be pivoted into
these tight constraints might be determined as those var-
iables that have coefficients nearest to being zero in an
urdated surrogate objective function. That is, as each
surrogate one constraint LP problem is solved, the resultant
non-zero (basic) variable's coefficient in row zero (the
updated objective function) is eliminated. Note that this
updated objective function is in no way used in the surro-
gated LP process itself.

I used the program with my surrog&tion'technique to-
determine the loose constraints, potential pivot rows
(tight constraints), and rotential pivot variables (basic
variables) for the rrevious examrle problems. Results
appear in Table 4. Recall that this program only iterates
while convergence is rapid in the first few iterations.
The initial surrogate multirliers were all 1 and a constraint
was determined loose if its corresponding multiplier was
less than 0.5 and tight if its corresponding multiplier
was greater than l.5. The number of potential rivot wvariables
was determined by the number of potential pivot rows or tight

constraints,
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The surrogation technique very accurately picked the
optimal basic variables and the binding and non-binding
constraints for all of the Dittman example problems.
However, it didn't do as well on the other examrles.
Implications of the surrogate technique can obviously be
expected to be more accurate when the surrogate procedure
results in a solution that is close to the optimal onee.

The Dittman rroblems all had loose constraints that were
_extremelyilooae and tight constraints that were generally
biﬁding. These tyres of problems are especially conducive
to surrogation. Problems with many tight or nearly tight
constraints are generally difficult for the surrogate al-
gorithm since it can't decide which constraints are most
binding and changes directions of convergence. The updated
surrogate objective function worked well in picking the
basic variables in all of the examrle rroblems.

There are some problems in combining these results with
the simplex method. The major problem lies in pivoting
several variables into the simprlex tableau at once. It is
rossible to generate tableaus with negative right-hand
sides (infeasible), tableaus with negative right-hand sides
and negative row zero coefficients both, tableaus with all
positive right-hand sides and all rositive row zero coef-
ficients with 3 non-optimal objective function value, etc.

Some general guide rules can oe set up to avoid these

' BRARY
. ARTHUR LAKES LI
" GOLORADO SCHOOL of M%E:S
GOLDEN, COLORADO 80



T-1725

212 261 91
ﬁma.&a.ma.m @mﬁiaﬁ.wla ‘1T-6°G¢-1 ouoN ouoy 41 ¢ eriwexy
8-G‘¢-1 | 8-¢‘1 G 1 9 2 otdwexg
¢ [
TT8°L°G-1  GT-21°0T1°69 mﬂmmw.wﬂ 9°g GT-L'Hw'2°t  11°9 1 etiwexy
-J83009 pue B8aUIEBY)
€T-01 ‘.l 6°g‘¢-1  9-G*¢-1 9 -1 G ~-gusd
€1-01°9-h 6-L‘¢-T 9°G¢-1 1995 ot G2 ¢ otdwexy
oT‘6°Li9 ¢-T 86w  1-G‘¢-1 21T Lq¢ hee 2 otdwexy
w2t ¢ g2t euoyN i 1 T otdwexy
~UBWIOQOT-ISTTTTH
6=-L‘n‘¢‘t ot‘9‘¢e 9-2 euoN QuUON ¢ ordmexy
Tm“m ‘2 24h°1 G-1 Quoy ouopN m 2 otdwexy
‘1 2 €2 euoN QUON 1 1 oTiwexy
-spucwmig
9°4G L4=1 2t G*¢ 94 ‘1 o2 etimexy
L 9-r‘2't 61 L 9-1 4 61 oriwexy
21 SUON L9°¢ OUON euoy ) Gt otdwexy
2 HCt 2 2 heet 2 €1 ordwsxjg
H euoN 2°T BUON QUON 2 1t otdusxy
d g2 M.m w1 €2 hig 9 erdwexy
€t 2 “m | 2 ¢ G eTiwexy
m ] H1-01 ‘-1 ‘1 m ? T-1T°l-1 ¢t 2 eTdmexgy
L9 6°8°G-1 1 L9 ‘26 ¢~1 ‘1 T otiwexy
-uswi3tTdq
SINIVHLISNOD SINIVHLSNOD 871dA BLNIVHLSNOD SLNIVYLSNOD §S71dA
dHOIL 48007 oIgvd ONIGNISE ____ ONIQNTS-NON OISVH
ALITVRILAO IV TVOLOV d71 d3dryooddns A8 A4ITdRI RITE04d
g3 neoy Tewr3do wmepqoad eydwexy *gpA suopgeorrdwl d pej3EIorIng °f O1Q%8}



T-1725 24

multirle pivot problems but incorrorating them in a simplex
code 18 a problem in itself. Even if surrogating is instru-
mental in avoiding some extreme points on the convex region,
the time used for surrogating, multirle pivoting, and elimi-
nating constraints wust pe justified by the reduced simplexing

time.
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CONCLUSIONS AND SUGGESTIONS FOR FURTHER STUDY

The method I have described for changing the surrogate
multipliers may prove very useful. It might be applied to
surrogation technigues now being used in areas of mathema-
tical programming outside LP such as integer, geometric,
or quadratic programming. It is very quick and simple
for use when only a few surrogate iterations are required
(determining loose constraints, ccmbining surrogation with
another technique, etc.) If convergence in solving LP
rroblems by surrogation alone can be improved - as yet
convergence by any technique cannot be rroven - it may even
be useful as an alternative to the simrlex method.

