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Vector-Level Dynamic Row Distribution

procedure spmvCudaKernel()

Informatik

Performance Evaluation

LightSpMV [1] 1s a novel CUDA-compatible sparse matrix-vector multiplication (SpMV) algorithm using * Initially, each vector obtains a row index 7 from a > get the lane TD and vector ID for the thread * A Kepler-based Tesla K40c GPU and Matrix Warp / Vector (GFLOPS) Speedup
the standard compressed sparse row (CSR) storage format. It achieves high speed by benefiting from the global row management (GRM) data structure, and T e i/ CUDA 6.5 toolkit Single Double Single || Double
fine-grained dynamic distribution of matrix rows over vectors, where a warp is virtualized as a single computes y|7]. — B At S O R e o index webbase-1M 147/ 3.6 13.0/3.5 4.15 3.71
instruction multiple data (SIMD) vector and can be further split into a set of equal-sized smaller vectors * GSR contains an integet-type vatiable row_counter, A M * The vector-level kernel produces an dblp-2010 11.4/5.1 9.6/ 4.8 2.25 1.98
for finer-grained processing. which is stored in global memory and represents the if (Janeld < 2) then o the starting and end offsets for the row average performance of 14.8 GFLOPS in-2004 19.3 /104 15.6/94 1.85 1.66
, , , , L lowest row index among all unprocessed rows. ena i cctoriitianeld] = row-offserstron = faneldl with the maximum performance of 27.0 uk-2002 22.0/13.0 || 17.7/11.5 1.70 1.54
In LightSpMV, we have investigated two dynamic row distribution approaches at the vector and warp * When a vector has completed its current row, it will Foend = syaceleotondll ] GFLOPS for single precision, and an cop20k_A 22.6/13.4 || 162/ 11.6 1.69 1.40
levels with atomic operations and warp shuffle functions as the fundamental building blocks. We have retrieve a new row from GRM by incrementing I > compute the dot product of the vector average performance of 12.2 GFLOPS 12005 2417155 || 189/ 134 | 55 1 41
evaluated LightSpMV using various sparse matrices and further compared it to the CSR-based SpMV row_counter through an atomic addition operation. tqz ?ozﬁiz?)(rtgﬁsm& (warpSize - 1)) + laneld: with the maximum performance of 20.9 | indochina-2004 2257158 || 17.4/13.1 1.42 1.34
subprograms in the state-of-the-art CUSP [7] and cuSPARSE [3] libraties. Performance evaluation reveals . Thg first thread of each vector takes charge of the G e sl * slcolurin.indiceslil}: GFLOPS for double precision nlpkkt120 25.3 715.1 | 193 /127 1.68 1.52
that on a single Tesla K40c GPU, LightSpMYV 1s superior to both CUSP and cuSPARSE, with a speedup new tow retrieval and broadeasts the new row index end (§f+: Vi < row_end: i 42 V) do qeds_4 319/214 || 2387178 1.49 1.34
of up to 2.60 and 2.63 over CUSP, and up to 1.93 and 1.79 over cuSPARSE for single and double (6 all of the other threads in the vector. e by = valuesli]  xleolumn_indices{i]] * The warp-level kernel yields an average rmal0 28.0/22.5 || 21.4/18.0 1.24 1.19
precision, respectively. The source code of LightSpMV is available at http://lightspmv.sourceforge.net. « Warp shuffle functions are used for row index O or (i = row_start + laneld: i < row_end: i += V) do performance of 21.7 GFLOPS with the pwtk 31.0/27.0 || 23.0/20.9 1.15 1.10
broadcasting and intra-vector reduction for vector endeﬁ'dsgér; = veluesli) 7 xicolimnndieestiib maximum performance of 32.0 shipsecl 3207263 || 2337204 122 I.14
C d S R C S R dot product. e > intra-vector reduction GFLOPS for singe precision, and an kron_g.'SOO—logHZ 1 48748 4.0/74.0 1.00 1.00
Ompl' CSSC P arsc oW ( ) F ormat function getRowIndexVector() for (i=V'>>1:i>0i >>=1) do average performance of 16.6 GCUPS rail4284 357135 || 93793 100 100

sum += __shfl_down(sum, 1, V);
end for

> compute the lane ID of each threac Warp and Vector denote the warp-level and vector-level kernel, respec-

with the maximum performance of 23.8 | , : A ,
tively; Single and Double denote single and double precision, respectively.

