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Outline of the talk

• Proper Orthogonal Decomposition POD

• Local POD

• Our proposals:
• Overlapping
• HROM with multiple bases

• Examples run in Kratos Multiphysics

• Conclusions



A MUCH SMALLER SYSTEM!

Full Order Model (FOM)

Reduced Order Model (ROM) 
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Proper Orthogonal Decomposition

 

 

 

 

 

 

PROBLEM: STILL EXPENSIVE TO 
MOUNT THE SYSTEM



Hyper-reduction
The goal is to find a subset of elements and corresponding weights by solving an optimization problem 

NP-HARD. Solving via greedy procedure

(Hernández, 2020): doi.org/10.1016/j.cma.2020.113192
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Assembly comparison FOM vs HROM: 

  

FOM Simulation HROM Simulation

Hyper-reduction



 

HROM Simulation

Hyper-reduction



POD weaknesses and strengths

• Straightforward procedure for training and inference

• Not ideal for certain problems(convection dominated, highly 
nonlinear)



Full Order Model (FOM)

Reduced Order Model (ROM) 
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Full Order Model (FOM)
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Local POD. K-means

 

 

 

Given: 

Solve via alternating minimization:

 

Find centroids:   and  assignments:  

Animation from Wikipedia



Local POD. Building multiple bases
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Local POD. Our overlapping proposal

(Farhat, 2012): doi.org/10.2514/6.2012-2686
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Local POD. Example 1

(Farhat, 2012): doi.org/10.2514/6.2012-2686 Our overlapping proposal



Local POD. Overlapping proposal

 
 

 



Local POD. Hyper-reduction
Reduced Order Model (ROM) 
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Local POD. Hyper-reduction
Reduced Order Model (ROM) 
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(Grimberg, 2020): doi.org/10.1002/nme.6603

 

 



Local POD. Improved hyper-reduction
Reduced Order Model (ROM) 

 
 

  

 

 

 

 

 

Expectation:

Number of clusters Number of elements
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Local POD. Improved hyper-reduction
Reduced Order Model (ROM) 

 
 

  

 

 

 

 

 

Expectation:

Number of clusters Number of elements

In reality:

Number of clusters Number of elements



Local POD. Improved hyper-reduction
Reduced Order Model (ROM) 

 
 

  

 

 

 

 

Find a single set of elements and as many 
sets of weights as bases

 

 



Local POD. Parallelisation of ECM
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Local POD. Example 2
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Local POD. Example 2

 

 

32 trajectories
50 snapshots per trajectory
1600 snapshots 
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 Test trajectories 

 

 

32 trajectories
50 snapshots per trajectory
1600 snapshots 



Local POD. Example 2
FOM HROM



Local POD. Example 2

 

 

10X  less elements required 

compared with a single basis

5X  less modes required 

compared with a single basis



Local POD. Example 3



Local POD. Example 3

POD Local POD

Basis size 260 modes 10 basis ~30 modes

HROM elements 400 240(~150 per basis)

Simulation time 1234 seg 90 seg

L2 error 1e-3% 1e-3%

13X  faster than POD



Local POD. Strengths and weaknesses

• Reasonable overhead in training and negligible in inference

• Smaller bases and elements sets, therefore faster ROMs

• Easy to overfit to training trajectories



General conclusions

• The Local POD was presented
• Advantages using our robust overlapping and hyper-reduction

• Future work: 
• application of method to multiple escenarios
• combination of Local POD with DL

 
 

   

 



THANK YOU

Link to Kratos github site
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