This study shows surrogated linear programming to be
inferior to the simrlex method. The computation times
rublished by Dittman are somewhat uisleading and I suggest
that a more representative test be made on some real problems,
or at least on some real-sized rroblems.

Surrogatéd LP.can sometimes tell some valuable things
about the optimal LP solution. The actual efficlency of
combining the surrogation and simplex methods needs to be
tested by incorporating the surrogate LP algorithm in a
simrlex code which uses its information and comparing it
to the regular simrlex method.

I believe that surrogated LP will‘never become an

efficient alternative to the simrlex algorithm for solving
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the gener51411near programming problem. Its future lies

in solving srecial tyres of LP problems that are especially
adartive to surrogation, relating the surrogation results

to the simrlex tableau, or using surrogzte results to obtain
only certain information about the rroblem. I sugegest
research in all of these areas before any more study on

convergence is done.
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ITERATIVE PROCEDURE OF DITTMAN AND STAATS

This procedure is based on a difference quantity dj.
When the surrogated solution (x;) has been determined for
some h, the variable is rlugged back into the original LP
constraints and left hand sides (LES;) are calculated as
stated earlier. Then a d4 corresponding to each constraint
1 1s determined by

d; = LHS; - bj.

It can be shown that all d; will be zero or some will
be positive and some negative fof each SLP solution. If
d; is negative, the constraint i is undersatisfied and its
corresponding multiplier should be reduced whereas a posi-
tive d4 indicates a violated constraint and a hj that needs
to be increased.

The new surrogate vector gf is then calculated as

follows:
. hy - d4;Q0/ 2, d;  for 1€8,
hy = ‘ ieSp
hy + 4400/ Z,dy for 1 eS8y
‘ 1ESp

where 8, denotes the set of undersatisfied or exactly
satisfied constraint indices and Sp denotes the set of
indices of violated constraints. QO is an arbitrarily

chosen quantity, but is generally Zh1/2.
ie8
n
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This method insures that succeeding surrogate vectors
remain normalized. If a new SLP solution is worse than

one rreviously obtained or unbounded, QO is reduced and

Ef is recalculated resulting in a smaller change in the
surrogate multirliers.

Note that although the above technique maintains
fgih1=1 it may be possipble for some hj to be negative;
which is not allowed. This can oe remedied by reducing
@0, but if some hy, 1¢S, is extremely small with d; rel-
atively large the overall change of the surrogate vector
may be sufficiently small to converge to a suboptimal
solution. It is suggested that this bpe remedied by allowing
the h; which results in a negative hi to be reduced to an

arbitrary positive value as hi/&. This requires that QO

be changed to Zh; - Z hj when calculating hi for ie8
ieSp ie8y,

in order that the surrogate vector g' remains normalized.

p

The above change technique doesn't take into account
the relative size of the surrogate multipliers. Since it
is arrealing to do so, the d; quantities can be weighted
by allowing

dinew - hidi for i=1,¢ee,m.

The above method remains unchanged excert dinew's are used

in the rlace of the d,'s.
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Using running sums of the calculated dj's at each
stage is used for better convergence. When using running
sums it is possible a better solution cannot be found for
a given set of di's. When this occurs, the last d; is
added again to the running sum until a better solution is

found.
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L L L o g R N R Y T L L L L LT e T P e

G DITTHAN - STAATS SURROGATED .LINEAR PROGRAMMING METHOD
c

CR RN A R IR RO EE DA R RSO AN RS R RO R ISR R AN DR PR R B RO GU R BRI D G R
DIMENSION C(5p).AS(50)
COMMON | 4S(10@) W,D(102),B(322),UCL02,2),A(120,50)
COMMON K,L,1SET,»Z:,0BJoAyG, IMIN, kMIN, IyBL,NOADJ.NODT,
1 Q8.01,02.M,BS, TUFNGEoIGHNGEaIUNB 8BS, INEG
DOUBLE PRECISION FMTG(3),FMTE(3)
REAL' LHS
182 FORMAT(26)
124 FORMAT(3A10)
182  FORMAT(BSH )
C““*ﬂ“#*ﬂ‘*%ﬁﬁ“%ﬂ%%ﬂ%*”**%ﬁ@“#ﬂ#@ﬁ%ﬁ&“ﬁ#ﬁ'ﬁﬁ“‘Wﬁ‘”’%ﬁ%%*{i*“ﬁﬂ#ﬁ#%&*k%ﬁ#%@%ﬁ*
c
-#% PROBLEM ##
MAXIMIZES
CladaX(q) + CC2YeX(2) + , 4, -+ CENIOX(N)
SUBJECT To1 _
ACLatdaXtd) + ACL,2)08%(2) + ,,0 » ACL,NI®X(N) LLE., B(L)
AL2,4)8X(1) * A(2,2)8X%(2) + vee b ACZON)EX(N)Y JLE. B(2)

4
L]

&

&(M¢17*X(i)' CA(M 208X 02) 4 aae o+ A(NSNIEX(NY LLE, B(M)

c

¢

C

c

¢

¢

c

¢

C

c

¢

C  as» DATA a»
¢ RECORD 1t PROBLEM IDENTIFICATION

G RECORD 21 NUMBER OF PRIMAL 'VBLS, NUMBER OF PRIMAL CONSTRAINTS
¢ RECORD 31 NONZERD NUMBER IF INTITAL SURROGATE VECTOR INPUT
c RECORD 41 FORMAT FOR 0BJ PUNCTION AND CONSTRAINTS

c RECORD 5t FORMAT FOR RHS

¢ RECORD 6t INITIAL SURROGATE VECTOR (ONLY IF INPUT)

