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ABSTRACT

With complexity currently growing and broader ranges
of applications having to be dealt with, increasing num-
bers of configuration problems are arising in compilers.
Already many software systems offer multiple specialized
implementation strategies and substrategies, differing in
terms of applicability and/or cost, depending on the ap-
plication context. Configurations then have to be cre-
ated from the different strategies available in accordance
with the application charateristics, the global optimiza-
tion objective, and potential constraints on the strate-
gies' combinability—resulting in many cases in a com-
binatorial, i.e. discrete, optimization problem. Proper
solutions for automating the configuration while limit-
ing the complexity of the solution search are still being
sought. We address here the field of parallel/distributed
processing and the configuration of dynamic implemen-
tation strategies such as for communication or dynamic
load balancing. We present a rule-based approach, inte-
grating fuzziness for the classification of application char-
acteristics and for gradual selection preference in rules.
The approach «xtends standard fuzzy inference by a mul-
tistage organization and—with proper organization of
rules, characteristics and strategies—performs hierarchi-
cal fuzzy inference. The approach is demonstrated on
concrete configuration examples in parallel compilers.

INTRODUCTION

There is currently a general trend toward synthesis, in-
tegrating multiple implementation strategies in a single
system. This is based on the observation that there are of-
ten a variety of reasonable implementation strategies ba-
sically performing the same semantic task. In some cases,
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the various strategies have different advantages and disad-

vantages, the best choice depending on the characteristics

of the respective application. In other cases, specializa-

tions with better performance may be used for certain

parameter settings. Here, we consider dynamic imple-

mentation strategies at the runtime-system or operating-

system level in parallel and distributed systems, which

are currently growing in importance, with even PCs start-

ing to support parallelism via 2 or 4 processors and with

improved networks supporting distributed computing in

local clusters or via the Internet. The level considered

here basically comprises the main functional classes of
communication, synchronization, execution mode! (such
as SPMD or multithreading), dynamic memory manage-

ment, dynamic load balancing, and scheduling. An exam-
ple of different strategies performing differently depending
on the context are in the case of communication: message
passing and direct remote-memory access on distributed-
memory machines. Message passing generally involves
copying data to buffers, thus entailing significant over-
head, but it makes synchronization on data easy, whereas
direct memory access is faster but requires more careful
handling of the data accesses. As an example of special-
ization, the communication mechanisms need to be more
general for distributed computing in dynamically assem-
bled and heterogeneous configurations with unreliable in-
terconnections, whereas they can be simplified in homo-
geneous, static, and reliably interconnected parallel ma-
chines. Discussions of further strategies and their trade-
offs can be found e.g. in [3}, [1], or [17]. Examples of con-
crete systems offering a variety of strategies are: the oper-
ating system Nexus [6], supporting a variety of message-
passing communication mechanisms; the Ace system [16],
offering both message passing and virtual shared mem-
ory; and the Globus metacomputing system [7] providing
a rich ensemble of different policies for different strat-
egv classes. This trend toward multiple-strategy systems
is encouraged by the fact that systems are designed for
use with a broader range of application behaviors; that
the applications themselves are growing in complexity, of-
ten consisting of heterogeneous components; that meta-
computing applications are evolving which run on highly
heterogeneous distributed systems; and that efficiency is
more important for complex applications or simple com-
puting devices like pagers (with limited processing and
space capacity), which call for specialized solutions.



Multiple-strategy systems raise the problem of configu-
ration and its automation. The configuration of discrete
heterogeneous components such as dynamic implementa-
tion strategies usually results in a combinatorial, i.e. dis-
crete, optimization problem. Then, neither direct equa-
tional solutions are possible, nor do straightforward de-
cision paths normally exist. The optimization objective,
i.e. the cost function to be optimized, depends on the
system or user requirements, and may, for example, be
minimum space, minimum turn-around time, or maxi-
mum throughput. Here, we refer to turn-around time (or,
correspondingly, speedup), i.e. the parallel runtime of a
single application. Our basic approach does not, however,
depend on any specific cost function.