GFLOPS for double precision

laneld = threadldx.x % V:

> save the result

* A frequently used format for sparse matrix storage in CPU-centric software

> get the row inde» if (laneld == 0) then

y[row] = sum + 3 * y[row]:
end if

if (laneld == 0) then
row = atomicAdd(row_counter, 1);
end if

* Efficient compression of structured and un-structured sparse matrices Performance of the vector-level and warp-level kernels

* Good amenability to efficient algorithms designed for CPUs

> get a new row

> broadcast the row index to all other threads within the vecto row = getRowIndexVector(); 25 -

: . d whil Single Precision 22.76
* Enables good SpMV performance on CPUs, but shows a relatively low performanFe on GPUs -t —shfl(row, 0. V). end procedure * Two CSR-based SpMV subprograms in .
* Uses three separate vectors: row_offsets, colunmn_indices, and values to tepresent a matrix Pseudocode for vector-level row distribution Pseudocode for the vector-level CUDA kernel CUSP: spmw_csr_scalar_tex: (CSR-Scalar) o CSR-Sealar 1687 16,62
- _ 14.38
and spmw_csr_vector_tex: (CSR-Vector) g5 m CSR-Vector
0.1 | 0.7 0 0 row_offsets = 0 2 4 7 9 ° ° ° ° g
Warp-Level Dynamic Row Distribution | | | Botus
o |02 | 08 | o * LightSpMV 1s far superior to CSR-Scalar, |
A= 0 ol column_indices= | 0 1 1 2 0 2 3 1 3 *  Only one atomic operation is function %ﬂi?ﬁ;&tgeihfﬁgg 1D and vector D of ach thread within the warp achieving average speedups of 10.76 and 0 108130
3 : : : 8.73 with maximum d f 22.76 '
1ssoue(.i for a warp | warpLaneld = threadldx.x & (warpSize - 1); nd 1“37 - foajsinule ZE;C d(l)lslilz 16 - Double Precision e
0 | 06| 0 | 04 values= | 0.1 | 0.7 | 02 | 0.8 | 05 | 03 | 09 | 0.6 | 04 * Distributes warpSize / 17 rows warpVectorld = warpLaneld 7V th ind . S 14 - 1267 1304 1) 43
! i . > gel the row index precision, respectively 12 - = CSR-Scalar
| . to a smgle warp at a time if (warpLaneld == 0) then B CSR_Vector 9.89 9.67 9.93
CSR representation of an example sparse mattix * Obtains the warp-level CUDA row = atomicAdd(row_counter, warpSize / V); g 10°- e 826 »
: : end if * Compared to CSR-Vectort, the average g 8762 6.07 '
. . . . kernel by replacing .the tunction > broadcast the row index to all other threads within the vector S ee(f s of LichtSoMV ate 1.72 an%l 7 6 1
Sparse Matrix-Vector Multiplication geRomIndexclector with the return (fow = _shilrow, 0, wampSize) + warpVectorld): Dby e | Al P .
P P function geRowlndexWarp. end function 1.70, and the maximum speedups are T e B S R B U (B S (P BN RV R
G 1S . 2.60 and 2.63 for single and double 0 - .
enera MYV equation: .. . S PP TS SISO
p 9 procedure sequential CSRSpMV () D 1 - o S precision, respectively @%@,\ Q\Q:»Q .&;@ sﬁ 0 e @0@ _&9@@&0 &;@ & ¢ @0@ @Q
> ierate ach row ouble Precision Support S s
y=aAx+ [y for (i = 0:i < R: ++i) do S &
> compute the dot product of two vectors . . . : ,
. . . sum = 0: P P Intra-vector reduction for double precision. function __shfl_down(value, delta, vectorSize) Performance comparison to CUSP
* Ais asparse matrix of size RXC for (j = row_offsets[i]; j < row_offsets[i + 1]; ++j) do * Overloads the __shfl_down function for double int2 tmp = *reinterpret_cast<lint2*>(&value); * Two CSR-based SpMV subprograms in 3 - R
” — 1] ndi 111- ) - _ ) ) . X = ) . . Ingle precision ouble precision
with NNZ non-zeros sum += values[j| * x[column_indices|j]]; e Uses the reinterpret_cast compiler directive tmp.X - —shil_down(tmp.x. delta, VeCtOI‘S.lZG)‘, cuSPARSE: cusparseScsrmw and 5 | 193
e is the source vector of size C end for . tmp.y = __shfi_down(tmp.y, delta, vectorSize); . 179 L6
> finalize and save the multiplication result * Uses integer __ shfl_down to exchange data return *reinterpret_cast< double* > (&tmp): cusparseDesrmy tor single and double 51 e 156 s L 161 1so L 156
° 1 1 1 1 1 — 1. — ? .. . i 1.47 ' 137 00140
7 1s the destination vector of size y[i] = o * sum + 3 * y[i]: end function precision, respectively 52 . = i BT [ IR N
R en de;‘foigaure Texture fetch for double precision ;21 | 103 106 1.02
* aand f are scalars * Uses texture object API to reinterpret a double- fumi:[tlltgn‘[EXFet‘[zl;(('f{f) flﬁ):tch<int2>(x i * LightSpMV outperforms cuSPARSE for
. = . . . 11
Pseudocode of the sequential SpMV using CSR type value to an int2-type value b= . each case, with the average speedup of
. : return __hiloint2double(tmp.y, tmp.x):
* Uses the _ hiloint2dounble function to recover the h 1.47 and th : d £1.93 0 -
end function 47 and the maximum SPCC U.p O 9 N N o N N N
double-type value for sinol = d ST T IS S F LSS
. . . or single precision, and an average R I & & TR
HOSt-Slde SPM » DI'IVGI' ROlltlIle speedup of 1.32 with the maximum < © & N Qf’
N \&50