¢ RECORD 7t 0B.J FUNCTION GOEFFICIENTS C(J)'S

e RECORD 8¢ RHS OF CONSTRAINTS B(])'S

g RECORD 9+t COEFFICIENTS OF CONSTRAINTS A(],J)'S

#

T YT P R T T T T T Y R Ry L Y S T T e
REAR(5,4m2)
WRITE(6,182)
READ(5,408) NiM
READ(S,108) INPUT

READ(S,401) (FMTC(I),.121,3)
READ(B:iEi’ (FMTBC1)121,3)
IFCINPUT,NE, @) READ(S5.FMTB) (UCleddelzsgd o M)
READ(S, FNTC) (CCJY,urd, D
READ(S,FMTB) (B(I)nf?laﬂ)
DO 2 I=s1.M
e READ(S,FMTC) (AL1ad)ad=1,N)

Couopadints
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C FORM NORMALIZED PROBLEM AND INITIALIZE VBLS

¢
00 3
IF(B(

124,
1),EQ.08.,) GO TO 3
pe 4 ?

o N ,
(1,J)ZABS(B(I))
1/ARS(B(I))

ICHNGE=2
AVG=1.E35
ITER=Q
Keq
Le2
Cosusatns _
g INITIALIZE SURROGATE MULTIPLIERS

IFCINPUT.NE ) GO TO 580

DO 5 Iri,M
l1)=0,
5 Ui1,Ki=1,
Qottusnisy

€ FORM SURROGATE CONSTRAINT
C
599 INE@
IX=0
BSE@.
DO 52 Js1,.N
59 AS(J)=0,
DO 6 J=d.N
PO 6 I=s4.,M
6 ASCJ)2AS(J) + UCTKIRACT,J)
Do 7 IﬂiaM
7 BS=BS + B(1)»U(1.K)
Cannunnson ‘
CSOLVE THE SURROGATED PROBLEN

IPA=D

INAZD

IPC=g

INCED

AMAX=0,

AM1N919E35

RO 208 Js1.N

IF(CCJ)) 221,222,222
221 INCe~1 .

1F(A3(J)n5€.ﬁ.) GO TO'ZE@

INAR~Y

33
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220
222

208

223

123
in4

i4

15
195

224

225

C
1a00

IFCCCIIZA8CU) . GELAMINY GO TC 289

?SIM =CJI/ZASL)

GO TO 280

IPARq

G0 T0 200

IPC=q .

XF(AS(J) LE.#.) GO TQ 223

IPA=Y

TF(oC)ZASCY) W LEAMAX) GO TC 222

AMAX=C(J)/ZAg ()

I1Xe,)

CONTINUE

[A21PA + INA

IC=IPC # INC

IFCIC LT .2,AND,BS.GT.8.) 0 °T0 14
IF¢IC,LT.2.AND,IALLT, 1, ANDBE.EQsB,) GO TO 14
IFCIA.GT.B,AND.BS,£Q,2,) (60 70 14
IFCIA.GT.Z,AND.BS,LT.®,) GO TO 15
IFCAMIN.GE,AMAX) GO TO 224

K3l

IFCITERLEQ.2) 6O TO 123

TUNB=1

GO TO 3dg

WRITE(6,104)

g$g§AT(1SXo'UNBOUNOEB INITIAL SURROGATE VECTOR")

gﬁfan

veL=1

W=g,

GO TO 225

WRITE(6,165)

g?ggAT(isX,'SURROGATE PROBLEM HAS NC FEASIBLE SOLN')
IvBL=IN

IF(BS,GE,@,) JVBL=1X

WsBS/AS(IVEL)

ZrWeC(IVEBL)

ITER=ITER + 1

IFCITER,.GT.508@) GO TOQ 998
WRITE(S,12080) Z,1VBL

FORMAT(ELR .8, 'X(' 12,0 ")

Crostatssn

g CALCULATE NEW SURROGATE MULTIPLIERS

g0

NOADJRNQADJ#1

CALL CHANGE
IFCICHNGE,.GT,2) 6O TO 997
Kel,

GO T0 500

Couanthiie

34
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¢ outeuT RESULTS

998
g9

997

117
113

112
999

OO0

404
AQR

493

495

429

401

WRITE(6,129)ITER

FORMAT (15X, 'NO CONVERGENCE IN',14,'ITERATIONS")

GO TO 999
WRITE(6+117)

WRITE(6,113) ITER,Z
WRITE(6,112) ((1,UC1,K)),
WRITE(6,117)
FORMAT (41X, 70 (1H®))

Igl,M)

FORMAT(LX, *OPTIMALITY ESTABLISHED AT ITERATION',I14,
15X, '0BJ FUNCTION=',E12.5//42%, 'SURRCGATE MULTIPLIERS")

FORMAT(/,3(BX,'UC",12:,")
STOP
END

SUBROUTINE CHANGE

= VL F1247))

COMMON LHS(188) W D(108) ,BL1RR),Ut18E,2),A(400,52)

