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• PINNs have demonstrated interesting 
performances but remain limited by 
training time and poor performance in 
parametric settings. 

• We focus on solving parametric PDEs 
from Physical knowledge . 

• We assume access to a dataset of pairs 

composed of the PDE data ( ) and 

the associated solution  on a grid. 
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TLDR; We propose to solve parametric PDEs using Physics-Informed 
methods by learning a dedicated optimizer that considerably accelerates 
convergence.

• PINNs losses are ill-conditioned and 
h a r d t o o p t i m i z e f o r t ra d i t i o n a l  
optimizers. 

• They require extensive computational 
time and numerous iterations to 
compensate this aspect. 

4. Results

2. Motivation 

1.Context & problem formulation 3.How to learn a Physics-informed solver? 

Table 1: Results of trained models - metrics in Relative MSE on the test set. Best performances are highlighted 
in bold, and second best are underlined

• Quantitative evaluation: comparison with baselines. 

• Solving new PDEs: comparison with optimizers. 

Figure 3: Test-time optimization based on the physical residual loss LPDE for new PDE on Darcy.

Figure 2: visual comparison of our solver’s solution  with baselines on the Darcy dataset. 

Figure 4: Visualization of the reconstruction of the solution with our method to solve a Darcy PDE. 
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Figure 1: Optimization scheme of a physics-informed method with our framework.

• Global framework

• Theoretical analysis in the linear case

Where  are the PDE physical 

parameters,  are forcing terms and  can 
be initial and/or boundary conditions. 
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The neural solver learns 
t o t r a n s f o r m t h e 
physical gradient into a 
more effective gradient 
direction that achieves 
fast convergence. 


