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Motivation

e SPICE: the most widely used circuit
simulation engine

— Challenges: time-consuming, especially in post-
layout simulation

— Requirement: acceleration of SPICE
— We expect: finish in 12 hours

e Parallel circuit simulation attracts research
Interests for decades

— Parallel algorithms by multi-thread are potential
solutions
2016/4/7 ASPDAC 2012 4



Motivation

e SPICE simulation flow
v

Parallelism iIs
straightforward

Matrix pre-processing
—» Transient iterations QO
v Model evaluation
—»  Newton iterations S — G -
¢ Sparse LU factorization |
Iterations (A=LU)

Right-hand-sol¥g |
(Ly=b, Ux=y)O |

Solving

Newton iteratior
converged?
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Motivation

e Features of circuit matrices
— Extremely sparse

— Unsymmetric, not positive-definite, usually
Irregular structure

— The nonzero pattern remains unchanged during
the iterations (no pivoting)

e The structure of the LU factors are also fixed during
the iterations

e symbolic factorization needs only once

e A special matrix solver for circuit simulation
IS needed
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Related work

e SuperLU(1999)

— General-purpose matrix solver

— Sequential/multi-thread/distributed versions
— Uses Supernodes to handle dense blocks
— Poor performance for circuit simulation

* Pardiso(2002)

— General-purpose matrix solver
— Sequential/multi-thread/distributed versions
— Also uses Supernodes

*[SuperLU] J. W. Demmel, J. R. Gilbert, and X. S. Li, “An asynchronous parallel supernodal algorithm for sparse gaussian
elimination,” SIAM J. Matrix Analysis and Applications, vol. 20, no. 4, pp. 915-952, 1999.

[Pardiso] O. Schenk and K. Gartner, “Solving unsymmetric sparse systems of linear equations with pardiso,” Computational
Science - ICCS 2002, vol. 2330, pp. 355-363, 2002.
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Related work

o KLU(2010)
— Specially optimized for circuit simulation
— Only sequential version

« UMFPACK(2004), MUMPS(2006)
— Multifrontal (dense blocks)

*[KLU] T. A. Davis and E. Palamadai Natarajan, “Algorithm 907: KLU, a direct sparse solver for circuit simulation problems,”
ACM Trans. Math. Softw., vol. 37, pp. 36:1-36:17, September 2010
*[UMFPACK] T. A. Davis, “Algorithm 832: UMFPACK, an unsymmetric-pattern multifrontal method,” ACM Trans. Math. Softw.,

vol. 30, pp. 196-199, June 2004.
[MUMPS] P. R. Amestoy, A. Guermouche, J.-Y. L'Excellent, and S. Pralet, “Hybrid scheduling for the parallel solution of linear
systems,” Parallel Computing, vol. 32, no. 2, pp. 136-156, 2006.
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Related work

 Among all the public sparse matrix solver
Implementations, only KLU Is specially
designed for circuit simulation
— KLU has no parallel version

— To our knowledge, currently there’s no research
that parallelizes KLU
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LU factorization basics

* Pre-processing (pre-analysis)

— performs column/row permutations to increase

numeric stability and reduce fill-ins
* Factorization

311 1 U9 ¢ Uin
o1 Lo O L ugy

0

. Right-hand:solving
I7=5 UZ=7
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LU factorization basics

 Left-looking algorithm

— Factorizes the matrix by sequentially processing
each column

— When factorizing each column (say k), it uses all
the left columns (1, 2, ..., k-1) to update self

T “ | G2a_cxb
o . eSuitable for cache
L . _
b g LI re based architecture
B write

—>
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LU factorization basics

 Left-looking algorithm

— If the matrix is dense, each column (k) depends
on all of its left columns (1, 2, ..., k-1)

— A complete sequential algorithm, strong data
dependency, hard to be parallelized
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LU factorization basics

 \When the matrix Is sparse...

— Each column only depends on part of its left columns
— Column k depends on column j, iff U(j, k) # 0 (j<k)
— The structure of U determines the column-level
dependency
o Sparse left-looking algorithm
— Gilbert-Peierls (G-P) algorithm
— KLU Is an implementation of
the G-P algorithm

[G-P] J. R. Gilbert and T. Peierls, “Sparse partial pivoting in time proportional
to arithmetic operations,” SIAM J. Sci. Statist. Comput. , vol. 9, pp. 862-874,
1988.
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Parallel LU metl petermine column-level

dependency (performed
* The software flow / only once)