COMMON K,L,I1SET,Z2,0BJ:AVE

s IMIN,WHMIN, IVBL,NOADJ,NODI,

1 Qﬂ,Dl,DQoM:BSQTLRNCE;ICHNGE:IUNB;SBS,INEG

REAL LHS .
IFA(NOADJ,LT,15) GO 70O 483
GO TO 399

DO 422 1z1.M

DE1Y=DCT) + LHSCI) = 4,
LERTIR

18€T=¢

AVGE1 ,E35

GO TO 343

IREP=0

IFCIUNB,EQ,Z) GO TO 405
Qﬂ:ﬁﬁlag

JUNB=2

GO TO 311
IF(ISET,EQ.1) GO TO 44@¢
IF¢Z2,LT,0BJ) GO TO 3p2
{SET=1

K#ﬁﬂL

IF¢Z.6T.AVG) GO TO 401
IFCINEG,GT @) AVG=Z
IMIN=IVBL

WMIN=W

5BS=BS

QQ;Q@/Z»

IF(Z,6T.0BJ,OR, ICHNGE .EQ,~4) GO TO 311

K=i,

GQ To 302
I1SET=Q
[CHNGE=0
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410
308

399

391

g2
03

wg8

397
309
314
320
332

318
312

823

2=AVG

IVBL=IMIN

WaWMIN

BS=SRS

QB=Q0#2,

IREP=1

60 TO 311

[RgP=2

Kzl

IF(ABS(0BJ~%) . GE,TLRNCE) GO 'T0 1383
IFCISET.EQ,0) 60 TQ %99
IF(Z2.EQ,0BJ) GO TQ 399
ICHNGE=~4

Ka3~|,

GO TO 311

NODI=NOD]+q

IF(NODI GE.410) ICHNGE=1
IF(IGHNGE LE.B) GO TO 494
RETURN

0BJs? L
TLRNCE=SABS(,281#08BJ)

1,IVBLY#W + 4, .238¢1)
+ LHS(I1) ~ 4,

NQA@J 2

Gg=0,

D1=8,

02#@;

DO 329 1s1.M

IF(DCLY) 388,308,387

QP=08 + W(I,K)/2.

DLl=D1 +DC1)el(],K)

GO TO 389

D2=02 » D(Iy#U(l,K)

CONTINUE

DO 312 I=4.M

IF(DCIY) 32@,3382,340
UCTeldalUtl, k) -~ DOI)2UCT, KY®Re/DY
GO 10 342

UCT,L)=sU(TK)

G0 TO 312 A
UelLosU(lak) + DeI)al(l,KyaGprD2
CONTINUE

INEG=]

00 314 I=4.M
IFCUCTLL)) 323,323,314
UCI.L2zUCT.K) /4,

36
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314

318
817

329
319
316

INEG==~q

CONTINUE

IFCINEG,.GT, ) GO TO 316

QSuUM=9,

B0 317 Isi.M .

IF(DCIY) 318,347,347

QSUM=QSUM + yl1,K) = U, L)
CONTINUE

D0 319 I=z4.M

IF(DC1)) 319,319,329 o
CT L) sUCT k) « DOLYaUCT,KYRGSUMZD2
CONTINUE _

IFCIREP,ER.1) GO TO 4447

RETURN

END

37
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a@*%ﬂ%%%*#-ﬁ'%%#%%*%ﬂ%%ﬁﬁ-%{&#ﬁ%ﬁﬂ%ﬂ#*u%}GH!'QHI-ﬁ%%ﬂ%t&#ﬁ'-ﬁ-%%*-ﬁ#%*%i&*%*#%#ﬁ{b#%%%%%
€ SIMPLEX METHOD (GIVEN A BASIC FEASIBLE SCOLUTION)
¢
C
c%%&%ﬁ*'ﬂ'ﬂ'#%%%ﬁ%%%@*%*%%%%%%@#%%*G%&Q&#%ﬂﬁﬁ%ﬁ*ﬁﬁ#%ﬂ-»-&-3{!‘;}-%5%i&“%#ﬁ%%ﬁ%ﬁﬂ#-ﬁ‘!}*%%
DIMENSTION A¢Bg,5p),1B(8)
DOUBLE PRECISION FMTA(3) ,FMTR(3)
READ(S,4062) NiM
188 FORMAT(2G)
REAB(5,401) (FMTAL
READ(S,101) (FMTB(]
181 FORMAT(3A4.83)
DO 1 I=1.M
1 READ(S,FMTA) (AL
READ(5,FMTR) (1B
_ NPIVOT=g
11 AMIN=4,E35
DO 2 Jsi.N
IFCACL ) GELAMIN) GO TO 2
AMIN=A(L. )
IPo=.
2 CONTINUE
IFCAMIN,GE,.@,) GO TO %9
AMIN=1,E35
DO 3 Iz2,M ‘
IFCACTLIPC)Y, LE.B.) GO TO 3
IFCACT NYZACTIPCY.GELAMINY (GO TO 3
?géM?Afx¢ﬁ31A(IQIpC? =
2 i
3 CONTINUE Bgskﬁf;wfﬁf
IBCIPR)=IPCAg L2 ono0h ) e
DC 42 I=1,M ' 2
IF(1,EQ,IPR) GO TD 18 cO g
FMULT:nA(I IPCIZACIPRYIPC) cO
D0 9 J=1,N
9 ACL,JIZACIPR, JIRFMULT + ACT )
ip CONTINUE
FMULT=1./AC1PR, IPC)
DO 12 J=i,.N
12 ACIPR, JYRACIPR, J)#PMULT
NPIVOTSNPIVOT + 1
GO TO0 11
99 WRITE(6.182) NPIVOT
ig2 FORMATC(LX,15(4H®), ' QPTIMALITY ESTABLISHED AFTER',13,' PIVOTS!,
115 (1H*))

