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Abstract. We describe DSJM, a software toolkit written in portable C++ that enables the
direct determination of sparse Jacobian matrices whose sparsity pattern is a priori known.
Using the seed matrix S € R"*? defined by the partitioning information the nonzero un-
knowns of A € R™*™ can be obtained in AS = B where B € R™*? has been obtained via
finite difference approximation or forward automatic differentiation. Our preliminary imple-
mentation includes well-known as well as new column ordering heuristics. Early numerical
testing is highly promising both in terms of running time and the number of matrix-vector
products needed to determine A.
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1 Efficient Software Implementation for Direct Determination of
Sparse Jacobian Matrices

The determination of a sparse Jacobian matrix with a priori known sparsity pattern of at least
once continuously differentiable mapping F' : " — R™ can be viewed as a computation of p
matrix-vector products AS = B where A is an approximation of the Jacobian matrix F’(x) but
has the same sparsity pattern and S € R"*? is a seed matrix of p directions. The nonzero entries
of A are obtained using finite difference approximation
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or via the forward mode of automatic differentiation at a computational effort equal to a small mul-
tiple of the computational effort for evaluating F' at x. If the p; rows of S defined by the p; nonzero
unknowns of A(%,:) are linearly independent then A(%,:) is uniquely determined from B(Z,:). We
have direct determination if the nonzero unknowns can be recovered from B without any extra
arithmetic operations. The Curtis, Powell, and Reid method, henceforth the CPR [2] method, ex-
ploits A’s sparsity to define S(:, k) = Zjeck ej,k=1,...,p where C = {C1,...,Cp} is a partition
of column indices such that for each pair of indices j,I € Cj, the product a;;ay,7 = 1,...,m is
identically 0, thereby yielding direct determination of the unknowns. The DSJM currently im-
plements the well-known column ordering algorithms “largest first order (LFO)”, “smallest last
order (SLO)”, and “incidence degree order (IDO)”, as well as a new column partitioning algorithm
M(atrix)RLF based on “recursive largest first (RLF)” heuristic [8] for direct determination of sparse
Jacobian matrices. Inspired by the highly acclaimed software DSM [1] our implementation uses
general purpose data structures compressed row storage (CRS) and compressed column storage
(CCS) for input matrices emphasizing efficiency and simplicity of use. Results from preliminary
numerical experiments are given in Tables 1 and 2.

Table 1 displays timing results for selected large problems [4] (m rows, n columns, nnz nonzero
entries) in seconds obtained on an IBM PC with 2.8 GHz Intel Pentium CPU, 1 GB RAM, and 512
KB L2 cache running Linux. The timing shown is that of IDO column ordering (ot) and greedy
partitioning (pt) [5]. For both ColPack and DSJM the column ordering step is computationally
more expensive than the greedy partitioning for almost all the test problems. This is expected since
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Table 1. Timing Results for IDO Partitioning.

Matrix m n nnz ColPack [j5] DSJM

ot pt ot pt
Ipcreb 9648 77137 260785 139 149 2.46 1
Ipcred 8926 73948 246614 14.79  1.48 246 1.01
Ipfit2d 25 10524 129042 | 64.19 24.94 | 16.32  17.2
Ipkenl8 105127 154699 358171 1592  0.63 | 147 048
Iposa07 1118 25067 144812 | 161.76 28.34 | 40.84 18.35

Table 2. Partitioning Results.

Matriz m n nnz  p | ColPack[5] DSJM

af23560 23560 23560 484256 21 | 41 (SLO) | 37 (MRLF)
cagell 39082 39082 559722 31| 62 (SLO) | 54 (MRLF)
cagel2 130228 130228 2032536 33 | 68 (SLO) | 56 (MRLF)

the ordering step requires the calculation and updating of column “degrees”. A similar performance
profile is exhibited by the ordering algorithms LFO and SLO.

In Table 2 we provide partitioning results for a selection of problems [4] where there is a large
gap between the maximum number of nonzero entries in any row (p) and the number of groups in
the partition (p). In the parentheses we provide the ordering that gives the smallest partition. As
evident from Table 2, SLO consistently produces the best ordering for ColPack while MRLF is the
winner for DSJM. Also for other problems (not reported here) MRLF, on average, yields the best
partition among the ordering heuristics considered.

We note that both the DSJM and the bipartite implementation ColPack require ©(nnz) storage
— thus achieving an important design objective identified in [7] for solving large and sparse problems.

2 Concluding Remarks

DSJM is being developed to address the need for efficient software toolkits that are simple and
intuitive to use. The current implementation provides a collection of stand-alone column ordering
and partitioning algorithms and driver routines for efficient direct determination of sparse Jacobian
matrices. Future extension would include a user-friendly interface to automatic differentiation
software and MATLAB [3]. Further, we envisage incorporation of substitution and elimination
techniques [6] in addition to direct determination methods currently available.
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