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State Space Models as Associative Memory
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At each step the model maintains a memory matrix 𝐒ₜ and writes a key-value pair via a first-order 
affine update(1):

(1) Behrouz, Ali, et al., It's All Connected: A Journey Through Test-Time Memorization, Attentional Bias, Retention, and 
Online Optimization (ICLR, 2026).
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Table 1. Special cases of recent SSMs recovered from the general associative memory update in Eq. (1)



The Problem: First-Order Updates Degrade

The change in memory of all SSMs:

→ Current SSMs (gating, normalization, 
transition parameterization) only address 
this indirectly. 

(first-order rank-1 updates)

Limitations:

∆𝐒t ∝ 𝑣𝑡 − 𝛼𝑡𝜂𝐒t−1𝑘𝑡 𝑘𝑡
𝑇
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• Spectral anisotropy: Singular values 
become highly non-uniform.

• Memory interference: New updates 
can overwrite previous information

• Gradient degradation: Vanishing 
gradients through ς𝑛=𝑇

𝑡 𝐃𝑛  where  
𝐃𝑛 = 𝛼𝑛 𝐈𝑚 − 𝛽𝑛𝜂𝑘𝑛𝑘𝑛

𝑇 .

Figure 1. MuonMamba (our method) shows more uniform 
gradient flow over long contexts than Mamba.

MuonMambaMamba



MuonSSM: Orthogonalizing State Space Models

• 𝐍𝐒( ∙ ) – single-iteration Newton-Schulz

▪ 𝜏 > 0 – update scaling factor

𝐒t = 𝐒t−1 𝛼𝑡 𝐈𝐦 − 𝛽𝑡𝜂𝒌𝑡𝒌𝑡
𝑇 + 𝛽𝑡𝒗𝑡𝒌𝑡

𝑇   (1)

𝐌t = 𝛾𝐌t−1 + 𝐍𝐒 𝜏𝛽𝑡𝒗𝑡𝒌𝑡
𝑇              

MuonSSM
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Single-iteration Newton-Schulz

MuonOptimizer(2)

Newton-Schulz iteration is to approximately orthogonalize the update matrix.

“orthogonalization effectively increases the scale of other “rare directions” which have small magnitude in 
the update but are nevertheless important for learning.”

Definition. Single-iteration Newton–Schulz (NS). 

For 𝐗 ∈ ℝ𝑑×𝑚, define:

  ෩𝑿 =
𝑿

max 𝑿 𝐹,𝛿
 

  𝐍𝐒 𝑿 = 𝑎 + 𝑏෩𝑿෩𝑿𝑻 + 𝑐 ෩𝑿෩𝑿𝑻 2 ෩𝑿  

(2) Jordan, K. et al. Muon: An optimizer for hidden layers in neural networks, 2024
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(𝑎, 𝑏, 𝑐)  =  (3.4445, −4.7750, 2.0315) (Jordan et al.(2)) and 𝛿 > 0.



MuonSSM: Orthogonalizing State Space Models

• 𝐍𝐒( ∙ ) – single-iteration Newton-Schulz

▪ 𝜏 > 0 – update scaling factor

• 𝐌𝐭 ∈ ℝ𝐝×𝐦 – auxiliary momentum matrix

▪ 𝛾 ∈ (0,1] – momentum decay coefficient

𝐒t = 𝐒t−1 𝛼𝑡 𝐈𝐦 − 𝛽𝑡𝜂𝒌𝑡𝒌𝑡
𝑇 + 𝛽𝑡𝒗𝑡𝒌𝑡

𝑇   (1)

𝐌t = 𝛾𝐌t−1 + 𝐍𝐒 𝜏𝛽𝑡𝒗𝑡𝒌𝑡
𝑇             

𝐒t = 𝐒t−1 𝛼𝑡 𝐈𝐦 − 𝛽𝑡𝜂𝒌𝑡𝒌𝑡
𝑇 + 𝐌t  

MuonSSM
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MuonSSM: Orthogonalizing State Space Models
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Figure. The MuonSSM architecture. 



Parallelizability of MuonSSM

𝐌t = 𝛾𝐌t−1 + 𝐍𝐒 𝜏𝛽𝑡𝒗t𝒌t
𝑇             

𝐒t = 𝐒t−1 𝛼𝑡 𝐈𝐦 − 𝛽𝑡𝜂𝒌t𝒌t
𝑇 + 𝐌t
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𝐙t = 𝐙t−1𝚽t + 𝚿t          (linear recurrence) 

𝐙t = 𝐒t 𝐌t ∈ ℝ𝑑×2𝑚; 𝚽t =
𝛼𝑡 𝐈𝐦 − 𝛽𝑡𝜂𝒌t𝒌t

𝑻 𝟎

𝛾𝐈 𝛾𝐈
; 𝚿t =

𝐍𝐒 𝜏𝛽𝑡𝒗t𝒌t
𝑻

𝐍𝐒 𝜏𝛽𝑡𝒗t𝒌t
𝑻

Parallel prefix scan reduces depth from O(L) to O(log L) for associative operations, without 
increasing total work beyond O(L).

The recurrence admits an associative scan operator.

