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Do we have Edge of Stability for Non-Euclidean 

gradient descent?
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Generalized 

Sharpness

Hessian does not 

change 

significantly
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Frank-Wolfe Approximation

We do restarts to find a 

better solution

One run of FW
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Euclidean Norm:

Matches the definition of 

[Cohen et. al, 2021]

Preconditioned Euclidean Norm:

Matches the definition of 

[Cohen et. al, 2025]Preconditioner
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Convergence on Quadratics

Euclidean GD converges iff 

Non-Euclidean GD converges if  

Let and

then Non-Euclidean GD converges iff  

It is possible to construct a 

convergent example for      -

descent with initialization set 

of positive measure and step 

size
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Special Cases: Block L12 Norm

Greedy Block CD

If the Hessian is PSD



Special Cases: Block L12 Norm

Drops down when 

another block gets 

updated which is 

not at EoS yet



Quality of FW Approximation



L2 Sharpness Does Not Capture EoS of 
Non-Euclidean GD 



SignGD is 𝜷𝟐 → ∞ Limit of RMSprop 
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