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among others, with supporting or rejecting the thesis about task location in centre
ol given neighborhood. The closed neighborhoods confirm and support the deci-
sion (the thesis) about assignment the task to concrete location. The relation of
tolerance have reflective and symmetrical character |13, 16]. The cooperating
ncighborhoods intensily the strength of domination and reduce the influence of
passivity or small influence of tolerance. The cooperation (the supports of thesis)
and the collision relation (the postponement ol support ol thesis, what means indi-
rectly, the support of antithesis) crisp inference mechanisms |12, 17]. Cooperation
has reversible character. ‘This kind of dependence between relations should simpli-
Iy creation ol conclusion. According to theory of neighborhood, which we engage
in procedure of establishing sequent, we increase the autonomy of studicd tasks
eroups with reference their distribution. The symmetry of inference increases
power of decision support at the same time [13, 18]. The next problem is connect-
ed with dynamic scheduling, and appointing the objective solutions (independent
on sequent or set of criterions or experts opinions). Obviously, it is not always
possible, but comfortably is o use interval solutions, particularly in situation,
when solutions are on border of location classes according to given criterion | 19].

1. Compromise estimation after process of creating final ranking list

Compromise is lormed between ingredient judgment lists which was built with
help of algorithms or on basc ol experts opinions. There is possibility ol creating
several type of compromise, for example:

1. minimum concessions and similar of their levels (minimum variance ol conces-
$10N8);

2 2

lempl=Y" > (locti, j—locf ()y* } > min
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vear{ Z(IOC(i, - 10(:)"(1'))2 V> min j=12,...m (1
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N
veer| Z (loc(i, ))—locf (D)) |>min  i=1.2....n
=
where var - variance of concession according to ingredient list or to tasks.

2. minimum distances between center of neighborhoods with maximum powers
{or concentration) and final tasks location;

{emp2= Z( centre _max_ pow(i) —Im.f(i)): } > min
-

or
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"
{cmp2= Y {centre _max_ concentration(i) —:7(.)(;,1"(4?)]2 } 2 min 2)
i=1
where:
centre_max_pow - centre of maximum power neighborhood,
centre_max_concentration - centre of maximum concentration (numbering)
ncighborhood,

3. minimum correction on final list according Lorenze preference location
n
. R .
{emp3=Y (Lorenz _loc(i) —locf ()" } > min (3)
=1
Generally we can describe compromise as follows:

{emp= Z(criwrion _loc(iy— !ocjf(i))" } > min (4
i—l

where criterion_loc(i) - location of i-th object suggested by chosen criterion.

We can to usc different criterion or their composition for cstimation ol con-
promise. [n result of using these criteria we often obtain the same location for dif-
ferent objects. In this case it needs o use auxiliary criteria, methods or heuristic
rules. Sometimes we decided to use different criteria for compromise estimation
and resign from based for creating final lists method (Fig. 1).

criteria set A criteria set B

y

Y

objects location estimation compromise estimation

Fig. 1. Distinguished eriteria set for ereating final list and compromise: A 8=0)

In our convention (1)-(4) the best compromise relers the smallest value of pa-
rameler cmp. To compare compromise {or scveral final lists we should keep the
same criteria in set B.

2. Sets of criteria for creating final list

It is necessary to define several criteria because ofien results from using single
criteria aren't unambiguously. It means that we have several objects pretending to
onc location on {inal list. We proposce several composition of criteria:

1. sup(@2w) 2 nax
centre( Qi) = min
2. cubh(pi) 2 max
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zone( @) 2 min
centre( @) 2 niin

3. sup(* Dy} + sup( @€} min
cubh( pf) 2 max (5)

where:supl @2y 2 mav - maximal number of object in one placement in ingredi-
ent lists, we chose object ¢ and placed it on position ¥,
centre( @) =2 min - minimal position of neighborhood centre, we chose object @
from this neighborhood, which is closed to begin of list and locate it in center of
its neighborhood,
cabh( @) 2 max - maximal concentration neighborhood, we chose object ¢ with
maximal neighborhood concentration (numbering) and locate them in its center,
zone( @) =2 min minimal neighborhood distance from begin of list, we chose ob-
Jject @ with minimal neighborhood distance and locate themiin its center,
sup(* 2y + sup(@€*) 2 min - minimal number of objects pretending to position
¥ and minimum positions o which pretended objects ¢, we chose object ¢ and
locate them on position ¥; (intuition criterion).