Combinatorial discrete optimization is NP hard in the
general case, because there are 2™ ways of creating com-
binations from m strategies and thus full search can be ap-
plied only to small problems. For more complex problems,
only suboptimal solutions can be sought to make config-
uration practically tractable, but they are almost always
sufficient. Most frequently often applied are heuristics,
but more systematic and tunable approaches are desirable
and currently under development to allow quantification
and selection of the quality of the solution obtained. We
apply an approach based on fuzzy rules and fuzzy infer-
ence, which potentially falls into either of the latter cat-
egories depending on the concrete problem setting. The
approach extends conventional fuzzy systems as used in
fuzzy control by delivering multiple elements of the ref-
erence set at potentially every abstraction level, by in-
corporating contraint handling, and by properly chaining
logically dependent decisions (for details of the basic ap-
proach, see [21] and [19]). Here, we extend the approach
to hierarchical fuzzy configuration based on proper rules,
characteristics and strategy organization. We demon-
strate the resulting system, realized as a prototype, by
membership-function definition for strategies and by the
configuration of strategies for two nontrivial applications.
The proposed hierarchical fuzzy configuration offers the
following main benefits:

e The use of rules based on knowledge about corre-
lations between parameter ranges and performance
allows us to select promising strategies and try com-
binations for them only, thus reducing the search
space. The incorporation of fuzziness enables us to
deal with strategies’ differing degrees of appropriate-
ness and with transitions between classifications, and
thus helps us to find globally good configurations.

e The approach allows the incorporation of uncertain
and heuristical knowledge, then being heuristical it-
self, or an approximative approach with tunable. sys-
tematic classification and rule definition if cost func-
tions are available.

e The hierarchial organization helps reduce the search
space if predecisions can already be made on the ba-
sis of partial configurations, and it also supports the
definition of rules and membership functions by re-
ducing complexity.
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RELATION TO OTHER WORK

Combinatorial optimization in parallel compilers—the
field most-related to ours—often occurs in the static as-
signment of tasks or data to machine nodes and be-
comes relevant especially if data or tasks are heteroge-
neous (intra- or inter-computation phases). Though in
some cases of limited problem complexity, optimal solu-
tions are calculated using relatively efficient exponential
solutions [11], usually only suboptimal solutions can be
obtained within a reasonable time. The approach most
frequently applied are heuristics, which incorporate do-
main knowledge, e.g. for (in subconsiderations) determin-
ing the order in which direct-solution-path decisions are
made, and which have in many cases proved capable yield-
ing near-optimal results in a significantly shorter time.
Heterogeneous Optimal Selection Theory {4}, for example,
proposes a hierarchical but heuristical approach. It is an
approximative approach using the same basic model as for
the optimal case, e.g. 0-1 integer solution approaches may
be stopped when a sufficiently good solution is found [11].
Such approaches do not, however, apply knowledge about
the structure of the solution space. Best-first search with
the same ratings applied would deliver similar results to
our approach (provided that not only the best, but sev-
eral good solutions are delivered). The best-first-search
variant applied in [10}, however, assumes monotonically
increasing ratings, and thus—like branch&bound—would
not work with our ratings. Some approaches use hier-
archical cost functions to reduce calculation complexity
such as [14], which, however, uses neither rules nor fuzzi-
ness to reduce complexity per level. In the field of classi-
fication, cross-over point analysis {20] calculates in which
case one or the other communication strategy performs
better (if scaling problem sizes). This approach is, how-
cever, applicable only to individual decisions.

With respect to fuzzy inference, other approaches in the
direction of fuzzy multistep reasoning either do not use
forward chaining (such as [2]), or multistage defuzzifica-
tion (such as [9, 13]). One of the problems that multistage
svstems have to cope with, is propagation of the uncer-
tainty. When fuzzy rules are chained, the degree of uncer-
tainty increases. Thus systems with several stages may
deliver as output a completely uncertain solution. The
propagation of uncertainty with several inference models
was studied in [15). An alternative that allows us to avoid
increasing uncertainty is to defuzzify after each stage. We
have used a hybrid solution: defuzzification is applied af-
ter each stage, but chaining is allowed within a stage.

