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Verifiable 
learning-enabled 

CPS

Thrust R1:!
Joint learning of 

features and manifolds

Thrust R2:!
Real-time inference

Thrust R3:!
Verifiable 

decision-making

What to learn?!
What matters in 

the system?

What information to decide on?!
How much confidence can put on 

that information?

What influence do the 
decisions have on the 

dynamics?

•! Goal: data driven avoidance of an unsafe set. 
•! Main idea: enforce zero occupation measure. 
•! Technical details:  

•! Prior:  non linear dynamics of the form: 

•!  Experimental data: 
 
•! Fact: bad set is avoided if there exist  

 
 for all plants that could have generated the data 
•! Fact: reduces to a convex SDP via duality 
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Challenges 
 
•! Lack of training data (often single execution). 
•! Need to act while learning  (no re-do!). 
•! Actionable information sparsely encoded in large data 

sets. 

Motivation 
 
Design autonomous CPS capable of safely operating in 
and adapting to previously unseen scenarios. 
(Humans can do it!) 

Joint learning of features and manifolds Verifiable safe control 

Application Scientific Impact 
•! Rapprochement of Systems Theory, ML, Viability. 
•! Efficient extraction of actionable information from 

large data sets. 
•! Frugal, explainable architectures for dynamics 

oriented learning. 

Broader Impact and Outreach 
•! Certified safe learning enabled systems that can 

operate in close proximity to humans.  
•! Applications: health care, infrastructure monitoring, 

public space monitoring. 
•! Outreach through Northeastern’s  UPLIFT program. 

Application  
•! Public space monitoring to detect unsafe situations. 
 

 
 
•! Goal: compare and classify time series. 
•! Main idea: compare the underlying dynamics. 
•! Technical details:  

•! Embed the data in the PSD manifold via Gram matrices 

 
•! Group data using Riemanian distance: 

 
•! Complexity 
•! 100% accuracy on MHAD 
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Real time inference 

O(n3)

hand waving 1 

hand waving 2 

hammer 1 

hammer 2 

high throw 2 

forward punch 2 

forward punch 1 

ẋ = F�(x) +G�(x)u+ ⌘ F,G unknown

(u(tk),x(tk), ẋ(tk)), 0  tk  T

r · [⇢(x)f(x) +  (x)g(x)] � 0
⇢(x) � 0, x 2 Xo and ⇢(x) < 0, x 2 Xu

⇢(x), (x)
Bad set 

 

Control-Invariant Set 

 

 
 
•! Goal: learn parsimonious dynamical representations. 
•! Main idea: search for manifold where the dynamics  

 are linear (Koopman operators). 
•! Technical details:  

•! Search for latent variables with low rank Gramian: 

 
•! Find the mapping                 using 
      Loewner interpolation theory 
•! Problem reduces to 2 convex SDPs 
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