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Background

►Over the past decade, training large models has been 
dominated by the vector-wise optimization methods including 
SGD, momentum-based SGD, Adam and AdamW algorithms. 
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Background

►These vector-wise algorithms ignore the inherent matrix structure 
of parameters in AI models such as the convolutional layers in CNNs , 
and the query, key, and value matrices in transformers, which results 
in suboptimal convergence efficiency.

CNNs

Transformers
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Background

►More recently, a useful matrix-wise optimizer(i.e., Muon) has been 
proposed to train the large matrix-structured models, which shows 
markedly faster convergence than the vector-wise algorithms.

Jordan, K., Jin, Y., Boza, V., Jiacheng, Y., Cesista, F., Newhouse, L., and Bernstein, J. Muon: An optimizer for hidden 
layers in neural networks. URL https://kellerjordan. github. io/posts/muon, 2024
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Background

►More recently, the Muon optimizer has been used to train some 
typical large models such as e.g., DeepSeek V4, Kimi K2 and YOLO26.
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Background

►However, the Muon optimizer still requires high sample 
complexity and high memory cost in training large models.

Expensive!

more Compute/GPU 
more Electricity

more Storage
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LiMuon Optimizer

In our paper, we propose a light and fast Muon ( called as LiMuon) 
optimizer, which simultaneously has a lower memory cost and lower 
sample complexity than the Muon and its variants.
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LiMuon Optimizer

low-rank STORM-like 
gradient estimate

low-rank
part

variance reduced
part

reduce  
memory cost

reduce  
sample complexity

Here, we first introduce a new low-rank STORM-like gradient 
estimate:
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LiMuon Optimizer

Randomized SVD
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LiMuon Optimizer

We use a small and fixed 
number of Newton-Schulz 
steps to approximate the 
orthogonalization process 
instead of computing exact 
SVD.
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Convergence Properties

In our paper, we studied the convergence properties of our LiMuon optimizer 
with exact SVD and Newton-Schulz steps, respectively, under the generalized 
smooth condition. 
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Convergence Properties
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Convergence Properties
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Experimental Results

1) Training Mamba-130M Model
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Experimental Results

2) Training Qwen2.5-0.5B Model

From these results, the full-rank 
LiMuon achieves the lowest 
perplexity (PPL), while providing 
more stable training dynamics. 
Notably, our low-rank LiMuon variant 
(rank= 8) achieve competitive 
performance with substantially 
reduced memory cost, making our 
LiMuon suitable for training larger 
models under memory constraints. 
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Experimental Results

3) Training ViT Model
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Experimental Results

3) Training ViT Model
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Conclusions

►1) We proposed a LiMuon optimizer, which simultaneously has a 
lower memory cost and lower sample complexity than the Muon 
and its variants.

►2) We studied the convergence properties of our LiMuon optimizer 
with exact SVD and Newton-Schulz steps, respectively, under the 
generalized smooth condition. 

►3) In particular, we proved that our LiMuon with Newton-Schulz 
obtains a lower sample complexity under a lower memory cost than 
the Muon with Newton-Schulz.
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Thanks!
Q&A