Pl i
e

I,d
th

WRITE(6,123) A(d,N)
103 FORMAT(4X,'OBJECTIVE FUNCTION £',F28,8)
WRITE(6,124)
_ WRITE(G.125) (IBCI) ACI, N),ls1,M)
104  FORMAT(LX, 'pASIC VARIARLES AT OPTIMALITY:")
105  FORMAT(S5X,'X(',12,') =',F15,5)
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T L L L L Ly g g S T g PR R R R g e L L L LI
g PROPOSED METHOD OF CHANGING THE SURRCGATE MULTIPLIERS
c
C###%ﬁ#%ﬁ*%u%%#%ﬁ«*%%ﬁ%ﬁ%ﬂ%ﬁ%ﬁ%#Q#?ﬁﬁ@#%#%&ﬂﬁ**%%#%u#ﬂ»ﬁua#&*ﬁ%«%*a&n%ﬂ
DIMENSION C(5g).AS(B0),LHS(104),B(100),U(1906,2),AL100,50)
DIMENSION UPOBU(5®)
DOUBLE PRECISION FMTEC(Z),FMTE(3)
REAL LHS
122 FORMAT(26) )
101 FORMAT(3ALE)
102 FORMAT(55H
READ(5,1022)
WRITE(6.102)
READ(5,188) NoM
READ(S,408) INPUT

READ(S,401) (FMTC(I1),I=1,3)
READ(B,4d1) (FMTB(I),1=4,3)
JFCINPUT.NE, ) READ(BFMTBY (UCladdalzt M)
READ(S:FMTC) (c(J), =1, N)
READ(5,FMTB)Y (B(I),]I=1,M)
Do 2 I:l;ﬁ
4 READ(51FNTC) (A(I:J)gdzinNi
Copossditas
g FORM NORMALIZED PROBLEM AND INITIALIZE VBLS
DO 3 1=1,H
IF(B(I)EQ..) GO TO 3
DO 4 J2l:N
UPOBJ LY =C ()
4 ACTyJd=ACT, ))/ZABSEBOI)
B(1)=BC1)/ABS(B(I))
3 CONTINUE
I18cT=n
AVG=1.E35
0BJ=1,E3B
ITER=¢
Krq
Gudahatin

g INITIALIZE SURROGATE MULTIPLIERS
IFCINPUT,.NE,2) GO TO 5¢0

DO 5 I=q4,M
-] Ue1,K)=1,
Consvetis
g FORM SURROQGATE CONSTRAINT
Sge IN=@
IX=2
BS=0,

DO B2 J=1,N



T-4728%

7%

6

7
Canpue

¢ 8o
C

221

220
222

2ga

223
139
14

15
igs

1 8 4

VE THE SURROGATED PROBLEM

IPASD

INASD

1PC=p

INC=P

AMAX“Q;

AMIN=1-E§5

DO 208 Jei.N

IF(CGJ)) paf,222.222

INCz=1 B

IF(ASCJ).GE.2.) GO TO 2298

INAS~1 -

IF(C(J)Za8¢)) . CEAMINY GO TC 289
AMIN=CCJYZAS()

IN=J

GO TO 200

IPA®Y

GO TO 202

IPC=y .

IFCAS(JYLE.Z.) GO TO 223

IPA=1

IF(QCI)ZASCY) W LEAMAX) GO TC 224
AMAX=CCJ) ZA8¢))

I[X=J

CONTINUE

TA=IPA + INA

IC=1PC + INC

IF¢IC,LT,.2,AND,BS,G6T.8.) GO TO 14

IFCICI LT B AND.TALT, 1. AND,BS,EGeR,) GO TO 14
IP(IAAGTagyAND-BS!EQQQ.) GQ TQ 14
IFCIA.GT.2,AND.BS.,LT.2.) GO TO %5
IFCAMINJZGE . AMAX) 6O To 224

IFCITER.NE,8) 60O TO 581

WRITE(6,138) |
FORMAT (18X, 'UNBOUNDED INITIAL SURROGATE VECTOR')
STOR

2zq,

TVBL. =4

W=d,

GO To 225

WRITE(6.:195) _
FORSAT(isX,'SURROGATE PROBLEM HAS NQO FEASIBLE SOLN')
85TO



T-172%

224 1VBL=1IN
IF(BS.GE,8,) IVBL=IX
WeBS/AS(IVBL)

BzW#C(IVBL)

