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Summary

MiX99 software allows computationally efficient calculation of estimated breeding values
using many different models. Originally the software was developed for traditional breeding
value models in mind and to take advantage from parallel computing through distributed
memory approach. The single-step BLUP approach has some large dense matrices for which
the computations are easier to parallelize using shared memory computing. Here we outline
efficient approaches of using MiX99 for single-step models, considering both the
preprocessing and solving. Performance of parallel computing is illustrated by animal model
for distributed computing, and single-step in shared memory computing. According to the
results, the shared memory computations showed continued steady increase in speedup as
number of processors increase while the distributed memory computations started to show
diminishing increase in speedup. Both had speedup of about 4.5 with 10 processors. In
conclusion, when the number of genotyped animals is very high, parallel computing is mostly
needed for the calculations due to genomic information.
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Introduction

Single-step genomic BLUP (ssGBLUP) (Aguilar et al., 2010; Christensen & Lund, 2010)
combines genomic information with the formerly used breeding value estimation framework
to estimate GEBVs. In the traditional models, large part of the computing in solving mixed
models equations (MME) could be divided into different fairly independent blocks. In the
ssGBLUP models, the computationally heaviest part is due to the use of genomic information
when the number of genotyped animals is high. In the former pedigree based evaluations, the
MME was sparse but inclusion of genomic information has introduced dense matrices into the
equations. Consequently, efficient solving of the ssGBLUP MME requires both the sparse and
dense matrix approaches in solving the MME.

During the last decades the computationally heaviest cattle evaluations have been
solved using the iteration on data (IOD) concept (Schaeffer & Kennedy, 1986; Misztal &
Gianola, 1987) within preconditioned conjugate gradient (PCG) iteration. An important
reason for the success of this approach has been the ability to take advantage of numerical
sparseness, i.e., statistical models in animal breeding have only few unknown effects per
observation and the MME is sparse. The IOD method is successful because the record by
record computations perform only the non-zero coefficients by vector products. Thus, the
computational load has been linearly related to the number of (pedigree and phenotypic)
records. Parallel computing using distributed memory (Strandén and Lidauer, 2001) has been
exploited in solving these large problems using IOD and message passing interface (MPI,
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Gropp et al., 1996). Also the cost-benefit ratio was favoring distributed memory hardware. It
was cheaper to distribute the needed RAM memory into several computing nodes, than to
install hundreds of gigabytes into a single motherboard.

Genomic information in ssGBLUP is dense in the sense that a dense matrix by vector
product needs to be calculated while solving the ssGBLUP MME with PCG iteration. In
practice, the computational task increases quadratically by the number of genotyped animals.
The dense computations needed are not as well suited to record by record IOD and distributed
memory computing approaches. Instead, algorithms using information from many records
and using shared memory computing are a natural approach. Luckily also the cost of
hardware has changed to favor computers with large number of computing cores connected
with large shared memory. The dense matrix computations are ideal for the multi-core shared
memory computers used today.

In this study, we illustrate efficient approaches chosen in MiX99 software to solve
ssGBLUP having many genotyped animals. In particular, we consider the sparse and dense
matrix calculations. In addition, we investigate the use of parallel computing using shared and
distributed memory approaches, separately or together.

Material and methods

MiX99 software

Initially MiX99 was developed to be a general program for estimation of breeding values in
large dairy cattle populations. The first primary target was a random regression model which
was applied on large test day data (e.g., Strandén & Lidauer, 1999). However, since that the
software has been made to allow many sophisticated models, such as Gompertz growth curve
and threshold models. The emphasis was always on computational efficiency in the traditional
animal breeding models where the MME have been solved using PCG iteration with IOD.
This principle has affected the development philosophy of the MiX99 software: we have tried
to find a practical balance between easy use and maximal flexibility of the software. To help
the user, the instructions for the most common models are easy to give with well documented
few command lines. To maintain the maximal flexibility, we have divided and developed the
software to the direction of different modules (for data and model preprocessing, for MME
solving, for estimation of prediction errors variances and reliabilities1 etc.) and maintained
open descriptions of model entries so that user can use any type of models. For example,
instead of giving the animal pedigree file to the preprocessor, the user can construct the
relationship structure files him/herself, and give the structure directly to the preprocessor, or
instead of including the model covariables (e.g., random regressions) in the data file, the user
can construct these into a covariable table file, or a regression covariable -file. Again,
compatible programs are included into the package for the most common needs, like
constructing the genomic relationships from the genotypes.

