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1.Abstract 3. Methods 4. Results
The objective of the study was to determine if improvements in compute Partition, A A Tx1 (b Table 1. Characteristics of three test linear systems taken from a
performance for a Gibbs Sampler (GS) applied to very large sparse or mixed- 1 In || X1 L typical very large problem in animal genetics
density general linear systems could be obtained using heterogeneous Ax=b as, : : =] - Problem TR
computing with CUDA. The GS is a Markov chain Monte Carlo method that A A b Size NNZ # Equations  Density  Observed
has been used to approximate the joint distribution and marginal Sample, -43nl TR CEERN Y Small 146,683,254 5,104,752 0.000563% 445,785
distribution of variables. It has been used in statistical problems, especially Medium  1,095956,018 28,274,608 0-0001372/" 4,619,345
quantitative genetics/genomics, to obtain posterior distributions of perhaps Initializeon GPU T = b Large ~ 2071.803441 51,448,023 0.000078% 10412175

millions of variables such as when making inferences about genomic or
genetic effects in selection of livestock or plants. In conventional

Table 2. Time for a complete sample of the x vector for traditional
and new algorithm

FOR each sample chain of x
FOR i is each row block of A

implementations GS involves sampling plausible values of the variables at Synchronize stream i Time for 1
single-sites (ssGS) or in blocks, after updating observations or right-hand FOR k is each row of A.. (1] Sample of x (s)

: . Traditional Performance
sides for current values of all the other sampled effects. The process of A ~ . . :

. . : Tir = ( T - Zakzm ) / Q kk Problem Size  Gibbs Sampler New Algorithm Improvement
sampling is repeated tens of thousands of times to generate a chain from o Sall 1482 0.407 3 65
which the posterior distributions are determined. For 10’s of millions or Ti=Tu+RND(0,1) X0. XJ1/am Medium 11.450 2.007 5.71x
more equations, using CPU based methods have been intractably slow. We END FOR Large 22.121 4.352 5.22x

propose an ssGS algorithm that partitions the linear system into an arbitrary
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number of blocks, then samples within the blocks after asynchronously FOR k = [2] R
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adjusting the right-hand side for previous samples. The performance of the Launch async on GPU rx -= AuX; € *ssgibbsCuda Defaule 2 D
algorithm was evaluated for three sizes of linear systems taken from real END FOR - = = -
problems in animal genetics. — h. - o gerorce T ANz
faunch async on GRU-E1 = b ol IWT LI CLLE THLT, TIAT ERLE TILECLELE RLLT,
2. Background END FOR 7 Memcpy ©toD) [ | | i R 'Y I R T |||'|| L
. . | | | |
Methods for the solution of very large sparse linear systems have been well END FOR [ ‘ W\ \ \P | | “ l | “ l ” m | [H “ [ | ‘ (m ‘ M
known and widely used in many fields. The linear system can be S
represented as, N
Ax=b T s el ARTE R R I TR AR N AR AN
' ' o~ ' ' *The algorithm’s performance was compared to an optimizec Stream 15 AR ERRN AR AN TEAT ARl RRE (ARRN
Where A 1s a square often symmetric coefficient or left-hand side malrix, b conventional ssGS. o AT AR AR A RN SRR R R
is a right hand side vector of known values and x is a vector of values for 4 for both | Stream 15 | UERR BARR BERN' RERR' RRRCRRRE BARNI NEERURAR
L : : " : : : : *The Mersenne twister in CURAND was used tor both implementations. S
which inference is required. In statistical problems involving mixed linear P cereemae LN 0 L
) ) ) ] . . Stream 23 I BRI O TR | B IO BN BINARN NN BN RN
models the linear system involves one or more residual variance parameters,  *Three cataset sizes were crawn from the national cattle database s TR
. . . . . . g Stream 26 || M i A Ry ey ey A ey e
and variance parameters of random effects in the model. The most popular administered by the American Simmental Association. < .
- —
method for solving this system is conjugant gradient and often incorporates *The analytical model was a three trait multi-trait model with fixed effects Figure 1. Output from the NVIDIA® Visual Profiler when sampling

some form of pre-conditioner (PCG). However, PCG and other non-sampling
based methods for obtaining solutions cannot obtain the estimates of the
sampling variances of the variables, which are necessary for statistical
inference. GS can be used to estimate these variances.

and random additive direct and maternal genetic effects. using the new algorithm and the “Small” problem size.

*The linear system was partitioned into 14 row blocks, 9 for fixed effects, 4
for the animal genetic effects and 1 for a permanent environmental effect
due to the dam. Blocks of the 14x14 LHS varied in size and sparsity

*The computer used Ubuntu 12.04, an NVIDIA® Titan Z, and had a single 6
core 1-4930K processor over clocked to 4.25GhZ. Only 1 GPU processor
was used on the Titan Z.

5. Conclusions

Substantial performance improvements were achieved (Table 2) for
the heterogeneous GPU and CPU implementation compared to the
CPU only based ssGS on large linear system problems (Table 1). These
improvements were obtained through a new algorithm that could
better leverage a combination of GPU based sparse matrix —vector

A typical conventional implementation of the ssGS is,

FOR sample = 1 to Thousands

FOR i =1 to length of vector x *CUDA 6.5, Gnu C 4.8 using —mavx, and the cusparse and cublas libraries

ri=(bi— D ait;) /a: were used for the sparse Mv and dense Mv (e.g., covariates). multiplications that occurred asynchronously while sampling using
J#i . . smaller block diagonals of the LHS, and asynchronous data transfers of
z:=2:+RND(0,1) X 0. X -\/]_/a/ii .BI?CCkS of A Wf.re asynchrongusIY colpled ;O l:heG(IiZU' aIIov]\c/mg thhe CI\:U to off diagonal blocks of the LHS to the GPU using CUDA streams. From
END FOR perform sampling computations in [1] and the to perform the Mv Figure 1, asynchronous data transfer and computation on the GPU

END FOR computations in [2] in parallel with the data copies.

occurred for only about 40% of the time that the CPU was computing
the samples. Future study should explore optimal block sizes and
arrangement of equations that would move as many non-zero values
out of the diagonal blocks as possible. Computing the dot products

within the diagonal blocks while sampling remained the bottleneck.

*Separate streams were used to perform the asynchronous data transfers

For many problems in genetics the majority of rows in A are very sparse and and Mv computations in [2] for each matrix copy/Mv.

using a sparse dot product on GPU does not speed the computation because
of the relatively small number of non-zero values in a row of A.

*Blocks of A were stored as separate SCsr matrices and the x and b vectors
were stored as dense floats.



