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Abstract—SPICE is widely used for transistor-level circuit
simulation. However, with the growing complexity of the VLSI
at nano-scale, the traditional SPICE simulator has become
inefﬁcient to provide accurate veriﬁcations. This thesis tries
to accelerate transistor-level simulation on multi/many-core
systems, and we will solve 3 problems: 1) develop a parallel
sparse LU factorization algorithm for circuit simulation; 2)
implement the matrix solver on GPU to further accelerate
the solver; 3) develop a circuit partitioning based parallel
simulation approach on distributed machines to obtain better
scalability. The experimental results show that the proposed
parallel LU factorization algorithm effectively accelerates the
matrix solver for circuit simulation on both CPU and GPU.

 



   
    

1

1

    

  

     
!"#

    
  

$% %  
&"'("&#

<
     

 !"'

<

Figure 1.
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A typical SPICE simulation ﬂow.

data-dependency and reduce scheduling overhead; 4) it’s
based on shared-memory machines and can be conveniently
used on multi-core computers.
The second is to implement the parallel solver on GPU
(Graphic Processing Units) to further accelerate it. The number of CPU cores sharing the same memory is often limited.
The state of the art GPU provides a possible solution to this
problem: a GPU naturally has numerous cores sharing the
same device memory. This is the ﬁrst work on GPU-based
sparse LU factorization intended for circuit simulation. This
work is accepted by DAC-2012 [5].
The last is to develop a circuit partitioning based simulation approach on distributed-memory machines, since the
traditional parallel simulation approaches and the parallel
matrix solver can easily reach bottlenecks on shared-memory
computers when the number of cores increases, which means
the scalability of the traditional parallel approaches is poor.
The distributed methods will greatly improve the parallel
scalability.
The ﬁrst two problems have been already solved, and
currently we are developing solutions for the last one.

I. I NTRODUCTION
SPICE (Simulation Program with Integrated Circuit Emphasis) [1] developed by UC-Berkeley is a circuit simulator
widely used in IC design. With the growing complexity of
the VLSI, accurate post-layout simulation can often take
days or even weeks of runtime on modern processors. Fig. 1
shows a typical ﬂow of SPICE transient simulation. SPICE
runtime is dominated by 2 steps: model evaluation and
sparse matrix solver. Many parallel approaches have been
proposed to accelerate SPICE simulation (see Section IV).
The parallelism of model evaluation is straightforward, but
the matrix solver is difﬁcult to be parallelized because of
the high data-dependency during LU factorization and the
irregular structure of the circuit matrices. So the matrix
solver has become the bottleneck in the SPICE ﬂow.
With these motivations, our research goal is to accelerate
SPICE simulation on multi/many-core systems. We will
contribute to solve 3 problems.
The ﬁrst is to parallelize the sparse matrix solver on
shared-memory systems, which is the most severe bottleneck
in the SPICE ﬂow. This work has been published by TCASII [2] and ASPDAC-2012 [3]. The parallel solver can be
downloaded from http://nicslu.weebly.com. The features of
the solver are: 1) column-level parallelism, which is suitable
for circuit simulation [4]; 2) automatically decide whether a
matrix is suitable for sequential or parallel algorithm; 3) two
parallel modes are dynamically scheduled to ﬁt the different

II. PARALLEL LU FACTORIZATION A LGORITHM
A typical LU factorization has three steps: 1) preprocessing (performs column/row permutations to increase
numeric stability and reduce ﬁll-ins), 2) numeric factorization (factorizes matrix A into the product of L and U ), and
3) right-hand-solving (solves Ly = b and Ux = y ). In circuit
simulation, the pre-processing step is performed only once,
the last two steps are repeated for many times during the
iterations.
Fig. 2 shows the ﬂow of our proposed parallel solver.
After the pre-processing step, a symbolic factorization [6]
is performed to predict the structure of L and U , which is
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Figure 3.

The ﬂow of our parallel LU factorization algorithm.

The left-looking G-P algorithm [4], [7].

