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Why Batch Size Matters

The Setting

Large-scale LLM training is constrained by a token budget      rather than optimization steps

With batch size     and sequence length     the connection is 

What We Know

- Increasing batch size    : improves hardware utilization [Goyal et al., 2017] and reduces variance per 

step
- Beyond critical threshold: benefits saturate, performance degrades, hurts generalization

Key Question: How should (B, S) and stepsize be chosen under fixed T?



Background and Related Work

Works on Batch Size

▪ Critical batch size derivations are based on auxiliary function (variance of the stochastic 

gradient) [McCandlish et al., 2018, Shallue et al., 2019]
▪ Critical batch sizes scale primarily with the effective data size and only weakly with model size 

under a fixed token budget [Zhang et al., 2025, Bergsma et al., 2025]

▪ Increase batch size stage-wise [Goyal et al., 2017]
▪ Batch size scheduling: instead of decaying LR increase batch size [Smith et al., 2018]

Hyperparameter Transfer

▪ 𝜇P framework: appropriate parameterization and initialization keeps gradient magnitudes Θ 1  

across model widths [Yang & Hu, 2020, [Yang et al., 2022]
▪ CompleteP [Dey et al., 2025] extends 𝜇P framework across changes in model depth
▪ Derivations require a fixed noise level (batch size)



Stochastic Conditional Gradient Methods

▪ Explicitly controls the weights through 
Frank-Wolfe step

▪ Covers modern spectral optimizers 
such as Muon and Scion [Jordan et al., 
2024, Pethick et al., 2025]

Stochastic Conditional Gradient Methods

- Norm-constrained LMOs / Scion [Pethick et al., 2025]

- Muon optimizer [Jordan et al., 2024]
- KL condition analysis [Karimi et al., 2016], [Bolte et al., 2007]
- Trust-region methods [Kovalev, 2025]

Gap: No explicit (B, S, T)-dependent error laws under fixed token budget

[Pethick et al., 2025]



Problem Formulation

A1 L-Smoothness:

A2 Norm Equivalence: 

A3 𝝁-Kurdyka-Lojasiewicz:

A4 Bounded Variance:                                                and 

Euclidean norm: Arbitrary norm:

Associated dual norm:

[Bolte et al., 2007], 

[Karimi et al., 2016]

where the variance scales as                   .   



Empirical Verification of Assumptions

A1

Empirical verification of Assumptions (A3) and (A4) during the training of 124M NanoGPT model on FineWeb 

[Penedo et al., 2024] with Scion optimizer under the experimental setup of [Pethick et al., 2025] with batch 
size 512, sequence length 1024, Frank-Wolfe stepsize 3.6e-4, under token budget 2.7B. 
(Left): the measurements (dual gradient norm vs train loss) fit a linear function when the loss is below 5 with 

a slope   . 
(Central and Right): measurements (empirical variance vs batch size/sequence length a power low well. For 
the central figure:                                    ; for the right figure:                                   . 



Main Result: Convergence Guarantees
Main Convergence Theorem

Let Assumptions (A1)-(A4) hold. Let                        . Let the parameters of SCG and initialization  

are chosen such that 

Then, the output of SCG satisfies                               . 

In practice, the training is conducted under a fixed token budget    , so we translate the requirement on      

to



BST Error and Scaling Rule

Under a fixed token budget    , the lowest achievable optimization error is

This rule suggests the existence of the largest useful batch size:

• Below the threshold noise dominates
• Above the threshold the training is iteration-starved
• Critical batch [McCandlish et al., 2018] is where regimes switch

BST Scaling Rules

By balancing the first (optimization error) and second (noise error) terms, we derive BST scaling rule 



Comparison Against Prior Works

• BST scaling rule is derived directly from optimization bounds on the loss, not auxiliary quantity (e.g., 

gradient noise variance line in [McCandlish et al., 2018])

•   P framework [Yand and Hu, 2020] does not determine the batch size: it transfers hyperparameters 

given a training regime, but in practice you need to know the critical batch size of the larger model to 
transfer.

• BST scaling rule is not a curve fit, that can be architecture dependent [McLeish et al. 2025]

BST Scaling Rules

By balancing the first (optimization error) and second (noise error) terms, we derive BST scaling rule 



HP Transfer Strategies

By balancing the first (optimization error) and second (noise error) terms, we derive BST scaling rule 

• Assume that we have tuned batch size      , sequence length     , Frank-Wolfe stepsize     , and    

momentum    parameters for a small model of size      .   

• For a larger model of size      , we balance the deterministic (first) and stochastic (second) terms, and 

use batch size      , sequence length     , Frank-Wolfe stepsize     , and momentum     

such that

BST Scaling Rules



Estimating Problem-Dependent Constants

Then, we fit power laws when changing the number of layers   , embedding size    , and batch size  

The BST scaling rule requires estimations of problem-dependent constants            . 

• To estimate the smoothness constant, we measure

• To estimate   -KL constant, we fit a linear function into pairs of 

• To estimate the norm equivalence constant   , we track the ratio 



Experiments
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Conclusion

1. Batch size should be treated as a dynamic optimization variable , not a fixed hyperparameter. 

Optimal batch size depends on the token budget.

2. The BST scaling rule balances noise reduction versus iteration count.

3. Large batch sizes do not inherently hurt performance. When paired with proper stepsize scaling, 
large-batch training is efficient.

4. There is a trade-off between batch size and sequence length. Increasing sequence length improves 
model capability, but naïve context extension can reduce training efficiency. Therefore, capability 

(through sequence length) and efficiency (through batch size) must be co-designed, not tuned 
independently.



Thank You
Questions?



Definition of the Norms

In our work, individual and product norms follow the setup of [Pethick et al., 2025] 

For the embedding and head layers, we use 

For the rest of the layers, we use 



Appendix: Dynamics of Empirical Variance



Estimations of Problem Constants



Estimations of Problem Constants



Estimations of Problem Constants
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