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Background

• To claim that algorithm works for a certain class of problems (e.g., 
smooth and convex or smooth and    -PL)

• To compare convergence of algorithms (e.g., accelerated vs non-
accelerated or convergence with respect to problem constants)

• To talk about the optimality of algorithms for a certain class of problems 
(e.g., optimal asymptotic convergence)

• Something else…

Can we extract useful information from optimization 
bounds to improve model training?

How do we typically use optimization bounds?



The Surprising Agreement Between Convex 
Optimization Theory and Learning-Rate 
Scheduling for Large Model Training

Fabian Schaipp, Alexander Hägele, Adrien Taylor, Umut Simsekli,
Francis Bach
International Conference on Machine Learning 2025
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The optimal choice of the base LR: 

Optimal Bound:

Decreases with 
training horizon
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For WSD and cosine schedules:

Other observations study the cooldown phase (e.g., if     is tuned, then linear decay is optimal)   
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Optimal Linear Decay Learning Rate Schedules 
and Further Refinements

Aaron Defazio, Ashok Cutkosky, Harsh Mehta, Konstantin Mishchenko
arXiv preprint arXiv: 2310.07831
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Main Convergence Bound

For a given sequence        ,…,          the RHS of the bound is minimized for    

Strategy: 1. perform one run using a baseline schedule to record gradient norms
Strategy: 2. use median smoothing filter on the gradient norms
Strategy: 3. perform another run with a refined schedule
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Applications

Note: for Adam, instead of squared L2 gradient norm, 
the refinement uses L1 gradient norm 



Towards joint scaling laws with optimal batch
size schedules

Jiaxiang Li, Zhiqi Bu, Shiyun Xu
arXiv preprint arXiv: 2607.27731
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Defazio et al., 2023
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Batch Size Scheduling

Independent of 
the base LR

Note: this result departs from the common simplification that the training dynamics are governed by 
the ratio            . The authors support this claim empirically as well.
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Batch Size Scheduling
Let                          , then

Llama3-1B model on FineWeb-Edu, B=1X means 256 
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Llama3 Qwen3 MoE



On the Role of Batch Size in Stochastic 
Conditional Gradient Methods

Rustem Islamov, Roman Macháček, Aurelien Lucchi, Antonio Silveti-Falls, 
Eduard Gorbunov, Volkan Cevher
International Conference on Machine Learning 2026
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Main Convergence Bound
Let                            , and                            

Then,                              . 

Equalizing the last two terms we get:

This leads to BST scaling rule: 
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HP Transfer from NanoGPT 124M to NanoGPT 1B



Conclusion

• Which set of assumptions is the most predictive?

• How to distinguish between various training setups (over-parametrized vs 
under-parametrized; one-epoch vs multi-epoch training)

• How model configuration/size should be incorporated into optimization 
bounds? 



Thank you! 
Questions? Comments? 