Table I
T HE RESULTS OF THE PARALLEL LU

used to give a suggestion that whether the matrix should
use parallel or sequential algorithm. In the following, we
will describe the parallel strategies about 3 points: task
description, task partitioning and task scheduling.
Task description: The basic LU factorization algorithm
is the left-looking Gilbert-Peierls (G-P) algorithm [4], [7],
as shown in Fig. 3. It factorizes matrix A by sequentially processing each column (k) in 3 primary steps: 1)
symbolic factorization, 2) numeric factorization, 3) partial
pivoting. Numeric factorization (Fig. 3(b)) is the most timeconsuming step. It indicates that the numeric factorization
of column k refers to the data in some previous (left side)
columns {j|U (j, k) = 0, j < k}. In other words, column k
depends on column j, iff U (j, k) = 0(j < k), which
means the column-level dependency is determined by the
structure of U . The parallel strategy is to ﬁrst determine
the column-level dependency in the pre-processing step (performed once), and then the parallel factorization is scheduled
by the column-level dependency (performed many times in
circuit simulation).
Task partitioning: We have realized 2 parallel algorithms: with and without partial pivoting (see Fig. 2). The difference is that when adopting partial pivoting, the structure
of L and U depends on pivot choices (partial pivoting can
interchange the rows), so the exact dependency cannot be
determined in the pre-processing step.
When adopting partial pivoting, we use ETree (Elimination Tree) [8] to represent the dependency (Fig. 4). It’s not an
exact representation, but contains all potential dependency
regardless of the actual pivoting choices, so it overestimates
the exact dependency. Node k in the ETree corresponds
to column k in the matrix, so ”node” and ”column” are
equivalent. Then we calculate level of each node. level is
an intuitive concept that indicates the longest distance from
each node to leaf nodes of the ETree. Finally, all the n nodes
are categorized into different levels to obtain the EScheduler
(Elimination Scheduler).
Task scheduling: Take Fig. 4(d) as an example to illustrate the task scheduling strategies. The nodes in the same
level are independent, so these nodes can be calculated in
parallel effectively, with little scheduling time. It’s cluster
mode (level 0 and 1). However, when the nodes in one level
become fewer (level 2 ∼ 4), cluster mode is ineffective.

#benckmarks
3
speedup (4-core)
speedup (8-core)
4
relative speedup (4-core)
relative speedup (8-core)
1
2
3
4

FACTORIZATION .

w/ partial pivoting
1
2
group 1
group 2
24
11
5.60
0.67
8.38
0.46
2.66
0.60
4.34
0.41

w/o partial pivoting
26
2.97
4.55
2.88
4.78

group 1: the matrices which are suitable for parallel algorithm
group 2: the matrices which are suitable for sequential algorithm
speedup: the speedups over KLU
relative speedup: the speedups over our 1-core solver

In this case, pipeline mode which exploits parallelism
between dependent levels will be used. The 2 modes
work coordinately and achieve a high level of concurrency.
Because of space limitation, we omit the details here, please
refer to [3].
If partial pivoting is not adopted, the exact dependency
can be determined by the structure of U , which is obtained
in the pre-processing step and forms an EGraph (Elimination
Graph). So ETree is not used, and the EScheduler is directly
built from level categorization of the EGraph. The factorization is also scheduled by cluster mode and pipeline mode,
but the detailed algorithm is different since here symbolic
factorization is not needed during numeric factorization. The
details can be found in [2].
The experiments are implemented by C on a server with
2 Xeon5670 CPUs (12 cores in total). The test benchmarks
are from University of Florida Sparse Matrix Collection [9]
(the largest matrix is 5.5M by 5.5M). We also test KLU [4]
as a baseline for comparison. The results are summarized
in Table I. All the speedup numbers listed are geometricaverage, some labels are explained in footnotes. For the
algorithm with partial pivoting, we test 35 matrices, and
they can be separated into 2 groups. For the group which
is suitable for parallel algorithm, our proposed solver can
achieve effective speedups over KLU; For the algorithm
without partial pivoting, we test 26 matrices, and our solver
can achieve speedups for all the 26 matrices. The detailed
results can be found in [2], [3].
III. GPU ACCELERATION
Although the CPU-version parallel solver can achieve
effective speedups over KLU, the number of CPU cores
is often limited, because of the bandwidth limitation of

2531
2525

1 2 3 4 5 6 7 8 9 10

1

1
2
3
4
5
6
7
8
9
10

6

5

2

8

4

4
7

10

,)
,)

42

$ "  

44

 

%

     ! 



(d) ESheduler

43

   

  
 

½pipeline
¾mode
¿

Thread 2

(c) level



  "        
    
IRU  "      GR
      " 
  
 RQ *38
HQG IRU
       
 
 RQ *38
 
     
 "           
#   

Figure 5.

8

7 ½cluster
¾mode
¿

An example to illustrate ETree, level, and EScheduler.

 

  
 

! 

2

&

,)

  

5

task nodes
1 2 3 6
4 5
8
9
10

level
0
1
2
3
4

Thread 1

    
     
      
         
      

3

9

7

10
(b) ETree

Figure 4.



6

9

(a) matrix A

  
   

1

3

;



:

 -)
 -)
"233

9
8
7
6
5

噯
噯

噯
噯

   4
   :

2
4
3
3

$'

3<7

4

4<7

2

2<7

 43 

Figure 6.

5

5<7

6

6<7

#

Relation between Mﬂops and GPU speedups.