The implementation of single-step genomic evaluations in MiX99 is a typical case of
the modular thinking. The program utilizes three sources of information: data, pedigree and
genomic relationships. In following, approaches for efficient ssGBLUP computations using
MiX99 will be described.

Consider a univariate ssGBLUP model y = Xb +Wa + e, where the incidence matrix X
relates fixed effects b, and incidence matrix W relates breeding values a to appropriate
observations in vector y, and e is random residual vector. Assume: 1) Var(e) = R where is the
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residual variance and R is a positive definite matrix, 2) Var(a) = H where is the genetic
variance and H has both pedigree (A) and genomic (G) relationship matrix information
(Aguilar et al., 2010; Christensen and Lund, 2010).

Animals can be assigned to two groups: group 1 has non-genotyped animals, group 2
has genotyped animals. Then, the relationship matrix A and its inverse A-1 can be expressed
by submatrices using these two groups: and . Mixed model equations for the ssGBLUP are

where and .

Preprocessing

The ssGBLUP model can be done in many ways in MiX99. In the following, some of the
computationally most efficient approaches are considered:

a) User can provide the prebuild to the preprocessor. However, the computations due to
can also be left to be done by the solver (Strandén et al., 2017). Thus, there is no need
to make, nor invert the matrix. The most efficient way in the solver to do these
computations is by the CHOLMOD library. Scalability of this operation is considered
by Taskinen et al. (2018).

b) As a standard, the external covariance structure is given in sparse i,j,v or co-ordinate
format. However, the information for the matrix can be given in lower triangle dense
matrix format. In that case this format is also used internally by the solver program.
Then, MiX99 is able to use vectorization and even parallel computing.

c) Computationally, it is faster to calculate the inverse Cholesky decomposition in
because the first step in inverting the G matrix can be the calculation of the Cholesky
decomposition . In the second step, the calculation of is less demanding than making
the . The matrix can be given to MiX99, and the solver computations are as fast as by
using the matrix.

d) Making and using of APY (e.g., Masuda et al., 2016) or T of ssGTBLUP (Mäntysaari
et al., 2018) instead of in b) or c). Both of these approaches have lower computational
demand than when the number of genotyped animals is large. Here, again MiX99 has
been tailored to use these formats, but the user has an option to construct them
themselves, or use the MiX99 add-on programs.

e) The required matrix (b, c, or d) can be made by the MiX99 add-on programs to be in
binary format for a faster reading by the preprocessor program.

The preprocessing for APY in d) benefits from the same idea of making only the inverse
Cholesky decomposition , i.e., , and using it in the solver rather than making the inverse . In
APY, the genotyped animals have been divided to the core (c) and non-core (n) animals.
Strandén et al. (2017) showed that where is the Cholesky decomposition of the genomic
relationship matrix for the core animals, with the genomic relationship matrix between core
and non-core animals, and .

In ssGTBLUP, it is assumed that where is matrix of centered and scaled marker
genotypes, and the regularization matrix is simple to invert. We have used where is a small
number. Then, where , and the lower triangle matrix is the Cholesky decomposition of . In
ssGTBLUP, the G matrix can be approximated by using only the desired number of
significant eigenvalues (Mäntysaari et al. 2018. Koivula, et al. 2018).
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Computations

The main computational load in PCG iteration is the multiplication of the so called direction
vector by the MME left hand side coefficient matrix. In general, this can be done in three
distinct phases. First, the genomic information (e.g., or T), second, the pedigree relationships
(), and finally the so called least squares coefficients. The two last parts can be called the
traditional animal model part. Each part is separated into calculations done either by animal
or across appropriate data structures.