THE APPROACH TAKEN
The Configuration Problem

Our approach exploits knowledge about the system’s ap-
plication domain to reduce search space, this knowledge
concerning existing correlations between specific parame-
ter ranges and specific performance values or concerning
dominance of main strategies over their substrategies with
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Figure 1: Some examples of fuzzy sets and their potential membership functions (left), and classification of speedup

for two different single-strategy configurations (right).

respect to performance. This results in a mixture of pre-
selection by static (frozen) know-how and the need for
arbitrary dynamic combinatorial trials.

Furthermore, we incorporate fuzziness by using fuzzy clas-
sifications for application and system characteristics in
the rules’ antecedents and fuzzy preference values for the
selections in the rules’ consequences. Figure 1 gives ex-
amples of the fuzzy classification of application charac-
teristics, Figure 1b showing this in relation to a concrete
performance curve. Readers unfamiliar with fuzzy sys-
tems, are referred to the excellent textbook of Klir and
and Yuan {12]. Basically, the classifications and rules per-
form a decomposition into parameter and performance
subspaces in order to select those strategies that are rel-
evant for the final configuration.

The gradual transitions offered by the fuzzy classifica-
tions capture the fuzzy transitions between the different
suitability of different strategies (see Figure 1), and the
different fuzzy preference values can express the different
performance of the strategies. The strategies are discrete
(crisp) entities like a specific load-balancing strategy.
Compatibility constraints—mainly expressed by compat-
ibility rules—represent knowledge about legal and illegal
‘comnbinations (i.e. compatible and incompatible strate-
gies) and are crisp as well. If evaluated during construc-
tion of the search tree, they also help to limit the search
tree by pruning meaningless subtrees early on. The nodes
in the discrete-optimization search tree represent partial
configurations.

Characteristics refer to the application and the system,
and are measured by certain metrics such as task run-
times, argument sizes, or dynamic space consumption.
The characteristics constitute the input to the fuzzy-
inference system. The characteristics of the application
may be static or dynamic. Static characteristics can be
derived by the compiler from either language features,
pragmas, or analysis. Dyvnamic characteristics—such as
dynamically determined runtimes per task or degrees of
irregularity in a task structure—may be obtained either
from weight analysis (where possible) or by monitoring
programn runs and evaluating the collected data [24]. Sys-
tem characteristics are assumed to be static. Fuzzy classi-
fication can. in principle, apply to all of them. If onlyv one
specific system context is envisioned, the svstem charac-
teristics mav be implicitly contained in the relations de-
fined by the rules. Otherwise, they appear in antecedents
of rules, as the application characteristics always do.
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Preference values refer to the performance (runtime or
speedup) of the final configuration. Rules usually select
individual strategies. Preference values then rate the ab-
solute or relative influence a specific strategy has on over-
all performance. This means assuming strategies to be in-
dependent from each other with respect to performance—
but extensions for incorporating dependencies are possi-
ble, e.g. selecting strategies together (as a group) that
influence each other in terms of performance. During de-
fuzzification, the global context is considered and the in-
dividual ratings of strategies are combined to give a global
rating of the (full or partial) configuration. How this is
done and how preference values are defined depends on
the availability of cost functions.

Complete global cost formulas—integrating all variants of
strategies and important aspects of behavior—are not yet
available, though they probably will be in the near future.
Partial metrics relating to some of the available strategies
already exist in several subdomains, and integrated stud-
ies, examining the suitability of one strategy in combina-
tion with another are emerging [1]. At present, however,
for complex systems, rules may have to be based on in-
complete knowledge and heuristics, this being expressible
via the fuzzy characteristics’ classifications and the fuzzy
preference values. Even relative orderings may be suf-
ficient. Then, of course, the system delivers a heuristic
solution only. If complete global cost formulas are avail-
able, preference values refer to them. Rule definition still
helps reduce the number of strategies to be considered
for configuration by performing a pre-selection—which is
useful if the overall number if large. Moreover, the fuzzy
classifiers may be easier to compute than the full cost
functions if these are complex. Fuzzy classifications and
preference values then perform a linear approximation of
the real function, and this approximation is tunable by
the way the rules are defined and how fine-grained they
are.