$&

IV. R ELATED W ORK



Research on parallel circuit simulation has been active for
decades, and there are some classes of parallel approaches.
The traditional parallel strategy is to parallelize the sparse
matrix solver. There are some popular software implementations for LU factorization, such as SuperLU [8], [10],
KLU [4], UMFPACK [11], PARDISO [12], and so on.
Among all the software implementations, only KLU is
specially optimized for circuit simulation, however, KLU
has no parallel version.
To improve the scalability of the traditional parallel
approaches, some circuit partitioning based methods have
been proposed [13]–[15]. Most of these methods partition
circuits into several small sub-circuits to build the BBD
(bordered-block-diagonal) matrices, as shown in Fig. 7(a).
However, although the solution of the diagonal blocks can
be parallelized independently, the right-bottom block is a
serious bottleneck, as BBD-based approach is in a masterslave mode, all the slave machines send data to the master
machine (Fig. 7(b)).
There are also some other parallel approaches, such as
waveform relaxation [16]. However, it usually requires a
grounded capacitor at each node to guarantee convergence
and often performs poorly for feedback circuits. Another approach that explores parallelism among different algorithms,
called multi-algorithm parallelism [17], however, it needs
many redundant computation resources.
Recently, GPU proves useful in many scientiﬁc computation ﬁelds. Previous works on GPU LU factorization mainly
focus on dense matrices [18]–[20]. The performance of
these works is promising, however, since circuit matrices are

The workﬂow of sparse LU factorization on GPU.

the memory bus. The state of the art GPU naturally has
numerous cores sharing the same device memory, which
provides a potential solution to improve the parallel scalability and obtain more speedups. In this work, we for the
ﬁrst time propose a GPU-based sparse LU solver for circuit
simulation.
Fig. 5 is the workﬂow of GPU-based sparse LU factorization. The pre-processing is performed only once on CPU.
For numeric factorization, based on GPU architecture, we
expose more parallelism in G-P algorithm by partitioning
one single vector multiple-and-add operation (see Fig. 3(b))
and mapping the partitioned tasks onto several GPU threads,
since GPU schedules threads in a SIMD (single-instructionmultiple-data) manner. In addition, we propose sorting the
nonzeros of L and U to improve the data locality for more
coalesced access to global memory on GPU, which increases
the GPU bandwidth by 2.3× (from 37.69 GB/s to 87.75
GB/s).
The experiments are implemented on NVIDIA GTX580
with CUDA 4.0. The results are shown in Fig. 6. It reveals
that GPU LU factorization is efﬁcient with matrices whose
factorization involves massive (more than 200M with our
platforms) ﬂops (ﬂoating-point operations). On these matrices, the GPU implementation can achieve on average 7.6×
speedup over 1-core CPU and 1.4× over 8-core CPU. In
addition, we can see the GPU speedups are approximatively
proportional to the ﬂops. This indicates that the speedups
will increase when the matrices become larger.
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The BBD structure and the master-slave parallel mode.

extremely sparse, dense algorithms are not suited. Christen et
al. mapped PARDISO to GPU [21]. Their work still follows
the idea of GPU-based dense LU factorization: they compute
dense blocks on GPU and the rest is done on CPU. To our
knowledge, there has been no work on GPU-based sparse
solver for circuit simulation.
V. C ONCLUSIONS AND F UTURE W ORK
It is important to accelerate SPICE simulation for modern
VLSI design. In our work to date, we have proposed a parallel sparse LU factorization algorithm on shared-memory
systems to accelerate the SPICE simulator. The experimental
results show that the proposed solver achieves effective
speedups over KLU. In addition, the GPU implementation
can also achieve more speedups than the CPU code.
Our next step is to develop a circuit partitioning based
parallel simulation approach on distributed machines. The
traditional SPICE ﬂow can easily reach a bottleneck even
by parallel matrix solvers, since the strong data-dependency
during numeric LU factorization, memory and cache conﬂicts, and the inter-processor communication will drastically
degrade the parallel performance. Unlike the existing BBDbased approaches, we wish our partitioning based method is
a distributed method, and doesn’t need to build the matrix
for the whole circuit but only needs sub-matrices for each
sub-circuit, which is solved by the proposed shared-memory
based parallel solver on one computer. The global convergence is achieved by iterations among all the computers.
This method has 2 levels of parallelism: intra-computer
and inter-computer, which will contribute to achieve more
speedup, and the distributed simulation approach will reduce communication among sub-matrices and improve the
parallel scalability.
In addition, we will also use CPU/GPU hybrid systems to
implement the partitioning based simulation approach, so a
scheduling algorithm will be developed to perform a good
task assignment scenario to obtain the best performance.
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