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Project Objec)ve 

•  Build sparse matrix func)onality in Julia. 
•  Currently some basic sparse func)ons have 
been implemented in Julia. 

•  Solving Ax=b for sparse matrices is cri)cal.  

•  Cholesky decomposi)on is a useful feature. 



What is Cholesky Decomposi)on? 

•  It’s all about Ax=b. 
• When A is symmetric, sparse, and posi)ve 
definite provides L where LLT=A. 

•  Faster than LU.  



Basic Idea  

(equa)ons from 
Liu ‐ see 
references) 



Mul)frontal Algorithm Big Picture 
Overview 

•  Figure out structure of L. 
•  Determine dependencies. 

•  Factor a series of small dense matrices to 
obtain the values of L. 



Determining Structure of L 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G(A)  G+(A) 
[chordal] 

Fill: new nonzeros in factor 

Symmetric Gaussian elimina3on: 
for j = 1 to n 
    add edges between j’s 
    higher‐numbered neighbors 

(Everything above is from 
John Gilbert’s slides‐ see 
references) 



Determining Dependencies 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Cholesky factor  G+(A)  T(A) 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T(A) :   parent(j) = min { i > j : (i,j) in G+(A) } 

(Everything above is from John Gilbert’s slides‐ see references)  



Basic Algorithm  

•  For each column of A: 
– Determine the Frontal Matrix: 

– Factor Fj to get Lj. 

(equa)ons from 
Liu‐see refs.) 



Opportuni)es for Paralleliza)on 

•  Determining the structure of L. 
•  Calcula)ng independent branches of the tree. 
•  Construc)ng the frontal matrix.   



Parallelizing the Determina)on of the 
Structure of L 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G(A)  G+(A) 
[chordal] 

•  Each node in 
G(A) or column 
of A can be sent 
to different 
processors and 
new edges are 
returned. 

(graphs from 
Gilbert‐see 
references) 



Paralleliza)on from Independent Branches 

•  Calculate 
independent 
branches 
simultaneously. 

T(A) 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(graphs from Gilbert‐see 
refs.) 



Parallelizing the Frontal Matrix Calcula)on 

•  Add matrices 
in pairs on 
different 
processors 
and then 
combine. 

(equa)ons from 
Liu ‐ see 
references) 



Implementa)on in Julia 

•  Basic idea for all levels of paralleliza)on is to 
send vectors/matrices to different processors, 
let each processor perform the appropriate 
func)on, obtain the results, and combine the 
results. 

•  Current work involves implemen)ng the 
paralleliza)ons using the parallel for loop, 
remote_call and fetch.     



Future Work 

•  Fully implement all paralleliza)on ideas 
described before. 

•  Compare the performance of the parallel Julia 
implementa)on with serial implementa)ons 
in other technical compu)ng languages. 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