/\
F’re'profess'”QfThe factorization is performed in

Static symbolil Column-level parallelism, scheduled
factorization| by the column-level dependency

sequential _ (performed many times, for the
i @\ iterations in circuit simulation)

, Cl /| Cluster parallelism |
Sequential left- | parallelism~~ | | with partial pivoting |
looking G-P v v
algorithm i Plpellr_le B Pl_pellne para!lell_sm ;
] | parallelism i || with partial pivoting |:
Y |
Right-hand- | w/o partial pivoting ~ w/ partial pivoting
solving [TCAS-II] [ASPDAC2012]
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Parallel LU methodology

e Partial pivoting
— During Iiterations, there may be some 0O’s or
small values on the diagonal
e Find the maximum element in each column, and
swap it to the diagonal
— Partial pivoting can interchange the rows

— The symbolic structure of L and U depends on
pivot choices, not fixed during iterations

— The exact column-level dependency cannot be
obtained before factorization (The exact column-

level dependency is determined by the structure
2016/A6f U) ASPDAC 2012 19



Parallel LU methodology

e Elimination Tree (ETree) Is used to represent
the column-level dependency

—J. W. H. Liu, “The role of elimination trees in
sparse factorization,” SIAM J. Matrix Analysis
and Applications , vol. 11, pp. 134-172, 1990.

 ETree contains all potential dependency,
regardless of the actual pivot choices

— overestimates the actual dependency

2016/417 ASPDAC 2012 20



Parallel LU methodology

e Elimination Tree (ETree)

12345678910

F

OO ~NO O~ WNLBE

=
o

(a) matrix A (b) ETree

Node & column

Edge: the potential dependency
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Parallel LU methodology

e | evel

— the longest distance from each node to the leaf
nodes

(b) ETree (c) level

The nodes in the same level are independent!
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Parallel LU methodology

e Elimination Scheduler (EScheduler)

— EScheduler is the primary scheduler in our
solver

level | task nodes
O |1 2 3 6 7
4 5

8

9

10

A WINPEP

(c) level (d) ESheduler
The nodes in the same level are independent!
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Parallel LU methodology

e Task scheduling

— Cluster mode »The nodes in the same level are

level| task nodes iIndependent

' § cluster

‘mode  3>Parallel method 1: cluster mode
»Level by level

»For each level, equally assign
the nodes to all the cores, the
nodes assigned to one core Is
called a “cluster”

(d) ESheduler
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Parallel LU methodology

* Task schedullng » Cluster mode cannot achieve

— Pipeline mode effective speedup
»The nodes in different levels may
be dependent

level| task nodes

» Parallel method 2: pipeline
»exploits parallelism between
dependent levels

(d) ESheduler
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Parallel LU methodology

* Time diagram

column 3

sequential

cluster
parallelism

pipeline
parallelism
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Experimental results

e Linux server
— 2 Intel Xeon5670 CPUs, 12 cores In total
— 24GB memory
 Test benchmarks: Tim Davis, University of

Florida Sparse Matrix Collection
— http://www.cise.ufl.edu/research/sparse/matrices
/index.html

* Two types of speedups
— Speedup: speedups over KLU
— Relative speedup: speedups over our 1-core
performance
2016/4/7 ASPDAC 2012 30
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Experimental results

time

 Benchmark statistics

min max
#benchmarks 35
Dimension (N) 2.4k by 2.4k 5.5M by 5.5M
density (NNZ(A)/N/N) 9.2E-7 0.0052
row density (NNZ(A)/N) 3.4 10.1
NNZ(L+U)/NNZ(A) 1 86
condition number 2738 1.79E+21
Average  pre-processing 4.64
time
Average factorization time 101.72
(1-core)
Average right-hand-solving 0.16

2016/417

ASPDAC 2012

31



Experimental results

 Speedup over KLU, on Set 1 (the matrices which are
suitable for parallel factorization)

Matrix N O |NNZ, KLU Our algorithm

benchmark tima(s} | fill-in flops residual F=1 P=4 P =85 fill-in| flops residual
® 107 | =108 time(s) |speedup| time(s) [speedup| time(s) [speedup
Set 1 benchmarks