We ollen obtain the same value of criteria estimators. In this case we should go
o next criterion in hierarchy, considering  the same object and scarching next the
best location for it. Similar situation appears when chosen location is occupied by
previous lacated objects.

3. Methods and examples of creating final lists of scheduled objects

For scheduling objects we can use rules using in theories:

— neighborhoods,
— prelerences,
— rough sets.

Beside of criteria set we can use specific methods using traditionally for classi-
fication, categorization, ordering objects [4]. We try to enrich every of proposed
method by example. Above was described exploitation neighborhoods theory to
define criteria set. It is possibility to combine clements ol quoted theories in dil-
ferent variant:

1) neighborhoods + rough sets

We can create lower approximation P(0) [16] as set of maximal concentration
(or power) neighborhoods and upper approximation P(0Q) as set of all objects
locations. [n this case main structure (Q) is defined by sum of all neighborhoods.

2) ncighborhoods + preferences

We can define preferences relation between neighborhoods (or maximal neigh-
borhoods) using their characteristics (concentration, power).
3) neighborhoods + preferences + rough sets
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Do 2wy 2);x 2y 3) ¢ Pk 4) ¢ s
a2 2) 9 2y 3¢ P 4y ¢ Py

According this method we use essential date and omit single object placement and
deviation.

4. The example of exploitation compromise to judgment of set
of final list

For choice compromise criteria we can lead the quantity of inlormation which
was use Lo define in estimation praocess. Such approach suggested to exploit Lo-
renz preferences as compromise criterion. In next step we estimate scale of differ-
cnces between linal lists and list created on base of Lorenz preference. According
(4) we do it {or all solution

1) emp=> (criterion_loc()—locf ()" = 3 - 1" + (1 = 3)" + (6 - 2)°

i=l

+ (26 (A4 +(5-5 "+ B -8 +(7-7V =48

N

3) emp=Y (criterion_loc(i)—locf ()’ =3 =1y +(1 -2 + (6 -3y + (2 - 6)°
i=|

+(4-2) +(5-5)7 +(8-8)"+(7-7)'=30

4) (fmp=i(crirerion_I()(.'(i)—l()(._'f(i))" =3 -1+ -3 +(6 -6

i=l

+(2-4 +@-2+(5-5+ -8 +(7T-7Y=16
min {emp(1); cmp(3); crp(4)) = min {48 30; 16) = 16

To find the nearest, to compromise solution, final list we have named additional
parameter for defining method code, according which particular list was created.
For example we extend location attribute name to form focfi(i), where & - code of
using for creating final list method (which are adequated to presented above exam-
ples). Compromise expression stay o be simple and can has follow form:

f o

{(‘mp:Z Z((‘ritm'ion_h)(‘(i)—h)(jfk. (i))“' } > min (N

=1 -l

where /m - number of ordering methods basing on ingredient lists analysis.
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The best compromise according Lorenz criterion we find in (4) example. Obvi-
ously when we chose ditterent compromise criterion the best criterion will be dif-
ferent. Some time we dispose set of compromise criteria. In this case rules of
searching compromise can be expressed by:

fe Im ]

{(.'mpzzz Z((‘;‘ileri()n(j)_!()(.'(i)—l()(;f;. (i))Z } =2 min (10)

i=lk=l -l

where f¢ - compromise criteria number.

If we use the same methods (criteria) for crating both final lists and compro-

i
mise stencil list than ingredients Z(u‘i!m'imz(d)_Ioc(i)—foq/’(,(i))z, where o
=1
respect choosing the same method (or criteria) lor both task, will be obviously
equal zero, but it doesn't influence, at all, on final compromise estimator level.

Conclusions

The experiences shows that combining methods ol neighborhoods, preference
and rough set for analysis ranking list is very comfortable and permit to exploit
rcach pat of information (or crating (inal list and compromise solution.

The situation doesn't became more difficult even when we dispose the same set of
methods for creating final lists and compromise list.

Exploiting neighborhood theory we use tools for eliminating inessential infor-
mation in opposile 1o some variant ol prelcrence rules. but using preference meth-
ods we can create reference stencils.

Specific character of rough sets theory description permit not only 1o reject objects
of inessential attributes values, but at the same time to dislocated objects using
current compromise decisions.

Neighborhood cstimators are less unambiguously but don’t regard incssential date.
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