As regards the rating of the configuration, if full met-
rics are available they can be used for rating the relevant
configurations, especially if abstract metrics are defined
allowing cost estimation for higher-level partial metrics.
In case full metrics are not available, we provide in our ap-
proach a weighting-based fuzzy rating (described below).
This can be considered a linear combination for approx-
imation of the (unknown) cost function. Depending on
whether full cost functions are available or not, verifica-
tion of the resuits may be either by full cost metrics or by
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Figure 2: Hierarchy of characteristics and strategies.

human plausibility judgement (potentially accompanied
by concrete tests of the configurations).

Solving the Dependency Problem in
Fuzzy Decisions

A typical feature of fuzzy inference as used in fuzzy con-
trol is that, first, all rules that are partially satisfied are
fired in parallel, then the output variable is composed,
and finally, a potentially new inference step is applied
using the results as input terms. However, in our applica-
tion context, a more complex chaining of inference is re-
quired. In some cases, rules express alternatives that are
incompatible, but—since fuzzy ranges may overlap—may
both fire with a value in (0,1). Any further conclusions
drawn from the alternatives would then be intermixed at
the next inference step and flattened into a set. When
defuzzification is eventually carried out, this intermixing
may lead to incorrect combinations with respect to the de-
pendencies expressed in the individual rules. The causal
dependencies that, at some points, need to be reflected
for logically disjunct/incompatible alternatives, may not
only refer to basic selection of strategies, but to preference
values, too. Figures 3 and 5 show concrete examples of
dependencies (in Figure 3, the conclusions taken from ei-
ther static or dynamic behavior should not be intermixed,
and in Figure 5, the conclusions taken from either mes-
sage passing or fine-grained threaded-calls should not be
intermixed). To solve dependency problems, the system
is organized in multiple stages. At each stage, partial de-
fuzzification and compatibility checking are applied. This
may be viewed as knowledge-based defuzzification (be-
cause of the application of the compatibility rules) fol-
lowing Yager [23]. As we will show later, the stages can
be applied to chaining either hierarchical or same-level
sequential decision steps.

Hierarchical Organization

To master complexity in performance estimation and rule
construction. a hierarchical organization of characteris-
tics and strategies. accompanied by hierarchical rule and
performance-estimation organization, is helpful. It is ap-
plicable if higher-level strategies have a dominant influ-
ence on overall performance—such as the basic decision
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to apply dynamic load balancing if the application ex-
hibits dynamic irregular behavior. Assuming the domi-
nance precondition holds, the system applies the following
approach (see Figure 2):

¢ characteristics are evaluated bottom-up, more com-
plex ones being composed from several lower-level
ones

¢ strategies divide into different classes at different lev-
els of significance (such as main and substrategies) or
applicability (such as general and specialized strate-
gies); and configuration basically follows a top-down
approach

The same inference mechanisms and multistage defuzzi-
fication apply for both parts. The internally resulting
decision tree of the system does not distinguish between
sequentially and hierarchically dependent decisions, nor
between characteristics and strategy selection. We do
not impose any restrictions on rules and their relations
between levels in characteristics and strategies, although
it is likely that in properly structured systems rules most
often relate to characteristics and strategies at the same
level (see Figure 2). .

Figure 3 gives an example of bottom-up characteristics
composition. A number of other approaches are avail-
able for multilevel evaluation of application characteris-
tics [5, 24}, but these are not truly hierarchical (using
abstractions), applying crisp-evaluation steps only. Thus,
our basic approach is more general.

