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Background

• Studying optimization convergence upper bounds for the algorithms 
[Islamov et al., 2026; Shulgin et al., 2026]

Tuning hyperparameters at scale is infeasible due to compute and time 
constraints. Instead, we try to approximate them by

• Using SDE approximations [Malladi et al., 2022; Compagnoni et al., 
2025; Mlodozeneic et al., 2026] and preserving the trajectory or the 
asymptotic loss
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Using optimization bounds, we approximate the solution by  

Upper bound from 
convergence analysis

Hyperparameters 
suggested by the analysis

How to make two inequalities tight enough?

Our Approach



Main Challenges of Our Approach

Convergence analysis should 
be aligned with practice

The problem class should be described by the assumptions that describe the 
problem well
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Figure: 124M NanoGPT model on 
FineWeb [Islamov et al., 2026]



Kurdyuka-Lojasiewich Condition

Figure: 124M NanoGPT model on 
FineWeb [Islamov et al., 2026]

1. Two-layer linear network trained 
by gradient flow with MSE loss

2. Linear readout with bounded 
features and readout

3. Polyak-Lojasiewicz (PL) condition 
might fail for simple neural 
networks without over-
parametrization

The key structural assumption is    -Kurdyuka-Lojasiewicz Condition  
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Convergence analysis should 
be aligned with practice

The problem class should be described by the assumptions that describe the 
problem well

Requires the convergence 
analysis to be tight

The upper bounds should match the lower bounds



Tightness of the Analysis
In our analysis, we derive the convergence upper bounds that match 
lower bounds

If you want                                   , you need at lease 

We make sure that we obtain a similar 
stochastic and deterministic terms



Convergence Analysis for AdamW
We consider AdamW with decoupled weight decay [Loshchilov and Hutter, 
2019] 
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Experiments on NanoGPT
We tune AdamW hyperparameters for 124M model on 1.3B tokens, then we 
transfer to larger token horizons using BST rule.

Figure: 124M NanoGPT model trained with AdamW, whose hyperparameters are tuned on 
1.3B tokens and transferred to larger token horizons.  
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Experiments on Peri-LN Models
For model and token horizon co-scaling experiments, we use Peri-LN model 
[Kim et al., 2025], which adds an additional normalization layer.

We tune AdamW hyperparamaters for the base 162M model on 1.6B tokens, 
and test the performance for several model sizes.



Experiments on Peri-LN Models
20B Tokens

40B Tokens

Figure: Training of Peri-LN models at 20B and 40B token horizons



Convergence Analysis for Scion/Muon
We consider Scion (Muon with decoupled weight decay) [Pethick et al., 2025] 

Orthogonalization
(in practice, it is done 

via NS steps)

For Euclidean norm:

For spectral norm:



Convergence Analysis for Scion/Muon
Theorem. There is a choice of hyperparameters for Scion, such that the 
optimization error is

Given tuned hyperparameters for the base model, BST scaling rule for 
AdamW prescribes to change hyperparameters as  

to decay the optimization error as                   
The same convergence speed as in 

AdamW case
Seems to be universal [Lee et al., 2026]



Experiments on NanoGPT
We tune Scion hyperparameters for 124M model on 1.3B tokens, then we 
transfer to larger token horizons using BST rule.

Figure: Training of 124M NanoGPT model at different TPP

Frank-Wolfe stepsize=Weight Decay
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Conclusion
How does the learning rate schedule affect the results? Which schedule 
should we use?

Does this approach extend to other architectures: MoE, Looped 
Transformers?

Does this approach extend to other settings: Distillation, multimodal data?

What about compute efficiency? How to incorporate it into this setting?



Thank you! 
Questions? Comments?

I am on a job market next year
Looking for internships and positions  
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