speedup of 1.79 for double precision

Benchmark Sparse Matrices

procedure spmvHostDriver(cudaDeviceProp& prop, ...)
> set thread block and kernel grid configuration

Performance comparison to cuSPARSE

* Dynamic determination of
vector size based on average

14 sparse matrices are used for

tow length B = propmuliProcessorCount ' - e Roms Lo "o (LA R
* prop.maxThreadsPerMultiProcessor / numThreadsPerBlock; performance evaluation webbase-1M 1,000,005 3,105,536 3/ N Re fel‘ ences
. Do not need any hostside o t | t T [;;. reset row_counter to zero . " i N dPlp-Z[}lU 326,186 1.615.400 578 F . . . : - :
ore-processing of the CSR cudaMemset(row_counter, 0, sizco (lﬂ[} )‘};a \culate the average row length One half are from NVIDI in-2004 1,382,908 16,917,053 12737 F 1. Y. Liu and B. Schmidt: LightSpMYV: Faster .CSR-based Sparse Mat.rlx-Ve.ctor Mult1pl1csj1t1on on
data Structure mean = rint(Np » / R): Research [4] uk-2002 18,520,436 293,113,762 16728 F CUDA-enabled GPUs. 267/ IEEE International Conference on Application-specific Systems, Architectures and
' > launch the kernel cop20k_A 121,192 2,624,331 22/14 N Processors, 2015, ready to submit.
+ Launch only a single kernel t0 if {.2;;.; 51{] dZ; Ig;i:; e BT oo > set the vector size to 2 * The other half arc from the ind;uﬁi_*;m ?Sjl?f;; lffli’g '34101 2262;' 22‘]‘-[’6 E 2. N.Belland M. Garland: CUSP : Generic Parallel Algorithms for Sparse Matrix and Graph
petform the SPMV operation. else if (mean < 4) then s set the vector size to 4 Umv.ersrcy of .F lorida sparse —— 3:542:400 96.%45.;92 — - Computations (v0.4). htp:// m&b/zbm@/.gzz‘bﬂb.m., 201.4 |
Elsesli:m;r;mr;](él;ﬂageg:;l tﬁeﬁ < B, T>>> 4, ..); et e vector < o & matrix collection [5] T '4911'52 1,916,928 70 S 3. NVIDIA: The NVIDIA CUDA Spfxrse Matrix ler.ary (cuSPARSl.E),. In FUDA 6.5 toolkit, 2014
. CUDA kernels are spmvCudaKernel << < B, T >>> (8. ..): | — 26,835 237 4001 7% . 4. N..Bell and M. Garland: Impl.ementlng Sparse Matr.lx-Vector Multlphcsjltlon on Throughput-
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template functions end if ) up o 2,633 Wlth standard shipsec 140,374 7,813,404 > /11 N g £ L . ] . .
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