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I. SPARSE GENERAL MATRIX-MATRIX MULTIPLICATION

Sparse general matrix-matrix multiplication (SpGEMM) is
one of the key kernel of preconditioner such as algebraic
multigrid (AMG) method or graph algorithms. Even though
SpGEMM is matrix-matrix multiplication, the performance
of SpGEMM is quite low since the memory access to both
input matrix and output matrix is random. Since non-zero
pattern of output matrix is unknown before execution, the
execution should be done in 2-pass; first counts the number
of non-zero elements of output matrix, then allocates memory
and calculates values and column indices of output matrix.
Existing work executes in 1-pass and accelerates SpGEMM
on GPU with large memory usage. ESC (Expansion, Sorting
and Contraction) algorithm [1] makes a list of intermediate
products and sorts them by row and column index. It outputs
the matrix by contracting the products with same row and
column indices. BHSPARSE [2] focuses on load-balancing
for irregular matrix data which has some dense rows and
many of rows with few non-zero elements. BHSPARSE groups
the rows by the number of intermediate products and applies
appropriate merge algorithm with shared memory for each
group. Anh et al. proposed BalancedHash algorithm [3],
which improves imbalanced workloads by making the work
list in global memory and inefficient random global memory
access by devising hash table on shared memory. Hash table
on shared memory works well, but this requires additional
global memory usage for hash collision. Although existing
work successfully accelerates SpGEMM on GPU by use large
amount of memory, this property limits applicable matrix data.
None of existing SpGEMM algorithm on GPU achieves high
performance with low memory usage.

II. PROPOSAL

We propose the state of the art algorithm which accelerates
SpGEMM on GPU and reduces memory usage by utilizing
shared memory and appropriate case analysis. We assume
input matrices and output matrix are stored as CSR format.
Our SpGEMM algorithm is executed in 2-pass and the flow
of our approach is below.

1) Count the number of intermediate product of each row
2) Group rows by the number of intermediate product
3) Count the number of non-zero elements of each row of

output matrix

4) Set row pointer of output matrix to store as CSR format
by scan operation

5) Group rows by the number of non-zero elements
6) Calculate values and column indices of output matrix

a) Calculate values and column indices on hash table
b) Shrink table to hold only non-zero elements
c) Sort by column index in ascending order

First, the algorithm forms seven groups of rows by the num-
ber of intermediate products or non-zero elements and changes
the thread assignment and other parameters to improve the
load-balance. We construct efficient hash table at (3) and (6-
a). The table size is set based on group and hash table is on
shared memory, except a row has large number of non-zero
elements. We adopt linear probing algorithm and the operation
about hash table can be done on only shared memory. To
achieve perfect coalesced memory access to input matrices,
we devise two-way thread assignment and memory access. Not
only memory access efficiency but also load-balancing can be
improved by switching two ways based on the group, that is,
the number of intermediate products or non-zero elements.

III. EVALUATION

We evaluate the performance of our SpGEMM compu-
tations. For our evaluations, we select various 12 matrices
from the University of Florida Sparse Matrix Collection [4].
Our evaluations have been done on NVIDIA’s Quadro M6000
GPU. The GPU has 12 GBytes device memory and its peak
memory bandwidth is 317 GByte/sec. There is also 96 KB
shared memory on each SMM. GPU codes are implemented
in CUDA 8.0RC.

Fig. 1 and 2 show the performance of SpGEMM com-
putations in single and double precision, respectively. We
compared our SpGEMM algorithm to the existing SpGEMM
libraries; cuSPARSE, CUSP [5] and BHSPARSE. The perfor-
mance evaluation shows that our approach overcomes existing
libraries for all matrix data and achieves significant speedups
of x28.7, x7.7 and x5.7 on maximum, and x15.3, x2.8 and x3.5
on average in single precision, respectively. The evaluation
shows that our approach works well in double precision and it
achieves speedups of x23.7, x6.1 and x4.9 on maximum, and
x11.7, x2.5 and x3.0 on average, respectively. Our approach
shows speedups of up to x4.0 in single precision and x3.3 in
double precision compared to best libraries.
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(b) Low-Throughput matrices

Fig. 1: Performance on SpGEMM computation in single precision

0
2
4
6
8
10
12
14
16
18

G
FL
O
P
S

CUSP cuSPARSE BHSPARSE PROPOSAL

(a) High-Throughput matrices

0

0.5

1

1.5

2

2.5

Economics Circuit Epidemiology webbase

G
FL
O
P
S

CUSP cuSPARSE BHSPARSE PROPOSAL

(b) Low-Throughput matrices

Fig. 2: Performance on SpGEMM computation in double precision

IV. CONCLUSIONS

We propose the novel SpGEMM algorithm which is de-
signed for reducing both memory overhead and execution time
on GPU. Our algorithm achieves speedups of up to x4.0 in
single precision and x3.0 in double precision compared to
existing fast SpGEMM libraries. For future work, we will
apply our technique to the preconditioner such as AMG
method and real-world applications.
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