.QME(?Q.

s . 7
r ol S —— ) science & Technology MANCHESTER ' ‘ , “: l
4 & CLA ¥ Facilities Council — X
/ pE R%x " The University of Manchester

Parallel Numerical Linear Algebra

for Future Extreme Scale Systems A St an d ar d f 0 r University Laboratory Manchester Tennessee

Umea INRIA Rutherford Appleton University of University of

Batched BLAS Routines

D EF‘ N H“ O N Batched BLAS: multiple independent BLAS operations on small
matrices grouped together as a single routine

ABSTRACT

We propose an API for Batched Basic Linear Algebra Subprograms (Batched BLAS). We

APPLICATIONS

focus on multiple independent BLAS operations on small matrices that are grouped Batched BLAS ‘ =\
together as a single routine. We aim to provide a more efficient and portable library for Numerous applications require ~ -
multi/manycore HPC systems. We achieve 2x speedups and 3x better energy efficiency Batched BLAS: || ST U AT

: ' - Structural mechanics B A= el
compared to vendor implementations. We also demonstrate the need for Batched o L 1 = m
BLAS and its potential impact in multiple application domains. * Astrophysics

» Direct sparse solvers
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- High-order FEM simulations o

G

P R D PO S E D S P E C ‘ F‘ CA—H D N The function arguments are reminiscent of the BLAS standard.

Batched Level 3 dgemm_batch(  enum *transa, Batched Level 2 dgemv_batch( enum *trans, Batched Level 1 daxpy batch( integer *n,
BLAS DGEMM enum *transb, BLAS DGEMV integer  *m, BLAS DAXPY double *alpha,
Calling Sequence integer ~ *m, Calling Sequence integer  *n, Calling Sequence double  **x,
integer  *n, double  *alpha, Integer *incx,
Integer *k, double  **arrayA, double kky
double *alpha, integer  *1da, integer *incy,
double **arrayA, double  **x, Integer batch_count,
Integer *1da, integer  *incx, enum batch_opts,
double **arrayB, double  *beta, integer *info);
Integer *1db, double  *%*y,
double *beta, integer  *incy,
double **arrayC, integer  batch_count,
Integer *1dc, enum batch_opts,
Integer batch_count, integer  *info);
enum batch opts,

Integer *info);

BATCHED BLAS PERFORMANCE

Batched Level 3 BLAS DGEMM Example Batched Level 2 BLAS DGEMV Example Batched DAXPY Example
DGEMM (NN), batchCount = 500, 16-core Intel Xeon E5-2670, 1 Tesla K40c GPU DGEMV (N), batchCount = 500, 16-core Intel Xeon E5-2670, 1 Tesla K40c GPU DAXPY, batchCount = 500, 16-core Intel Xeon E5-2670, 1 Tesla K40c GPU
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Astrophysical thermonuclear networks coupled to
hydrodynamical simulations in explosive burnin
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OpenMP CUDA OpenCL * HPC Numerical library for modern architectures Householder Transformations, ISC HPC, Springer LNCS, Frankfurt, Germany,
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» Better hardware utilization and energy efficiency i

 Multicore e Fused Kernels [2] A. Haidar, S. Tomov, P. Luszczek, and J. Dongarra, MAGMA Embedded:
: o Encouragesl as well as simplifies, community efforts to Towards a Dense Linear Algebra Library for Energy Efficient Extreme
* Accelerators * Multiple Streams build higher-level algorithms on top of Batched BLAS Computing, 19th IEEE High Performance Extreme Computing Conference (HPEC

2015), Best Paper Award, IEEE, Waltham, MA, September, 2015.
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of High Performance Computing Applications, first published on February 9,
2015 as doi:10.1177/1094342014567546.
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The specification is open for community discussion; we would welcome your comments: www.nlafet.eu Lara, M. Zounon, S. Relton, and S. Tomov, A Proposed API for Batched Basic

Linear Algebra Subprograms, UTK Computer Science Technical Report,
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