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Introduction

• Genomic selection models require accurate estimates of (co)variance 
components 

• Restricted maximum likelihood (REML) serves as a vital method in variance 
component estimation (VCE)

• Two most widely used methods are expectation-maximization REML (EM-
REML) and average information REML (AI-REML)

• EM-REML uses the first derivatives of the REML log-likelihood and is slow
• AI-REML uses both the first and second derivatives of the REML log-likelihood 

and is fast

M4C philosophy and overview the big picture
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What method MiX99 uses for VCE

• Monte Carlo expectation maximization restricted maximum likelihood (MC EM-
REML) (in the current version you are using)

• Monte Carlo average information restricted maximum likelihood (MC AI-REML) 
(Now in beta version and will be added to the official version soon)
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Why MiX99 uses MC-based REML?

• The analytical REML-based methods usually need factorization/inversion of 
coefficient matrix of the MME (to form the trace terms)

• Direct inversion or factorization of a dense and large coefficient matrix is 
computationally challenging/infeasible in genomic models
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Why MiX99 uses MC-based REML?

• Monte Carlo (MC) algorithm can approximate these trace terms without 
inverting the coefficient matrix 
(Garcia-Cortes et al. (1992); Matilainen et al., (2012))

• Preconditioned conjugate gradient (PCG) solver and iteration on data can be 
used for solving
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Why EM-REML?

• AI-REML Pros:
Faster convergence
Standard errors

• AI-REML Cons:
Potential numerical instability (low 

heritability traits, marker-based model)
Sensitivity to starting values



©
 L

uk
e

MiX99 course on genomic prediction, Tuusula, 9–11 March 2026

Why EM-REML?

• EM-REML Pros:
Numerical stability
Robustness to starting values

• EM-REML Cons:
Slower
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MC EM-REML

• VCE for large-scale datasets

• VCE for complex models (e.g. multi-trait random regression/reaction norm 
genomic model)
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An example (PBLUP)

… …

• 13 trait
• 65K animals with data
• 170K animals in pedigree
• 2M equations
• 182 VCs 
• Analytical REML: slow/😭
• MC EM-REML: ✌

Case from Ayo Salaudeen
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Instruction

• MiX99 usually reads 2 input files to run VCE:
ü .clm file as input for mix99i
ü Solver option file (.slv file) as input for mix99s
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GBLUP example: .clm using COVFILE 
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GBLUP example: reml.slv

Convergance criteria 
for PCG solver

Convergance criteria 
for MC EM-REML

Max REML round MC sample size
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GBLUP example: reml.slv (using multiple cores)
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SNPBLUP example: .clm using REGMATRIX
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SNPBLUP example: reml.slv 
Keep the regression design matrix in RAM
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ssGBLUP example: .clm
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ssGBLUP example: reml.slv

Stopping criterion of BLUP for MC sample, if 0 here, 
meaning using the same value as that for solving the real 
data. 

Sample size for the last REML round, which is used 
for calculation of SE. This number needs to be larger 
than the total number of VCs in your model.



©
 L

uk
e

MiX99 course on genomic prediction, Tuusula, 9–11 March 2026

ssGTABLUP example: .clm
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ssGTABLUP example: reml.slv



©
 L

uk
e

MiX99 course on genomic prediction, Tuusula, 9–11 March 2026

ssSNPBLUP example: .clm
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ssSNPBLUP example: reml.slv
Second-level preconditioner
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Convergence

• Default convergence criteria (1.0e-5) for solver is suitable for many cases
• Suitable convergence criteria for REML are e.g., 1.0e-8, 1.0e-9 (default), 1.0e-10
• Commonly used MC sample size: 1, 2, 3, 4, 5
• It is a good practice to check the convergence via plot the REMLlog
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A case study

• Estimate VC using difference single-step models
• Using MC EM-REML
• Scenarios: different genotyped individuals
• ssGBLUP vs. ssGTABLUP vs. ssSNPBLUP
• Number of EM-REML iterations, peak RAM use, and total computing time 
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Simulated data

• 44,280 individuals with single record
• Either 10,000, 20,000, or 30,000 youngest animals were genotyped (9,000 

markers)
• Pedigree: 44,280
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Table 1. Estimated variance components (±SE), number of REML iterations (N), REML computing time (Time 
REML, h), total computing time including preprocessing (Time Total, h), and peak RAM memory need (Peak 
RAM, GB) by model

Geno
. size

Model !𝜎!" !𝜎#" N Time
REML

Total time Peak RAM

10k ssGBLUP 34.5±0.91 52.6±0.55 302 1:38 1:40 3.3

ssGTABLUP 34.6±0.92 52.6±0.53 284 5:16 5:17 2.3

ssSNPBLUP 34.3±0.93 52.6±0.54 285 18:00 18:00 1.7

20k ssGBLUP 34.8±0.96 53.3±0.52 268 3:49 3:52 7.1

ssGTABLUP 34.8±0.86 53.3±0.55 300 10:32 10:33 2.9

ssSNPBLUP 34.8±0.84 53.3±0.51 288 41:45 41:45 2.5

30k ssGBLUP 37.2±0.94 53.2±0.44 370 10:27 10:34 15.5

ssGTABLUP 37.2±0.94 53.2±0.49 304 15:13 15:14 3.6

ssSNPBLUP 37.3±0.88 53.2±0.45 290 70:37 70:37 3.2
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Results

• All single-step models produced similar VC estimates
• The standard ssGBLUP model was always fastest with the used small data but 

showed the steepest increase in computing time as the number of genotyped 
increased

• ssGBLUP had the highest RAM usage
• ssGTABLUP and ssSNPBLUP had similar increase in computing time with the 

increase in the number of genotyped individuals
• RAM usage of ssGTABLUP and ssSNPBLUP increased only moderately 

compared to ssGBLUP
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Conclusions

• ssGTABLUP becomes computationally more efficient than ssGBLUP for VCE 
when the number of genotyped individuals is larger

• For very large number of genotyped individuals, ssSNPBLUP may be 
computationally even more efficient than either ssGBLUP or ssGTABLUP for VCE



©
 L

uk
e

Thank you!


