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Part 1
Broximal Point Method: 

Convex Regime
Kaja Gruntkowska, Hanmin Li, Aadi Rane, P.R.
The ball-proximal (="broximal") point method: a new algorithm, convergence theory, and applications
arXiv:2502.02002, 2025
Kaja Gruntkowska, P.R.
Non-Euclidean broximal point method: a blueprint for geometry-aware optimization
arXiv:2510.00823, 2025
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Part 2
Broximal Point Method: 

Convergence Theory
Kaja Gruntkowska, Hanmin Li, Aadi Rane, P.R.
The ball-proximal (="broximal") point method: a new algorithm, convergence theory, and applications
arXiv:2502.02002, 2025
P.R., Hanmin Li
A sharper theory of ball-proximal optimization: convergence and radius selection
arXiv:2609.35147, 2026
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The Condition Number
You can’t just leave me out.

I’ve been in every convergence bound
for fifty years.

We’ve decided to go
in a different direction.
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Broximal Point Method: 

Nonconvex Regime

Kaja Gruntkowska, Hanmin Li, Xun Qian, P.R.
Broximal alignment for global non-convex optimization
arXiv:2604.13483, 2026
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GD gets stuck

Stationary, but
far from 
optimal!
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Global 
minimum
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SGD with Spectral-Norm Balls

Kaja Gruntkowska, P.R.
Non-Euclidean broximal point method: a blueprint for geometry-aware optimization
arXiv:2510.00823, 2025
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Part 5
Broximal Point Method: 

Four Formulations

P.R., Hanmin Li
A sharper theory of ball-proximal optimization: convergence and radius selection
arXiv:2609.35147, 2026
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The BPM Family Tree
Gradient descent

SGD

Spectral SGD, Muon

BroxGD

Normalized GD

Regularized Newton

Proximal point method
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