rajatl}3 7.6 327 0023 4.79[6.55E+06] 1 32E-20 0.023 103 0012 1L.99] 0013 LEY] LE0[A97TE+DE [ 1A9E-20
coupled 11.3 985 0074 3.68|L3TE+07|2.79E-19 0.074 Lo0| 0.027 Ia7| 0026 IR0 379[247EHT |2 HE-T9
onetonel 36.1 341.1 16373 32.83[ 1LORE+10| 8 48E-13 2373 690 0601 2724 0319 5138 8.90|1.34E+09 | 1L.T2E-17
onetona? 36.1 2276 0620 936|4.66E+08]1.39E-13 (1263 234 0116 335 (0wl TI1| 346 | 1.98E+08 | 1.37E-17
ckil 1732 _dc_] 97 3330 0086 317|331E+07|5.18E-18 417 021 0.252 034 (L134 (h36| 6.47[34E+DR |4.55E-18
ASIC_100ks Ga3 3789 3034 T38| Z10E+(9|237E-23 1703 1.63| 0.636| 4.60] 0.305 T35 620 [ 1.30E<09 [0.3TE 29
ASIC_ 0k 99.3 0542 3343 1358|1.73E+09|3.89E-23 1.501 156| 0.629 A7 0433 541( 4.20 [1L11E+09 |3.45E-23

P=1
time(s) |speedup

P=4
speedup

P =285
speedup

| geometric-average 5.60 5.38

memchip ] IREEIT . . 64b+11)3.41E- . 1 . SHdbE+11 |4, -
Freescalel 3428 8| 180203 16219 334 L1TE+10] B 39E-21 15,646 1.04 JEI|LITE+10|B.21E-IT]
circuitsM_de 353233 191942 G000 401|LTIE+10|380E-34]] =074 1.01 411 |2 T1E+10 [ 3.53E-34
rajat3l 40900 | 203163 (| 381.478| 1797[4.88E+11 |5 41E-200| 333.333 L9 TT28 [42TE+11[551E-20
arithmetic-average 19.43
geometric-average 2,11
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Experimental results

o Speedup over KLU, on Set 2 (the matrices which are
suitable for sequential factorization)

Set 2 henchmarks
add2( 24 17.3 0002 LO0|1L31E+05] 1.33E-17 0.002 1L.05[ DOl 15[ (004 38| 1.00|1.31E+05|1.46E-17
circuit_l 26 33E 0004 1.18|664E+05] 2 44E-20 0.004 L.o0| D00 120 (02A 16| 121 9.09E+05 | 1.34E-20
circuit_2 45 21.2 0.003 1.6%8|445E+03] 1.27E-16 0.003 1.06| 0003 L0e| (020 L.17| 1.54 |4.16E+05 | 1.06E-21
add3? a0 239 0002 LO0[4.8TE+04] 1 94E-17 0.002 071 0003 36| 0018 10| 1.00[487TE+0d | 1.53E-17
circult_3 12.1 481 0007 138 Z13E+05| 1.13E-18 0.006 1221 0.0 et 0013 025 142 247E+05 [3.T0E-21
circuit_4 B2 I07.A 0032 1.34|A93E+06| 3.85E-20 0023 1.27] 0.0&8 AT 0063 .50 140 536E+06 | 9. 90E-20
heircuit 1057 3131 0nda| 1.3 L30E+06| 1 92E-19 n.036 128 0078 el 0077 050 1237 47E+06 | 1.BRE-19
del 1164 Thb 4 0114 149 3 83E+07 | 4.35E-19 0102 1.11 (.146 (] (1.147 0.7 147 [350E+07 |1 72E-1%
transd T8 1664 0118 28| 383E+07 | 3.03E-30 0108 LOO| 0.128 [ [ R EE! AT TAT[330E-0T| 372620
ASIC_a80k BR20| 34718 2989 172| LOTE+9 | 1.68E-2% 2047 146 1.361 2200 1.141 TG 170 |900E+08 | T 1E2%
circulta My 33383 393243 4346 LU4|LOOE+09|4.57E-19 32949 1.32] 6129 Tl @350 U.68| L1041 I0E+00 | 6.62E-19
arithmetic-average 1.14 .82 L67
geometric-average 1.13 .46

time(s) |speedup| time(s) |speedup | time(s) |speedup

geometric-average
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Experimental results

 Relative speedup over our 1-core solver

Matrix pelative speedupl V.V £g Matrix  felative speedupN N £ 2
benchmark P =4F =8|NNZ,|| benchmark [P =4JFP =B|NNZ,
Set 1 benchmarks Set 2 benchmarks

rajar(3 1.95 1.84 459 add20) 014 | 036 1.00
coupled 268 | 2.80 N circuit_] 1.200 | 016 1.21
onatonel 3od [ 743 RJEE] circuir_2 1.03 ] 016 1.534
onsone? 228 | 329 346 add3 031 | 014 100
ckel 1752 de_1 L6 | 2.70 333 circuit_3 036 | 045 1.42
ASIC_TiMiks 282 [ 451 629 circuit_4 | 037 | (0.0 1.40
ASIC_100k 239 [ 347 4.0 heircuit 047 | 044 1.23
twotone 2091 | 475 LXK dcl [V K 1.47
(G2 _circuit 327 | 346 | 274N transd 073 | 073 1.47