In the rest of the paper, we mainly consider the top-down
strategy selection. Here, the possibility of hierarchical
structuring is threefold, allowing a differentiation between
1) main and substrategies, 2) more general and more spe-
cific strategies, and 3) different system environments and
their potentially different strategies and/or performance
ranges. An organization via main and substrategies ap-
pears quite frequently, dynamic load balancing, for exam-
ple, being a main strategy that has different substrategies
such as central or decentral control. Specialized solutions
are usually more efficient than general solutions, using
as they do simpler data types, less conditionals or ba-
sically simpler approaches, but they are applicable only
under certain circumstances. Specialized solutions, how-
ever, may also express (if only referring to performance)
more sophisticated (and expensive) strategies needed to



IF (communication = asynchronous) OR (task-creation = unpredictable-unbalanced)

THEN (dynamic-irregular-behavior = true)

IF (communication = synchronous) AND (task-creation = static-or-predictable) AND (data-distribution=static)

THEN (static-or-predictable-behavior = true)

IF dynamic-irregular-behavior AND (task-granularities =
THEN (fine-grained-threaded-calls = true)

small) AND (communication-rates = frequent)

Figure 3: Examples of hierarchical characteristics classification (first two rules), and a selection rule based on them

(last rule).

yield good performance in certain application contexts.
Rules may then also set basic defaults, which should be
overwritten by more specific rules if an application sug-
gests that a specialized solution will perform better. Dif-
ferent basic system environments (i.e. different machines)
may lead to different decision subtrees, either by different
sets of substrategies being relevant or rules / membership
functions differing.

Assuming a dominant influence of higher-level strate-
gies on performance, early selection of the most relevant
branches in the tree is possible. In other words. some
promising partial configurations of high-level strategies
can be selected at a higher level, the detailing of config-
" urations for substrategies being tried for them only, The
same applies to sequentially dependent decisions. This
can limit the complexity of the search significantly, while
still leaving sufficient flexibility to keep the search broad
enough to find a globally good solution. Considering mul-
tiple branches, in the general case, is necessary for differ-
ent reasons. For examples, if only heuristical estimations
for ratings of strategies can be given, considering sev-
eral branches helps not to eliminate potentially good so-
lutions early on. Furthermore, we need to assume that
substrategies can at least have a partially relevant in-
fluence, in that a substrategy well suited to the appli-
cation characteristics may improve the overall configu-
ration’s performance, while an ill-suited one may lower
it. For example, dynamic load balancing with central
control may be unsuitable for an application with small
task granularities running on a large number of machine
nodes (bottleneck), while a strategy with distributed work
stealing may perform well {18}. Furthermore, assuming
the best substrategies are selected, the application char-
acteristics determine what sort of performance they can
achieve. Thus, we assume strategy ratings to include a
substrategy rating in the form of a mean value for the
potentially selected substrategies, thus abstracting from
the substrategies. Complete configurations including sub-
strategies may then deviate to some extent positively or
negatively from it. Thus. an overlapping of concrete rat-
ing ranges may occur for each strategy with respect to
the potential substrategies. Assuming that this overlap-
ping of performance ranges is limited and only applies to
strategies with similar ratings, selecting some of the best
rated configurations for further consideration offers a so-
lution to this problem. \What is more, if dominance of
higher-level strategies is ensured and overlapping is lim-
ited in the above sense. the optimum solution can be
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found. Whether this is true or not depends on the do-
main in which the approach is applied. Similar arguments
apply to the amount of pruning achieved, depending on
the amount of overlapping with respect to substrategy
consideration—i.e. how narrow or broad the ranges are.
Note that because of the overlapping described above, rat-
ings of partial configurations need not be strictly mono-
tonic, but can either increase or decrease at the next level.

THE FUZZY INFERENCE SYSTEM

As already mentioned above, knowledge about the system
is expressed in terms of a set of fuzzy rules and a set of
compatibility constraints. The former are used in the in-
ference system to select the strategies that are adequate
for a certain application; they refer either to the context
of the application behavior or to other decisions already
taken (in a previous step of the inference system). Af-
ter each inference step, compatibility constraints are used
to maintain logical dependencies across stages of infer-
ence (they are used after the defuzzification process, see
below). First, we describe these two ways of expressing
knowledge.

