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Abstract Vector-Level Dynamic Row Distribution Performance Evaluation

LightSpMV [1] is a novel CUDA-compatible sparse matrix-vector multiplication (SpMV) algorithm using * Initially, each vector obtains a row index 7 from a procedure ”'p'lwcuaamfmm > get the lane ID and vector ID for the thread * A Kepler-based Tesla K40c GPU and Matrix Warp / Vector (GFLOPS) Speedup
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instruction multiple data (SIMD) vector and can be further split into a set of equal-sized smaller vectors * GSR contains an integer-type variable row_counter, e G B B octorts * 'The vector-level kernel produces an dblp-2010 11.47/5.1 9.6 /4.8 2.25 1.98

for finer-grained processing, which is stored in global memory and represents the if Ganeld < ) then | D e arting anc end offscts for the Tow 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. enajr | ccrendliianeld] = rowoffsersirow s+ faneld] with the maximum performance of 27.0 uk-2002 220 /130 || 1777115 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 row_start = HPHCT[VEC“"&][[I‘;]; GFLOPS for single precision, and an cop20k_A 226/134 || 162/ 11.6 1.69 1.40

. . . . e 5 row_end = spacefvector : b) — ’ ~ ’ ’ ‘ ‘
levels with atomic opcerations and warp shuffle functions as the fundamental buﬂdlng blocks. We have retrieve a new row from GRM by incrementing = 0 > compute the dot product of the vector average performance of 12.2 GFLOPS eu-2005 24.1/15.5 189/ 13.4 1.55 1.41
' ' ' ‘ i _ MV . ) . if (V == warpSize) th . . . — ‘
evaluated LightSpMV using various sparse matrices af;d further compared it to the CSR-based Sp row_connter through an atomic addition operation. ! - o e om start & (warpSize - 1)) + lancld; with the maximum performance of 20.9 | _indochina-2004 [ 225 /158 [[ 1747131 [ 142 134
—of-the- if (i > row_start && i < row_end) th . — »

subprogran.ls in the state-of-the-art (;USP 2] agd cuSP RSE [3] libraries. Performance evahomtmn reveals + The first thread of each vector takes charge of the i lslﬂnﬁi‘i alues(i] * alcolurmn, indices[ill: GFLOPS for double precision nlpkkt120 25.3/15.1 || 1937127 1.68 1.52

that on a single Tesla K40c GPU, LightSpMV 1is superior to both CUSP and cuSPARSE, with a speedup new row retrieval and broadeasts the new row index o~ o end. § 42 V) do qeds_4 319/214 || 238/ 178 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 t6 all of the other threads in the vector end o += valuesi] * x[column_indices[i]J * The warp-level kernel yields an average rmal0 28.0/225 || 2147180 124 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: § < row_end: § 4= V) do petformance of 21.7 GFLOPS with the pwitk 31.0/27.0 || 23.0/209 [.15 1.10

sum += values[i] * x[column_indices[i]l: . e f
broadcasting and intra-vector reduction for vector de,;,fii.l‘.l = vl reotumnndieestl maximum performance of 32.0 shipsec| 32.0/263 || 23.3/204 1.22 1.14
end 1 . .. . ‘
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> compute the lane ID of each threac sum += __shfl_down(sum, i, V);
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0 | 06| 0 | 04 values= | 0.1 | 07 | 02 | 0.8 | 0.5 03 | 0.9 | 0.6 | 04 * Distributes warpSize / 17 rows warpVectorld = warpLaneld / V; | and 1.0 TOr SINgIC and doublc 14 1 ner 1304, ’
' ' ' ' ' ' ‘ ‘ ' ' ’ ol . > get the row index precision, respectively . ® CSR-Scalar
. . 10 a single warp at a ime if (warpLaneld == 0) then = CSR-Vector 989 967 9.93
CSR representation of an example sparse matrix * Obtains the warp-level CUDA row = atomicAdd(row_counter, warpSize / V); g 10 S 826 »
kernel by replacine the function end if * Compared to CSR-Vector, the average 2 ° 620 6.07
. . . . y Tep g. > broadcast the row index to all other threads within the vector d f LichtSoMV are 1.72 and 26
Sparse Matrix-Vector Multiplication getRonlndex utor ith the reurn (fow = _shi(row. 0. warpSize) + warpVectorldy e e 3 B .
p P function gefRonIndexWarp. end function 1.70, and the maximum speedups are T e T B S S B0 [ S P B RO R
: 2.60 and 2.63 for single and double 0
[\/] V . L. . Q 0 Q& Nad e) 0 Q ™ Q N N N\ >
General Sp cquation: d i11CSRSpMV o o precision, respectively %f\ D N I R TN
procedure sequentia P () D 1 P S NS N S VA AV SV S
> ierate each row ouble Precision Support & &
y=aAx+ [y for (i =0;i < R; ++i) do $ &
> compute the dot product of two vectors . .. . | i :
. . _ sum = 0: Intra-vector reduction for double precision. function __shfl_down(value, delta, vectorSize) Performance comparison to CUSP
* Ais a spatse 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<int2*>(&value): * Two CSR-based SpMV subprograms in 3 - e
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