Here we illustrate performance of parallel computing in MiX99. Parallel computing in
ssGTBLUP has been implemented differently for the computations due to the genomic
information, and due to the traditional animal model part. The genomic part computations can
use shared memory computing done by BLAS subroutine DGEMM implemented in the MKL
library and can use multiple cores from a single process. The traditional animal model part
uses distributed memory computing by the MPI library. The distributed memory computing
approach has been described in Strandén & Lidauer (2001).

The different parallel computing approaches were tested separately in order to see
scalability independently within the parallel computing approach. The distributed memory
computing approach used plain animal model. The shared memory approach used ssGTBLUP
where the rank was reduced to include 98% of the eigenvalues (Mäntysaari et al., 2018).
Scalability was measured by speedup where the computing is divided by the time spend to do
the same work by the single processor solver program.

Data

The data were from the routine beef carcass conformation genetic evaluation performed by
Irish Cattle Breeding Federation (ICBF). The ssGBLUP model was based on the same multi-
trait animal model and variance components as the official routine breeding value evaluation
described in more detail in Evans et al. (2014) and McHugh et al. (2011). The data had 8.33
million animals with records. Additional information pertaining to the traits in the model can
be found in Mäntysaari et al. (2018). Pedigree included 13.35 million animals of which
460,152 were genotyped. The animals had been genotyped using Illumina Bovine SNP50
Bead Chip (Illumina, San Diego, USA). All the data were provided by ICBF. After the
quality edits and imputation of missing markers there were 50,240 markers available for the
analysis. The 98% rank reduction by eigendecomposition reduced the number of rows in the
T matrix from 50,240 to 33,501.
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Figure 1. Speedup (in wall clock time) in animal model (without genomic information) using
distributed memory computing by parallel MiX99 MPI program (dotted line) and single-step
BLUP using parallel BLAS within single-processor MiX99 program (solid line).

Results and discussion

Parallel computing was able to reduce the solving time. For our data set, speedup increased
steadily for the traditional animal model and ssGTBLUP by the number of processors (Figure
1), respectively. Maximum speedup of about 4.5 was reached by 10 processors by both of the
models. However, there seemed to be smaller increase in speedup between 8 and 10
processors for the animal model part than for ssGTBLUP. Note that in the case of shared
memory computing, the animal model part was not made in parallel, and its share was c. 12%
of the solving time when one processor was used. Our computer had two processors, each
having 10 cores, such that the 10 processor limit can be justified.

In this study, parallel computing was able to decrease the computational load. However,
the whole T matrix was in memory. This is infeasible when the T matrix becomes too large as
the number of genotyped animals increases. An approach to overcome this is to read the T
matrix from disk without storing it fully to the memory. For example, if half of the T matrix
can be stored to memory, then the T matrix computations are done in two steps such that the
required matrix times vector products can be done efficiently using parallel computing.

Number of genotyped animals affects considerably the amount of computations in the
single-step. When the number of genotyped animals increases beyond 50,000, the
computations will be dominated by the genomic information. Then, approaches such as the
rank reduced ssGTBLUP and the APY can be used to reduce the computational load. Shared
memory parallel computing can further reduce the computing time. However, the traditional
animal model part can require a substantial computational load that can be reduced by
distributed memory computing. Thus, a hybrid parallel computing approach can be used
where distributed parallel computing is used for the sparse parts but shared memory
computing for the dense matrix computations. However, if the computations are performed in
one computing node with several cores, the number of processors may increase beyond
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number of available cores. Because of this limit to the available cores, the number of
processors by distributed memory computations may have optimum that is less than without
genomic information. For example, two processors for the distributed memory computing and
four or six cores within each processor, i.e., total of 8 or 12 cores.

Conclusion

Parallel computing can be used efficiently to decrease computing time in solving breeding
values of ssGBLUP. An efficient algorithm reads the required matrix into memory and uses
dense matrix times vector computations. When the matrix can no longer be kept in memory,
the computations need to be divided to matrix blocks where the matrix is read from the disk.
Large computational problems have to make balance with distributed and shared memory
computational tasks that depends on the number of genotyped animals. The MiX99 software
has been upgraded from the traditional animal breeding models to solve also various genomic
models including the single-step genomic animal models. To keep the maximal computing
efficiency in these models the optimal parallelization approach seems to be a balance between
distributed MPI and numerical libraries based on parallel MP implementation.
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