225  ITER=ITER + 4

IFCITER.GT.268) GO T 998

e WRITE(6,10808) Z,1VBL
1088 FORMAT(EL2.5,'"X(':12.,")")
Coonntaesn

g CALCULATE NEW SURROGATE MULTIPLIERS

IFCISET.GT,.@) 60 TO 504
IF¢Z,LT.0BJ)Y GO TO B2
501 ISET=I8ET » 1
Kz3rl.
IF(Z2,GT.AVG,OR,ISET,6T.508) GO TO .5@2
AV(3=s?
IVAR=IVBL
RK2=RK1 + 2.
GO TO 591
502 Z=AVG .
RK2¢RK1-~ 29
DO 5083 I=1,M
503 LHS(I) = {LHS(I)~4,)#RKL/RK2 -+ 4,
DO B@4 I=1,M
5p4 UET,L)=U(T,K)#LHS(T)
Ksi
GO TO 980 _
550 IF(ABS(OBJ-2).LT.TLRNCE)Y Ga 'T0 997
DBU=2
RATIO=UPOBJ(IVBL)/ZASCIVBL)
00 B51 J=1,N
551 URPOBJCJISUPDBJC(J) = AS(JI#RATIO
TLRNCE=ABS(,081%0B.J)
RK1s1.
DO 562 I#1.H
562 LHSCI)=ACT,IVBLI#W + 1, ~ B(I)
L=3=K
DO B63 J=1,M |
563 IF(LHS (D), LE.B.) GO 70O 578
564 DO 565 I=1,M
565 UCT,LY=U(T,K)#LHS(T)
K=l
G0 TO 524
578 AMIN=Q,
DO 877 l=4,M ‘
877 IF(LHSCD) JLTLAMIN) AMIN=LHS(I)
RK2=IFIX(=AMIN) =+ 2.
591 D0 598 1=1.M
598 LHS(I) s (LHS(1)~L ) #RKL/RK2 + 1.
RKq1 =RK2
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C i it 48 40 44
¢ ouT
#

998
900
901
o

987

959

955
969

994

995

109
117
113

GO TO 564

L2

PUT RESULTS

WRITE(6,189) ITER

GO TO 999

0o 974 J=1.N

AS(J) =4,

DO 942 Jsi,N

0o 9@2 le,M

ASCJIZAS () + UCTKI®A(T D)
IVBL=I1VAR

WRITE(6,117)

WRITE(6:113) ITER,Z
WRITE(6,412) ((1,UC1,K)),I51,M)

RATIO=UPOBJCIVBL)/ZASCIVBL)

RO 958 Jei,N

UPOBJ () =ABS(UPOBJ(J) ~ AS(J)&RATIO)
DO 968 J=i,N

AMIN=1.E35 i

D0 855 JJsi,N
IF(UPOBJ¢JJ),GEAMINY GO T0 :655
AMIN=UPORJCJY)

ID=dJ

CONTINUE

LHS(J)=1p

UPOBJ(IDI 1 ,E35

I X=g

B(1)=8@,

73K

Ug1,L) =8,

Y=2

DO 995 J=1.,M

IFCUCT,K) LE.1.5) GO TO 994
IXslX+

BlIX)=]

IF(U(IFK)WGE'Qg) GO TO 995
1¥Y=]lYe+l

U(IY@k)FI

CONTINUE

INDX=MINBCIX,N)

NRITE(6’1$43 ,
WRITE(6,118) (UCI,L)s1=2,1¥)
WRITE(6,115) |
WRITECK,118) (B(I),1=1,1X)
WRITE(6.418)

WRITE(6,118) (LHS(J),J=1,INDX)
WRITE(6,117)

FORMAT (18X, 'NO CONVERGENCE IN',I4,'ITERATIONS®)
FORMAT(4 X, 78(LH#))

FORMATC(AX, 'OPTIMALITY ESTABLISHED AT ITERATION',14,
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12
114
A15
116
118
999

15X, '0BJ FUNCTION=',E12,5//18%, 'SURROGATE MULTIPLIERS')
FORMAT(/,3(8X,"UC", 12+ = ', Fig,7))

FORMAT(//* | OOSE CONSTRAINTS: )

FORMAT(//' TIGHT CONSTRAINTSt")

FORMAT(//!' QORDERED CANDIOATES FOR BASIC VARIABLES:')
FORMAT(20F3.9,/)

STOP

END
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DITTMAN EXAMPLE PROBLEM 4
9

-~ XD

26G)
2G)
rme .
b P P N P A P

EAV R gl oL o N ¢ R AV R C Kk arhand
w e % W e W e W M w

=
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DITTMAN EXAMPLE PROBLEM 2
g:l4

(36G)

{146

1:‘#301 . )
L,,,L,1,04,1,1,1,2.30001

LR S T )
il B 28 f R
. w N e W e W
LE B 75 B N 2

i6114115
12,412,186
1, 8
17443

e
[+3
-
F =
3

FEN Y
N e

i.._\
~ O

- e

N O
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; DITTMAN EXAMPLE PROBLEM B
)

2

(7G)

{4G)
1:6,7:3:101001
1:.4,3,-1
4,3,1,5+1:401
3:“‘"203!5:106:1
2:3,1,4,3,1.6
“21=31325,~1:6,6
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DITTMAN EXAMPLE PROBLEM 6
5,4
i
(86)
{4G)
1:75).25!!25!1;75
ﬁté)708!1
L3l
TS Y]
?4»*’7?1'1
18141 =3,2
1:14072,3

G AN O >

47
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DITTMAN EXAMPLE PROBLEM 11
2:2
o
{23)
(26)

7,
i
h
3

= O PO

s
s
?

48
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DITTMAN EXAMPLE PROBLEM 13
4,4
a
(4G)
(4G)
1:29”"”33“’1
rya:.101
1.2,%1.1
4,3,%.:2
5,1,3,1
1,2,3,1
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RITTMAN EXAMPLE PROBLEM 45

7,3
2

1,2:3,4,5,6,7
1!1’1

3,2,4,1,5,1.6
4'3’30'5’6’6)1
5,5,104,1:1,7
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, DITTMAN EXAMPLE PROBLEM 19
7.7

@

{769

(76)

Grledrdib01.4

191)1:3»!1'3.!1

S239220010641%

2:2,510341:1,7
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DITTMAN EXAMPLE PROBLEM 20
3.7
2
(36)
{76)
f:1,1
Laryiybtrind

MNP DU
- » - - W W ‘.
» W ~ g - - e
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3 SYMONDS FUEL Q1L BLENDING PROBLEM-PAGE 4
'3

