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Overview 



• Many decision-making process interacts with dynamic phenomena, 
which are governed by system of differential equations.


• Optimizing the decision variables while simultaneously solving the 
associated DEs poses significant computational challenges.


• Classical optimization-based approach struggle with scalability, efficiency 
and non linear components, often disregarding the dynamic behaviors of 
the system.

Motivations 



Problem setting 

Decision variables State variables



Proposed approach 
Differential-Equation Optimization Proxy (DE-OP):


A dual network with a Learning to Optimize model  to approximate the 
decision variables and a Neural-differential equation model  to capture 
the system dynamics.




Proposed approach 

State variables estimates 

Given that the neural-DE model takes as input the LtO’s estimated decisions, they can be 
initialized on steady-state decisions, to provide accurate estimate of the state variables:


Learning task 

Neural-DE model initialization 



Loss function  

Training algorithm: Primal-Dual learning 

Proposed approach 



Steady-state constraints
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Test-set constraint violations


Experimental results 

WSCC-9 bus system: Percentage of unstable 
dynamics at training time for different approaches


IEEE-57 bus system: Percentage of unstable 
dynamics at training time for different approaches




• Motivated by the complexity and computational requirements of DE-constrained 
optimization problems, we proposed DE-OP, a novel learning-based method. 


• DE-OP consists of a dual network architecture, where a Learning to Optimize model 
approximates the decision variables and a neural-DE model approximates the state 
variables.


• DE-OP is trained adopting a primal-dual learning approach, where estimates of decision, 
state, and dual variables are iteratively refined to satisfy system dynamics and constraints.


• Experimental results demonstrate that DE-OP can produce near optimal solutions in real-
time, while adhering dynamic constraints. 


• Future work will focus on extending this idea to a broader class of DE-constrained 
optimization problems and physics-informed learning frameworks.


Conclusion 


