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PDEs & Complex Dynamical 
Systems 

Dimensionality Reduction 

•   Getting the right basis 
  - POD modes 

•   Minimal dynamics 
-  dynamical systems of the cheap 



How to solve a PDE:  3 easy steps 
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* Sad fact:  This is all you know how to do! 
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Eigenfunction expansion (separation of variables) 
-  u(x,t) = Σ an(t)ϕn(x)	
  



IST on the Cheap 

Kutz, Data Driven Modeling Sciand entific Computing (Oxford) 

2 soliton	
  



SVD on Data 

Kutz, Data Driven Modeling Sciand entific Computing (Oxford) 



Galerkin Expansion 

Kutz, Data Driven Modeling Sciand entific Computing (Oxford) 



Data Driven IST 

Kutz, Data Driven Modeling Sciand entific Computing (Oxford) 



Sensory Processing:  Manduca Sexta 

Olfactory	
  receptor	
  
cells	
  

Antennal	
  lobe	
  (AL)	
  

Mushroom	
  body	
  

Eli Shlizerman + Jeff Riffell, UW Biology	
  103	
  neurons	
  

106	
  neurons	
  

Millions of Neurons:  What Model? 



Dynamical Systems and Fixed Points (Locust) 

Mazor & Laurent, Neuron 2005 



Encoding Dynamics 

Rabinovich, Huerta, Laurent, Science (2008) 



Encoding Dynamics (?) 

Rabinovich, Huerta, Laurent, Science (2008) 

Our	
  Goal	
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Data Driven Projections 
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Spatio-Temporal Coding Modes 

Model of olfaction:  Spatio-temporal competing modes 



Encoding Dynamics 



AL Connectome 



Encoding Competition Dynamics 
Theory	
  

Theory	
  Experiment	
   Theory	
  Experiment	
  

Theory	
  

3X3	
  ODEs	
  



The Role of Inhibition 

Lack	
  of	
  Decision	
  Making	
  

99	
  boIles	
  ..	
  



Learning and Enconding:  Library Structure 

New	
  Code	
  GeneraNon	
  

Nature	
  +	
  Nurture	
  

YUMM!!!!	
  



A Nice Talk by Candes 

Blah blah blah … 

   compressive sensing …. 

     blah blah blah   …. 

         L1 optimization …  sparsity ….. 

            blah blah blah ….. C’est magnifique! 



Integrating Machine Learning 
and Compressive Sensing 

Example from this book 
(Oxford 2013) 



General PDE Reduction Concepts 



Expand in Low-Dimensional Bases 

sparse	
  measurement	
  matrix	
   soluNon	
  expansion	
  

highly	
  –undetermined	
  system!	
  



Promoting Sparsity 

soluNon	
  expansion	
  

promote	
  sparsity	
  



CQGLE -  A Prototypical Example 



PDE Dynamics 



Low-Dimensionality 
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Library Modes 



Measurements and Reconstruction 



Measurement and Reconstruction 



Library Identification 
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Poor Measurements 
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Algorithm 



Flow Around a Cylinder 

Ido Bright      +    Guang Lin 
UW AMATH        PNNL 



Compressive Sensing for PDE Dynamics 



Pressure Field 



Pressure Dynamics on Cylinder 



POD Modes 



Compressive Sensing Reconstruction 
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Neuro-Sensory Application? 

Steven Brunton    
UW AMATH        



Encoding Flight Dynamics 



Capaniform Sensilla 

Tom Daniel + Michael Dickinson 



Insect Wing Sensors 



Question 



Application to Numerical 
Algorithms 

Xing Fu          +     Matthew Williams   +   Peter Schmid   
UW AMATH         Princeton                       Ecole Polytechnic        



Adaptive Time-Stepping Algorithms 

Combine  POD +  DMD 



Conclusions 

Dynamical Systems   

    +  Machine Learning (robust PCA: L+M+S)   

          + Compressive Sensing (time + space) 

              +  Control 

                    =  Transformative Paradigm 