@

(36)

{36)

5041”3

2,0,1000 _

0002, .,.00821,-,0082

vO001 0001, =203

1,1,0

(EX,1)

53
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5 SYMONDS RUNNING PLAN PROBLEM=PAGE 12 (EX,2)
' 8

(86)

(86)

100,200,1%8,250,79
100,1080,200,102,472,85:22,85
1:2,9,9,0

@.1.23;55;%

B,808+440

C,B,8,844

t60.B224,.41.3

92; a2§ a3b110 .'3

B,8,8,.2,0

11202012, 42143
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SYMONDS BLENDING AVIATION GASCLINE~PAGE 418 (EX,3)
8,10
7
{8G)
(106)
2,2,413:2:4,3,8 .
2O002000,1008.10080,1000,1808,0,#4,2.0
112,1:2,108,1:4
2,1.,%, 1&@11:@91
2,8
2.0
2.0
1.4

&{9?-‘3‘31

G18+2,
1:8,9,
@risls
@ 1 B
”-ﬂﬁ@i:@p@:ﬁp.@ﬁﬁlt@

”uﬂﬁzﬁa@;'aﬁﬁasu@a»Qﬁ@3s@£a@@giﬁﬁ

g, 0001,0,.0001,9,.2803,8,.00085
Ql”aﬁﬁﬂlpgt@pﬁa.Q3Q3:@&o@ﬂ@2

85
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; HILLIER=LIEBERMAN MANUFACTURING FPROBLEM-PAGE 4129 (EX.1)
)

2

(36)

(4¢)

28,68
200,108,52,20¢
8,2,3

4,3,8

2.8,1

D,8,1

56
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HILLIER=LIEBERMAN PRODUGCT MIX PROBLEM-PAGE 134 (EX.2)
12,148
@
(126
(106 ‘ y A
2B 5119581.551,8:~1:50.5,7.5,:8,-2¢51=,5,~1:8
SABG2000,4000,12808,2,8,8:,3:0492
300:8,0,1:0,90,8,1,8,0,8
@gl:@p@;@pl;@rﬁyﬂglnﬁpﬁ
@lglilm’ﬁigﬂileg;gﬁlig
28,8208, 0:002,08,8,9.1
1 OAGAT v~ 0003, ~, 20803, 080083:2,0,8,802+210
BO024 -, BO0CE, . BBB04, 2C004,8:0,8+8:8124220
" U008, -, 20005, 20008,y .0080085,2,8,0,0:2:8+0>
@;@:ﬁpgx.ﬁ@ﬁ@?;wnﬁﬁgﬁs:’.@@@35’“g@5$@5rﬂnﬁrﬁ»9
@ygﬁﬁrﬂ’.ﬁﬁﬂﬁlp*-QQEQQ:cﬂﬁmﬂig.ﬁﬁﬁﬁipﬂtﬁpgi@
BaBsD20,2:0:200, 200883, .00007,-.2¢007 ¢~ 20087

+ 0
g
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MILLIER=LIEBERMAN FARM OPERATION-PAGE 134 (EX.3)
9,13
2
(96)
(136)
400,402,480,300,308,300,100,12%,1802
400, 600,300,1500,2000,900,780,800,3080,9,2:2.0
1 B,0,4:0:8+2:0.:0

1 1:8,8:1,8
11’3@:1

:ﬂ 1 1 1

1 Q02,8 .203,-.68210,.023,~.,822.0
x,QQE,,QQQ By~ 003,002,821~ :083:.802+8
gz.EQia”v@ﬁZ;ﬁp,ﬁgl;ﬂe332ﬁﬁ!.@ﬂlg"fﬁﬁz
qu*aﬁia.ﬂﬁaggrﬁ,ﬁﬁlt.ﬁﬂapﬂ&~;ﬁﬁi:{ﬁﬁz
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DAN@ INVENTORY PROBLEM=PAGE 57
8,13
1
(8G)
{13G) i 5
1500510105, 405,14258,4.258:14+25,1.25,1+25,242501.25,1,25,4.48
63,65,62,64,61.63,60.,62:76,69,75,68,74.67,73,66
~7121~4290,-1837,-3053,3653:550,5,55%,5,550.5,550,5,453,453,453,453
~32C02 80 =1,0.8,8
“1r=1:8:8173,71+0,0
RS WL Y PR WS W Y
R RS PR S R TR P LN §
Ta103030102003 01

L,8,0:,0,2:2,2,0
8,0,0:2:0:0:9,0
2,2,1:2:0,0:8.0
@aﬂ:ﬁploﬂa@nﬁ:@
2:8,0,2,1,8.2,0
2,0,8,2,8,1,0,0
Q,8,8,8,0:2:140
C,2,0,8,8:0,0,1
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2 CHQRNES&CDQPER MACHINE LOADING~PAGE 258 (EX.4)
1.1

{118/125)

(1@G/5G)
BG.76,70,77:76.15,65.,3,79.11,119.45,89,09,75,3,116.3,91.49,182.11
64,14,54,13,62.,98,64.14,86, 25;45,47:29 £3+139,87,42.05,38.23
6864,6864p6864,6864p6864,126151:i1714,11463:1@776»5679
3410,2834,1109,948,144

' 534,0:,2,0,8.2,08,9,0,8,0
gtgﬁl448)®)g!4427eﬁ’g1!496F’44g
@peSli!gaQ'geQ48ﬁg@pﬁ!89047316