Selection rules are based on the typical structure of rules
in expert systems, and fuzzy control systems: an an-
tecedent, consisting of a logical expression, and a con-
clusion:

if LOG-EXPR(G] =C1,82 = C2y 00y @ = q)
then s = vy, 82 = v2,...8x = Ui

where the conclusion is a set of strategies s; (s; € S) with
a fuzzy value (a value in [0,1]) attached to each one v;:
and where the antecedent is a logical expression, LOG-
EXPR, built with operators AND, OR, NOT and defined
on a set of terms a; that may correspond to strategies (the
ones already selected in previous stages of the inference
process) or to characteristics referring to the application
or the system, and a fuzzy set for each term a;. Note that
conclusions in rules correspond to an overall conclusion of
the form S = p, where p is the fuzzy set p = vi/si, v; is
in [0, 1], and s, is in S. The values vy, ..., vz correspond to
the fuzzy preference values described above when present-
ing the solution approach, thus v; is the fuzzy preference
value of strategy s; where the antecedent of the rule is
fulfilled.

Compatibility constraints are defined by means of logi-
cal expressions on strategies, i.e. LOG-EXPR(sy,..., ;)
where s; are strategies. In these rules, all terms are crisp,



a strategy is either present or absent in a final configura-
tion, and the strategies are either compatible or incom-
patible. And we can say that a particular configuration
is legal if all compatibility constraints deliver true.

The selection of the strategies at each stage is performed
by the following steps:

1. Apply selection rules: Rules whose antecedent eval-
uations deliver a non-zero value are fired, and the
selected strategies are added to the set of strategies
from which configurations can be formed

2. Defuzzification: Following the previous ordering,
each strategy with a value in [0,1], is fixed at either
0 or 1, trying the ciosest one first

3. Partial compatibility checking (as far as decidable):
Checking is performed by means of compatibility
constraints on the 0/1 settings of those strategies
already known at this stage. Most checking is
possible—as was true for our examples—if rules re-
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straints mainly to strategies selectable at the same
stage. When a decidable incompatibility is found,
the system leads to a failure and the search subtree
is cut.
Once the crisp set is obtained, the system can either apply
the next stage or backtrack.

The basic mechanism provided for ranking partial or full
configurations is a weighting, combining the individual
fuzzy values of the strategies resulting from the inference
such that a global fuzzy value for the overall configura-
tion is obtained. This establishes an aggregation, several
aggregation operators being defined in fuzzy theory. We
apply the so-called WOWA operator (defined by {22]). It
combines the advantages of simple weighting (potentially
giving different significance to different strategies such as
main and substrategies) and of ordered weighted averag-
ing (potentially giving significance to the fact that some
strategies suit the application characteristics very poorly
and may impair overall performance).

Our prototype inference kernel is implemented in LISP
and demonstrated on different application (sub-)domains
and rules/ membership-functions below.

EXPERIMENTAL RESULTS

Rule Definition and Configuration of

Communication

This example demonstrates, on a small set of strategies,
how rules can be established and applied to a concrete ap-
plication (neural networks). Only communication strate-
gies are considered. The machine environment in all cases
is the MANNA distributed memory machine [8]. Two
main strategies are selectable, namely message passing
(via the operating svstem PEACE [8]) and fine-grained
threaded calls (via the multithreaded runtime system

EARTH {18]). EARTH is based on direct memory access,
but we use a similar communication variant in PEACE

(transferring the bulk of data directly) to make the sys-
tems competitive at this point. EARTH can be considered
a specialized implementation of communication for par-
allel machines. In both systems, different communication
topologies such as a tree or a sequential loop may be used
to spawn parallelism from a central master to a number of
workers. Furthermore, with the EARTH system, one or
more function-internal threads (at code-block level) may
be used to overlap communication latency with compu-
tation. We show rules and performance results for this
decision subspace.

We measured performance with microbenchmarks, ob-
taining a concrete performance curve (see Figure 4) that

nerforms the task of a cost function

Comnlata confio
periorms the taskx Of a ¢ost unchion.