Block-Affine Recurrence



Theoretical Analysis – Gradient Stability
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𝐙t = 𝐙t−1𝚽t + 𝚿t          

𝚽t =
𝐃t 𝟎
𝛾𝐈 𝛾𝐈

;

Gradient Propagation in MuonSSM

𝜕𝓛

𝜕𝒁𝑡−1
=

𝜕ℒ

𝜕𝒁𝑇
ෑ

𝑛=𝑇

𝑡

𝚽𝑛
𝑇 =

𝜕𝓛

𝜕𝐙𝑇

ෑ

𝑛=𝑇

𝑡

𝐃𝑛
𝑇 ෍

𝑘=𝑡

𝑇

ෑ

𝑗=𝑇

𝑘+1

𝐃𝑗
𝑇 𝛾𝐈𝒎

𝑘−𝑡+1

𝟎 𝛾𝐈𝒎
𝑇−𝑡+1

When 𝛾 ≈ 1, the momentum pathway (𝛾𝐈𝐦)𝑇−𝑡+1 preserves gradients even over long horizons.

𝐃t = 𝛼𝑡 𝐈𝐦 − 𝛽𝑡𝜂𝒌t𝒌t
𝑻



Theoretical Analysis – Rank Enrichment
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𝐍𝐒 maps 𝜎 ∈ [0,1] through 𝜌 𝜎 , ensuring bounded singular values:

Forward Spectral Conditioning of Updates 

Backward Geometry of Newton-Schulz Normalization

For rank-one 𝐗𝟎 = 𝑢𝑤T, the NS Jacobian decomposes into four orthogonal eigenspaces.

𝜆 = ൞

0 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑢𝑤𝑇

𝑎 + 𝑏 + 𝑐 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑢⊥𝑤𝑇 , 𝑢𝑤⊥
𝑇

𝑎 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑢⊥𝑤⊥
𝑇

𝜎𝑚𝑎𝑥 𝐍𝐒 𝐗 ≤ 1 + 𝜀𝑢

• 𝐍𝐒 amplifies orthogonal gradient directions
• Momentum accumulates less collinear updates 
→ Increase the effective rank 



Experimental Setup
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• Baselines: Mamba, LongHorn, Gated DeltaNet – each tested with and without the MuonSSM 
update mechanism.

• Controlled comparison: Identical parameter counts, architectural hyperparameters, and 
training budgets across all runs – only the memory update mechanism varies.

• Hardware: 4 × NVIDIA H100 GPUs.

• Three modalities:

Modality Task Dataset

Language Zero-shot reasoning, Long-context retrieval FineWeb-Edu 10B, S-NIAH

Vision Classification, Detection, Segmentation ImageNet, MS COCO, ADE20K

Time-series Human activity recognition MuWiGes, UESTC-MMEA-CL, MMAct



Language Modeling and Long-Context Retrieval
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Table. Zero-shot reasoning results after pre-training on FineWeb-Edu 10B.



Language Modeling and Long-Context Retrieval
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Table. Long-context retrieval results on S-NIAH across 2K-8K context lengths.



Language Modeling and Long-Context Retrieval
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Figure a) Pretraining dynamics on FineWeb-Edu 10B. Figure b) Training time vs. sequence length. 

Parallel Scan Preserved1.3x faster convergence



Vision Spatial Modeling and Robustness 
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Table. Image classification and 
robustness results on ImageNet.

Table. Object detection and 
segmentation results on COCO 
and ADE20K.



Vision Spatial Modeling and Robustness 

17

Figure. 
GradCAM 
visualizations



Time-Series for Human Activity Recognition 
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Table. Human activity recognition results on MuWiGes, UESTC-MMEA-CL, and MMAct.



Impact of Newton-Schulz Iterations

Figure a) NS improves spectral conditioning 
by 18×
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Figure b) Ablation of NS iterations
 on MMAct dataset



Capacity vs. Geometric Conditioning
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Do gains simply arise from increased capacity, since the augmented state 𝒁𝑡 = 𝑺𝑡 , 𝑴𝑡  
effectively doubles 𝑑𝑠𝑡𝑎𝑡𝑒?

Table. MuonSSM outperforms doubled-state baselines on MMAct.



Conclusion
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• MuonSSM stabilizes SSM training by conditioning the geometry of memory updates, without 
modifying the recurrent transition operator.

• A momentum pathway and Newton-Schulz normalization jointly improve gradient 
propagation, bound spectral growth, and enrich the effective rank of the memory state.

• The design preserves parallel scan compatibility – O(log L) depth, O(L) work – with only a 
constant-factor overhead.

• Consistent gains across language, vision, and time-series establish geometric conditioning as 
a principled pathway to stable, scalable sequence modeling.

• Future work: larger-scale pretraining, hybrid attention-SSM architectures, adaptive 
conditioning strategies.
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Poster

https://tanmnguyen89.github.io

Our labs

https://sites.google.com/view/cuongpham

Reference: Nguyen, Thai-Khanh, Vo, Ngoc-Bich-Uyen, Vo, Thieu N., Nguyen, Tan M., and Pham, Cuong. MuonSSM: Orthogonalizing State Space Models 
for Sequence Modeling, International Conference on Machine Learning, 2026. https://github.com/t-khanusa/MuonSSM

Paper
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