ﬁ,aa@ggpﬁrﬂa@;@lﬂ;ﬁ

@, ﬁ;;471,@.z,ﬁ..415p@ Bede 424

2376480 0,0:40436,0,0,8,2,0

B,8,0,,501:2., ﬁpﬁp,469 G012

2.0,8, Qpﬁagoo4réaﬁug 2

5@;8;@#9246)&}@:@3QZGSIﬁ?ﬁ

1831930236Q@:@g@!.2480@:@

¢ 3:3,1.8,8,0.00,0,8

@ @p@ B:2:0,8,0

1 @:10302,1.8,0

ﬁa@aﬂa@ #.,8

:@ 2, @ @risd

N

]

+ 0

4

y 7

-
&

2

-

&t&ﬁlﬁi&Eﬁ&ﬁSﬁwﬁﬁkﬁ

CIEE A T ET e ET TEE TEE E )

t‘E)&ﬁQEJ&!ﬂEQﬁRE&@E&S&@

-

L d
= = = =

ﬂ?ﬁ)mt&ﬁﬁ&EQE;@!Q%H&P‘EI&&M&E;&%‘Ei&
295&@i9ﬁ§5ﬂ§6ﬁ@!§¥*&§§®t§§§&t§

W W N WM e W W W e W % W W W e
&fﬂﬁk&ESSI&QEF%Q&R&&Q@%}G)

- O WM W W M ® e w W W W ™

&ea&:sca&r*&:a&u&s&at;&

W W W M W W W W wm W e W

18
)
v &)
00
B
B,
2
)
1
B
g
D
2,
%
Ll

1
@
g

-
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8 CHARNESRCOORER BLENDING MODEL~RAGE 552 (EX.2)
8

]

@ .

(86G)

(8G)

091:90409,40912:5:1.5:1:5:145
0,8,0,%,3800,2652,4481,1308

» QP216,~. 00002, .00004,-.00017,0,0+2.:0C
".ﬁﬁ@@Zr.ﬁ@@ﬁl:%-ﬂﬁ@@3x»@@@13 @;@nﬁpﬁ
0,2,49, @t"#ﬁﬁ@ﬁ7ﬁa@@gﬁ7:19@ﬁ131"95ﬁﬁﬁa
B,0,8:,00-,.20002,.00001,~.00803,.80213
i;ﬁp@r@ 102,8,8

2,1,2,0,8,1,2.8

2,8,102,0,8,1.0

0,2,2,208:8,2514

61
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CHARNESSCOOPER FOUR-FIELD PIPELINER-PAGE 588 (EX., 3)
16 24
0]
{16G)
(126/126) ,
lag!076r|72'ﬂﬁ5!n76'v72596830660072196709ég'05g10680!58A¢56’¢54
903,900,080, 980,1.2008,1202,1200,17200,1302,1304.1200,413820
1822,1800,18208,18¢0,27780,111008,33200.483300,202008,20000,20000,20000
e@16?7:ﬁ;@»ﬂ,G,ﬂ.a»ﬁ.ﬂ:@,ﬂ,ﬁ'm,ﬁ,@:z
vOOBET7 . Q167740 2400,2,08,0+0:8:8,08,8:2,8,0,0
oﬁ@ﬂ33ea@ﬁﬂ57a,31677,@1@.@;@;@pﬁ.@rﬁ;ﬁpﬁyﬂ’@rﬂ
cBRB23, BBO3I3, 00057, BLE7T7108:0:042,2,P,8:0+/800.0,8
0:0:9:0,.84687,2,0,2,2:0,2,0,0,0.8,0
@:@pgaﬁnuﬁﬁasan¢94637:@rﬁlﬁ:@:@)ﬁrztﬁagoﬁ
C,0,8,0,,00096,.00238).84687,0,8,0,0:2:2:2,0,8
@, m:.@ﬁﬂgia-@Zﬂ969o%@238,.ﬁ4687 B,0,0+8:0+%,8,0
Z20:8:8, ﬁp,16477 B,%,8,0,8,8s8
220020208, .00626,:4.6477,8) Br2,8,0
1 B10:8, .008358,.00626,.16477.0: @0@ 7.2
s @@y AA2T77, 20358 L0626 .16477,0:0,8,8
102,8,R:2:2,.801513:022,9
a@ Zs028s B .BOB478,.021513,8,0
ﬁ B23+8,.080277, 860478, ,201513.0
@, @ﬂ?n@:.@ﬁ@iﬁl!.@@@277:nﬁg@478» 201513
'O, B0 @00:808:0,9
B,0+10:0:0:2:8,8
11, 104022, 8.8,8
B8O @s4030104
1
@,
8,
2 4

/)

@,
2
a
a
g
g
2

@ﬂ;@ 232808
LeG2B20,1:80,8
21l B2208:108
2y Brls G0l Bl

%

Qaﬂk@i*5!8”3%‘@€§EB$&®#&§§E%@

W M T M R % e e M W M W e W e

?
3
’
’
?
’
?
14
»
]
’
?
1]
2
¥
td

G&*S)@N&Eﬁ&%*t3®ﬁ§&l&f§%&®

M W e e e W M B e W W W M W e W

t*{ﬁﬁ?ﬁﬂ&ﬁ&ﬁDPﬂaﬁaﬁlﬁl&EQG}

' 8
1 B
1@
B9
'
y @
19
s
1 2
B
+ 1
e 0
1 0
' 8

@
%
1
%
2
1 @
a
1
2
@

@!9

62