Set 1 benchmarks

Set 2 benchmarks

relative speedup

relative speedup

geometric-average

Fresscale

circuit3M_dc

rajatil

arithmetic-average

175 | 4.3

P.l'iﬁ:nztic-nzrup

070 | 033

1.32

geometric-average

266 | 401

||:|:|:|.r|:|:|:ric-n:rui:

et | 041

130

2016/417
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Experimental results

e Estimated relative fill-in

Matrix pelative speedupl V.V £g Matrix  felative speedup
benchmark M =4[ IF = B|[NNZ .|| benchmark = 4 = &

Set 1 henchmarks Set 2 henchmarks

rajar(3 1.95 1.84 459 add20) 014 | 036
coupled 268 | 2.80 N circuit_] 1.200 | 016
onatonel 3od [ 743 RJEE] circuir_2 1.03 ] 016
onsone? 228 | 329 346 add3 031 | 014

ckel 1752 de_1 L6 | 2.70 333 circuit_3 036 | 045
ASIC_[iMks 282 | 451 6.29 circuit_4 | 037 | 0.40
ASIC_ 100k 239 | 347 4.2) helrcuit 047 | 046

twotone 2091 | 475 LXK dcl [V K
(G2 _circuit 327 | 346 | 274N transd 073 | 073
ransient [L3% | 137 | 209 |[ASIC fa0k | 130 179
mac_gacon_fwd3ion | 2.44 | 414 | 4754 circuit3M | 034 | .52
Rajl L73 | 1.ox 3.60
ASIC_320ks 347 | 639 263
ASIC_320k 362 | 633 214
mc2depi 357 | as0 | 2388
rajar3() 231 | 321 ENT]
pre 317 | 492 | 1712
ASIC_AR0ks 229 | 336 213
Hamrle3 274 | 431 | 4371
G3_circuit 326 502 | 4921
memchip 335 | 520 | 1479
Fresscalz | 225 | 322 324
circuit3M_dc 331 .80 4.11
rajari] 335 | 330 | I7.I8
arithmetic-averagel .75 | 434 | 1309 |hrithmeticomverage (LT00 | L33 1.32
geometric-average] .66 | 401 T3 ||izometricovernge| (WBD| .41 130
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Experimental results

* Not every matrix is suitable for parallel

algorithm

— If the numeric computation time is little, the
parallel overheads will dominate in the total
runtime, such as: scheduling time,
synchronization time, memory/cache conflicts...

— NNZ(L+U) / NNZ(A) (the relative fill-in) can
effectively predict the sequential/parallel
decision

2016/417 ASPDAC 2012 36
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Conclusion

e Column-level parallel LU factorization
algorithm for circuit simulation

— Two parallel modes to fit the different data-
dependency and reduce scheduling overhead

* A simple method to decide whether a matrix
should use parallel or sequential algorithm

— Each matrix can achieve the optimal
performance

2016/417 ASPDAC 2012 39



Website

e http://nicslu.weebly.com/index.html

2016/417

NICS-LU release from Tsinghua EE

NICS-LU Software Release
by NICS-CAD group N |55

Home

Introduction Fill the form and DOWNLOAD NICS-LU

NICSLU is a set of routines for solving large-scale sparse linear Name*
systems of equations (Ax = b) in parallel. It is written by C, and can
be used in C/C++ programs. First Last

Sparse matrix solver has become the bottleneck in SPICE gmail=
circuit simulator. It is difficult to parallelize the solver because of
the high data-dependency during the numerical LU factorization. In =
our software, a parallel LU factorization (withiwithout partial Affiiation” o
pivoting) algorithm is developed on shared-memory computers -
with multi-core CPUs, to accelerate circuit simulation. We tested
our software on 35 circuit matrices from University of Florida
Sparse Matrix Caollection and 10 industry
matrices. The experimental results on 35 circuit matrices reveal
that our developed parallel algorithm can achieve speedups of 2x
- 8x (on geometric average), compared with KLU/KLU_refact
[KLU], with 1-8 threads, on the matrices which are suitable
for parallel algorithm.

We also find some interesting methods to decide which matrix
can be solved in a parallel way. This method will coming soon in

our future publication. ASPDAC 2012

Submit and download
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http://nicslu.weebly.com/index.html

Thanks for your attention
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