N UL PICLT LULLILES

urations are measured, and differences in the choice of
substrategies relate to this overall performance. Setting
the number of machine nodes to 20, speedup depends then
on task granularity and data size.
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tween message passing and fine-grained threaded calls,
because this is by far the most dominant factor. Since
threaded calls are a specialization, their performance is
always superior. However, there are some performance
ranges where the difference becomes critical, and others
where message passing still performs sufficiently well. Be-
sides, performance ranges in substrategies do not overiap.
At the next stage, a decision is made between sequential
or tree distribution.
tween using a single or multiple threads. This is the only
point at which performance ranges overlap, because mul-
tiple threads are beneficial in broad parameter ranges,
but disadvantageous in others. The decisions are inter-
dependent, and the resulting inference system thus needs
two stages. No additional configuration rating is neces-
sary in this simple tree. Note that the simple ruie defini-
tions used here can only properly distinguish rectangular
areas in the solution space (a‘-‘eas here do in fact have
nonlinear boundaries), but they make a sufficiently good
approximation. Maximum uncertainty introduced by the
simplification may be quantified and, for closer approxi-
mation, rules may be more fine-grained or superimposing
each other (though then they are unlikely to be definable
by hand and require automatic support).
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Figure 4 also shows results fro
slmple given rule subset (the speedup curve also shows
numbers of machines nodes other than 20) to the con-
figuration of unit parallelism in feedforward neural net-
works. This application has quite small granularities and
large data sizes in communications, is static and regu-
lar in its behavior, and has n:1 and 1:n communications.
Here, only fine-grained threaded calls are well-performing
(otherwise the application is not pa:a.llizable with reason-
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Figure 4: Speedups of loop and tree distribution (top row), each measured for EARTH (top curve) and PEACE

(hnttom ci_lrvp\ and speedup differences between loop and tree distribution in EARTH (rnn row, rwht\ and <npednn

differences when using or not using multiple threads in sequential distribution in EARTH (bottom row, left). Data
size is given in bytes, and granularity in ms. In addition, speedups for the concrete example of 3-layer feedforward
neural networks (communications are 1:n and n:1) are shown for 80, 200, and 720 units per layer (bottom row, right).
Granularity on 20 nodes for 200 units is 0.8 ms and data size 600 bytes.

IF {granularity = large) THEN (message-passing = applicable)

IF true THEN (threaded-calls = best-choice)
IF NOT (granularity = large) THEN (threaded-calls = true)

]
1
~
~
\
[
l
»
|

IF threaded-calls AND (comp-to-comm-ratio = large)
THEN (sequential-distribution = applicable)
IF T THEN (tree-distribution = best-choice)
IF message-passing AND (granularity = very-large) THEN (sequential-distribution = applicable)

IF message-passing OR tree-distribution THEN (single-thread = true)

IF threaded-calls AND sequential-distribution
AND larnnn1nr1tv = small) AND (nrwumnnt-llzg = small)

THER (nngle thread = true)

IF threaded-calls AND sequential-distribution
ARD (argument-size = medium-to-largs) AND RO
THEN (multiple-threads = best-choice)

IF threaded-calls AND sequential-distribution

AND ((argument-size = small) OR (granularity = very-small)) THEN (singie-thread = applicable)
granularity-large = 3, 25, 00, 0o / \
comp-to-comm-ratio-large = {3, 50, oc, oc} message passing fine-grained multithreading
granularity-very-large = (10, 30, . o<] /\ /\
granularity-small = (0. 0, 1, 2]
granularity-very-small = [0. 0, 0.15, 0.25] sequential  tree sequential ree

. _ distribution  distribution distribution distribution
argument-size-small = [0, 0, 500. 750) | | PaN |
argument-size-medium-to-large = {500. 730. x. x! ‘ ‘ / \ ‘

single single multiple single  single
thread thread threads thread  thread
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Figure 6: Strategy organization showing only a subset of strategies being shown. Arrows indicate sequentially or

hierarchically dependent decisions.

