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Centralized Semi-Distributed Fully-Distributed
Number  Number of Units Number of Units Number of Units
of Sites 30 240 30 240 30 240
6 3.07- 5.24 2.38 3.44 1.56 3.18
12 2.36 434 1.63 3.26 1.26 257
20 2.20 333 .44 297 G.86 2.19

Fig. 13. Comparison of the average number of opt's involving the same site

Overall, the mingreedy algorithm did fewer optimizations than the
maxgreedy as Figures 14 to 16 show. Note that as the initial aliocation
becomes more distributed, mingreedy's performance advantage becomes
maore gignificant. Also, this advantage usually increases as the number of
sites is increased {(except for the centralized initial distribution where
advantage goes down as the number of units is increased). Finally, the
number of sites seems to have differing effects. For the fully distributed
initial allocation, 6 sites resulted in bettér performance than 12 sites
whitch in turn showed better performance than 20 sites. In contrast, for
the semi~distributed initial aliocation, above 120 units there was very
litfle difference in the effect of the number of sites; below 120 units,

performance was always best at 6 sites. The centralized initial allocation
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data only show that mingreedy tends to do better than maxgreedy but not
dramatically. in fact, there are points at which maxgreedy does better but
not significantly. For the most part, mingreedy performs better at low
numbers of units; with higher of numbers of units, either maxgreedy does
better by up to about 6% or its advantage is very small (2% at best).
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Fig. 14. Comparison of number of opt's for the centralized allocation
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Fig. 15. Comparison of number of opl's Tor the semi-distrib. allocation
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Fig. 16. Comparison of number of opt's for the fully distrib. allocation
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B.3 Moved Size

As each simulation ran, we kept track of the total resource unit gsize
moved. To be able to compare results from different runs, we have
normaiized the mean of the total resource unit size moved (ms) by dividing
by the average total resource unit size in the system (ss), forming ms/ss
{moved size/system size). Figure 17 shows that the statistical
distribution of resource unit sizes has little effect on ms/ss { These data
are for the centralized initial allocation and the maxgreedy algorithm.)
Therefore, we present the results for the exponential distribution only.

Uniform Exponential

Number  Number of Units Number of Units
of Sites 30 240 30 240
& 1.38 ’i 47 1.33 1.47
12 1.7 - 1,93 1.70 1.92
20 2.06 2.22 1.94 2.21

Fig. 17. Comparison of ms/ss for the exp. and uni. distributions

The data in Figure 18 show the variations fnduced by the initial
distribution, number of sites and number of units for the maxgreedy
algorithm (These data are for the exponential resource unit size
distribution, and the maxgreedy algorithm.) As expected, the more
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distributed the initial allocation, the less moved. Also, for the centralized
and semi-distributed initial allocations, the ms/ss is essentially flat in
the number of units; for the fully distributed case, the ms/ss decreases as
the number of units is increased. Only for the centralized initial aliocation
did ms/as increase as number of sites increases.

Centralized Semi-Distrib Fully-Distrib
Number  Number of Units Number of Units Number of Units
of Sites 30 240 30 240 30 240
& 1.33 1.40 57 54 14 06
12 1.70 1.79 43 56 A5~ 45
20 1.84 2.21 S 57 A2 42

Fig. 18. Comparison of ms/ss values for different initial aliocations

Figures 19-21ishow that the mingreedy aigorithm performed better.
Mingreedy did better for the more distributed allocations where it did so
by better than 10-15% consistently. At 6 sites, mingreedy's advantage
always erodes as the number of units is increased. At 12 and 20 sites, no
clear patiern emerges.
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Fig. 19. Comparison of ms/ss for the centralized allocation
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Fig. 20. Comparison of ms/ss for the semi-distrib. allocation
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Fig. 21. Comparison of ms/ss for the fully distrib. allocation
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V1. Conclusions

A family of algorithms for resource allocation in distributed systems
hag been presented in this paper. The underlying formulation of the
probiem measures the balance of an allocation as the difference between
the largest site resource unit size and the smallest, a very conservative
metric in that it points out the worst-case imbalance. The aigorithm
outlined is heuristic in nature, in part because the probiem of optimaily
partitioning resource units, as studied in this paper, is NP-Complete, but
also because the algorithm is decentralized. The consequence of the
decentratized nature of the algorithm is that in performing optimizations,
only a subset of the resource units in the system is considered,
specifically those units on the pair of sites which currently is the most
imbalanced. For this reason, the family is greedy.

Each site has associated with it a size that is the sum of the resource
units sizes for the resources currently assigned to the site. Imbalance is
measured as the absolute value of the difference of site sizes, a A. The
general form of the algorithm is iterative. At each step, the pair of sites
that is presently most imbalanced, i.e. the pair with the largest 4, is
selected for optimiz_at'ion. A balance condition defines when iteration
terminates and also controls the termination of a pair-wise optimization.
This balance condition defines a pair of sites as being balanced when no
“unit can be moved from the site with larger size to the one with smaller

size without reversing the roles of the large and small sites. The generai
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form of the algorithm does not define a rule for selecting the resource
unit to move next in a pair-wise optimization The only stipulation is that
the balance condition must not be violated.

Theoretical results establish bounds on the performance of the
algorithm family. We have shown that the number of pair-wise
optimizations done is O(SU) where S is the number of sites in the system
and U in the number of resource units. The amount of control
communication is alsc bounded either by 0(SU), when the underlying
network supports broadcasts, or by 0(S4U) when communication is
point-to-point. Finally, we have shown that the final allocation can have a
final imbalance of at most 2¥max_resource_unit_size.

Two particular atgorithms in the family have been presented. Both
define rules for chosing the next resource unit to move in a pair-wise
optimization; both are greedy. The first, mingreedy, moves next the
regsource unit with smallest size currently allocated to the big site. The
maxgreedy algorithm relocates next the resource unit, currently assigned
to the big site, whose size most closely fits the gap between the two
sites sizes without violating the balance condition.

A simulation study was conducted to measure the performance
achieved with both the min and maxgreedy aigorithms. We have found that:

& The form of the results on all performance metrics does not depend

on the resource unit size statistitcsn However, the resource unit gize

statistics can change the values of the the final maxa parameter. The
number of optimizations and normalized cumulative resource unit
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size moved were unaffected by resource unit size distribution.

& The form of the final maxa, as a function of the number of units, is
very dependent on the number of sites. The number of optimizations
and cumulative moved size depended more on the number of sites than
the number of units. In general, with more sites, more optimizations
were performed. Normalized moved size was either flat in the number
of units or decreasing.

& The initial distribution of resource units to sites is very important
in determining the performance of the algorithms. As the initial
atlocation becomes more distributed, the number of optimizations
decreases as do both the normalized moved size and the final maxa.

& We found that the mingreedy algorithm performed better in terms of
number of optimizations and normalized moved size. For the final
maxa, mingreedy was better than max only for a centralized initial
allocatfon. For semi- and fully distributed initial allocations, the
maxgreedy outperforms mingreedy by very significant amounts.
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