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In general, this is an O(N®) process. Even with sparse

methods it is typically O(n?) . Consequently, anything that
can be done to reduce the size of the iteration vector has a
powerful effect, especialy for large problem size. SPARK
does exactly this in two separate ways: strong component
decomposition and cutset reduction. Decomposition is
possible when the equation set turns out to be a sequence of
separately solvable problems. SPARK routinely detects this
property and carries out the decomposition without user
intervention or custom coding. For example, the nonlinear
benchmark problem with 100 equations and variables is
decomposed into 25 subproblems each of size 4. Thisaone
would reduce the run time by a factor of 625. Cutset
reduction refers to reducing the sizes of the iteration vectors
(and Jacobians) within the subproblems. Since a cutset of
size 1 was discovered in each component of our example,
the iteration vectors are al of size 1, so the overall
theoretical run time reduction is by a factor of 40,000. Of
course, the theoretical efficiency gain is only partialy
realized due to overhead, but this anaysis clearly explains
the observed excellent performance for the Good and Real
examples above. It aso explains why we should expect
little or no advantage for the Poor example. Highly
interconnected problems like this one offer no opportunity
for decomposition, and make cutset reduction much more
difficult. But since many real simulation problems have
portions that are poor in this sense, as well as sparsely
connected portions that are ideal for graph-theoretic
methods, the challenge is to be sure that the graph-theoretic
implementation at least does no worse than conventional
sparse methods in the Poor parts of the problem.

It should also be noted that while reduction to block
diagonal form, which is equivalent to strong component
decomposition, can be done with sparse matrix packages,
and is indeed done in some nonlinear equation solvers
(Klein 1991), one should not assume that it is routinely done
by al sparse solvers. Moreover, we are aware of no
nonlinear solver other than SPARK that routinely does
iteration vector reduction by use of small cutsets, in spite of
the fact that the concept is well known, at least in the
theoretical sparse analysis community. The reasons for this
apparent lack of widespread use of these important
techniques may be complications attendant to the vector-
matrix problem formulation commonly used in nonlinear
solvers. We know for certain, on the other hand, that when
the nonlinear problem is represented directly as graphs at
the equation-variable level, routine application of the
techniques is more or less intuitive, and the algorithms are
straightforward.

MIXED PARADIGMS

SPARK is only one example of how the graph-theoretic
modeling paradigm can be implemented. Many others
applications of the paradigm are conceivable, including

“mixed paradigm” projects in which graph-theoretic
methods are used in some places while procedural methods
are used in others. To enable such usage, recently Ayres
Sowell Associates has implemented modifications to make
SPARK interna methods directly accessible to model
developers in non-SPARK environments. With one feature,
called SPARK Model Functions (SMF), developers can
create SPARK system models of arbitrary size and
complexity that can be caled as ordinary functions by
foreign executive programs. WinSPARK menus provide
tools that automatically generate SMFs, placing them in
DLLs for easy runtime access by other software. As a
demonstration of possible usage, we have created a DLL
that integrates with Microsoft Excel, thus providing SPARK
generated models as custom user functions in this
ubiquitous application (Sowell and Moshier 2003). Another
example of using SPARK as a calculation kernel provides a
link between SPARK and the EnergyPlus program.
Individual EnergyPlus components are implemented as
SPARK problems, and each such problem is instantiated
and invoked at runtime on demand using the atomic class
DLLs. (See SPARK Problem Driver APl documentation at
http://simul ationresearch.lbl.gov/)

Another feature, called Multi-Value Objects (MVOs), alows
a developer to use a foreign procedural function within a
SPARK model. This is useful when the there is a legacy
model written in perhaps FORTRAN, C, or C++ and time or
other factors argue against re-implementation as an
equation-based SPARK macro class. MVOs are aso very
useful when there is a set of equations within a system that
are numerically problematic for a global solver, but which
can be reliably solved simultaneously with well-known
procedural algorithms. In both situations, there are multiple
equations being solved for multiple variables
simultaneously within the procedural model, in contrast to
the SPARK policy of working with the individual equations
and variables, solved globally. In WinSPARK, the MVO is
treated as a macro object when developing the SPARK
problem definition, but at run time the procedural function
isinvoked, returning any number of values to be propagated
through the problem graph exactly like values calculated in
the normal manner. WInSPARK offers symbolic tools to
automatically generate MVOs. An adternative MVO
implementation is used in Visual SPARK.

CONCLUSIONS

The principle conclusion that can be drawn from this work
is that graph-theoretic techniques, as implemented in
SPARK, can outperform conventional and sparse matrix
methods for solution of problems that can be decomposed
and/or reduced. Roughly speaking, execution time savings

will be O(Mr®) where r is the ratio of the largest strong

component cutset size to the number of equations in the
problem, and m is the number of strongly connected



http://simulationresearch.lbl.gov/

components into which the problem partitions. The
reduction techniques produced close to the maximum
reduction in the benchmark air-conditioning problem, and
there are indications that similar reductions can be expected
in the broad class of problems involving flow networks and
their associated control systems. Reductions in execution
time of more than an order of magnitude can be expected
relative to full-matrix solvers such as HYACSIM+. While
direct benchmarks were not carried out for simulators of
flow networks that use sparse solvers, our indirect tests
suggest that the sparse methods employed in such programs
will not be comparable to SPARK for problemsin this class.
This is because sparse packages such as SuperLU do not
automatically perform decomposition or reduction,
notwithstanding the fact that handcrafted solvers based on
sparse methods should be able to do so. On the other hand,
problems characterized by a high degree of
interconnectivity, such as energy, mass, or momentum
transport in homogenous media, allow very little reduction
and therefore are not prima fascia candidates for graph-
theoretic solution methods. However, since the reduced
Jacobian in homogeneous transport problems is still very
sparse, conventional sparse matrix methods can be
beneficially applied after decomposition and reduction.
When this is done, the graph-theoretic solution method can
be competitive with sparse solvers even for homogeneous
transport problems, and probably superior for system
simulations in which reducible and homogeneous transport
components must both be solved.

In addition to performance improvements, the graph-
theoretic paradigm allows convenient hierarchical, equation-
based modeling. Additional benefits include input/output
free models, meaning that the model does not have to be
altered just because the input set changes, and relieving the
modeler from the burden of algorithm development.

Finally, we cal attention to several ways that the graph-
theoretic methodology used in SPARK can be incorporated
in other modeling environments. In particular, SPARK
models can be incorporated into non-SPARK environments,
and vice versa.
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