Configuration of Dynamic Load Distri-
bution

In [17}, a set of rules was defined for the application do-
main of dynamic load balancing, scheduling, and dynamic
determination of task granularities. 52 strategies were de-
fined and 72 rules formulated, partially expressing hier-
archical or sequential dependence (see Figure 6). They
refer to top-down strategy selection, while for the char-
acteristics part no rules were defined (only functional ab-
stractions were used that compose several parameters).
Compatibility constraints are described in 32 rules. The
application characteristics considered are, e.g., computa-
tion times, argument sizes or dynamic tree irregularity (all
dynamic parameters are obtained by monitoring and sta-
tistical evaluation). The original system has three stages,
‘and two hierarchical layers corresponding to main and
substrategies. Membership functions were defined man-
ually and as having a trapezoidal shape, for the sake of
simplicity. (Generallv speaking, any membership function
(a function in {0,1]) may be suitable.) The rules assumed
a specific machine (M ANNA) and communication syvstem
(PEACE message passing) and were largely heuristic. We
are currently extending them to define proper metrics and
integrate other communication systems like fine-grained
(multi-)threading (EARTH)—for which we here give ad-
ditional rules and an example of the system’s use for the
concrete Grobner Basis application.

Grobner Basis is a computer-algebra problem—roughly
speaking a symbolic form of Gaussian elimination. The
parallelization used here results in an inherently dynamic
behavior, with asynchronous task creati . and commu-
nication. Runtimes of tasks vary considerably and are
unpredictable. i.e. there is no correlation to the argu-
ment size, the degrees of polynomials, etc., but the ba-
sic task granularities are cost-effective (being in the mi-
croseconds range), and no aggregation is therefore neces-
sary. Moreover, tasks are created dynamically and their
number is unpredictable, too. Only fine-grained threaded
calls using multiple threads perform efficiently here. Dy-

257

namic load balancing is necessary as well. Using up to
20 machine nodes, a flat organization for the balancer is
sufficient. Control may be either central or distributed,
central control either dedicating a specific node for the
balancer or running it together with normal work (i.e.
letting all nodes contribute to the work). In addition,
the application has central data structures, which means
that a general decision has to be made with respect to
all central activities. Application work depends to a sig-
nificant degree on the order of execution. Priorities can
be assigned, and priority balancing is necessary. Central
balancing is favored (priority handling is then global, oth-
erwise local). Central balancing is further reinforced by
the fact that heuristic distributed assignment does not
achieve good balancing because the number of tasks is
fairly low. Load-info-based distributed balancing per-
forms poorly with this application because the task at-
traction mechanism provided is not suitable., Figure 7
lists the rules that are essential for taking these decisions.
The system rates a configuration with central control and
global priority handling higher (0.825) than a configura-
tion with distributed control and local priority handling
{0.7). Letting all nodes contribute to the real work is
advantageous in both cases (viewed on average over all
node numbers)—rating is 0.025 lower otherwise. Figure 8
shows the different performances obtained with the var-
ious configurations. As can be seen, the system success-
fully obtained the best configuration.

SUMMARY AND DISCUSSION

\We have presented a solution for the hierarchical and
fuzzy configuration of systems using multiple strategies
selected in accordance with the characteristics of the re-
spective application. A rule-based approach exploiting
knowledge about relations between characteristics and the
appropriateness of strategies is applied in order to limit
the search effort involved in the combinatorial problem.
Thus, the approach—through its preselection of configu-
rations per level—lies somewhere between pure combina-
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solution space is—as expected—structured and if near-
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optimal solutions cluster sparsely, a significant reduction
in search effort can be achieved. The integration of fuzzi-
ness helps support abstract reasoning on coarse classifica-
tions of application behavior, leaving sufficient flexibility
for finding near-optimal global solutions. Nevertheless,

the approach is—even if full cost functions are available—
only approximate, though it is systematic and based on
i.e.

sound theory,
pu

the ma.xxmum degree of fuzziness can
be calculated i é

A special multistage approach had to be developed as
an extension to conventional fuzzy inference svstems.
This can be applied for sequential decisions per level
as well as between hierarchical layers. The approach

was developed for an inference kernel. demonstrated
by the configuration of implementation strategies such
as different dvnamic load balancing strategies. but it
can, in principle —by defining domain- spe«:-.ﬁc rLles and
membership funcuons- be applied to other configuration
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problems as well.
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