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Why compression?
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LLMs are too big for edge devices

Model Size (FP16) Typical Edge Storage Deployable on Edge?

LLaMA-2 7B 14 GB 8–32 GB Limited devices only

GPT-3 350 GB - Not deployable

PaLM 2 (Medium) 30 GB 8–32 GB Too large

LLaMA-3 8B 16 GB 8–32 GB Quantised only

 Most edge devices don’t have enough memory or 

storage to host these models directly.

 Brute-force, data-driven engineering is becoming 

increasingly unsustainable. 
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How to compress?

Quantization

Post-Training Compression Techniques
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Over-parameterisation in LLMs

Multi-Head 

Attention

Feed

Forward

Add & Norm

Add & Norm

Transformer x N

q_proj k_proj v_proj o_proj

up_proj
Down_

proj

Model Projection Weight Shape

LLaMA-2 7B

q_proj 4096 × 4096

k_proj 4096 × 4096

v_proj 4096 × 4096

o_proj 4096 × 4096

up_proj 4096 × 11008

down_proj 11008 × 4096

 Some of these weights might be redundant
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Related work: LASER
SVD for Post-Training Compression

Sharma, P., Ash, J.T. and Misra, D., The Truth is in There: Improving Reasoning in Language Models with Layer-Selective Rank Reduction. 

ICLR 2024

Can we explore inter-matrix redundancies as well?

Can we compress attention block as well?
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Tensor preliminaries

Scalar →

0D tensor

Vector →

1D tensor

Matrix →

2D tensor

3D tensor

…

𝑁D tensor
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Tensor preliminaries
Canonical Polyadic Decomposition (CPD)

𝒳 = ෍

𝑟=1

𝑅

𝜆𝑟 𝒖(1) ∘ 𝒖 2 ∘ ⋯ ∘ 𝒖 𝑁 = 𝒢 ×1  𝑼 1 ×2 𝑼 2 ×𝑁 𝑼(𝑁)

Assume 𝒳 ∈ ℝ𝐼×𝐼×⋯×𝐼 is an order-𝑁 tensor. Each mode has rank 𝑅, where 𝑅 ≪ 𝐼.

Storage complexity: 𝒪(𝐼𝑁) → 𝒪 𝑅 + 𝑁𝐼𝑅 ≈ 𝒪(𝑁𝐼𝑅)

Cichocki, A., Lee, N., Oseledets, I.V., Phan, A.H., Zhao, Q. and Mandic, D., 2016. Low-rank tensor networks for dimensionality reduction and 

large-scale optimization problems: Perspectives and challenges part 1. arXiv preprint arXiv:1609.00893.
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Tensor preliminaries
Tucker Decomposition (TD)

Cichocki, A., Lee, N., Oseledets, I.V., Phan, A.H., Zhao, Q. and Mandic, D., 2016. Low-rank tensor networks for dimensionality reduction and 

large-scale optimization problems: Perspectives and challenges part 1. arXiv preprint arXiv:1609.00893.

𝒳 = ෍

𝑟1=1

𝑅1

෍

𝑟2=1

𝑅2

⋯ ෍

𝑟𝑁=1

𝑅𝑁

𝒢[𝑟1,𝑟2,⋯,𝑟𝑁] 𝒖𝑟1

(1)
∘ 𝒖𝑟2

2
∘ ⋯ ∘ 𝒖𝑟𝑁

𝑁
= 𝒢 ×1  𝑼 1 ×2 𝑼 2 ×𝑁 𝑼(𝑁)

Assume 𝒳 ∈ ℝ𝐼×𝐼×⋯×𝐼 is an order-𝑁 tensor. Each mode has rank 𝑅, where 𝑅 ≪ 𝐼.

Storage complexity: 𝒪(𝐼𝑁) → 𝒪 𝑅𝑁 + 𝑁𝐼𝑅
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TensorLLM

Design intuition:

• Attention heads within the same layer capture the same level of patterns

• Different attention heads within the same layer learn different specialised knowledge

Can we improve the reasoning capabilities of LLMs by enforcing a shared 

higher-dimensional subspace among the weights of multiple attention 

heads within a single transformer layer? 

Gu, Y., Zhou, W., Iacovides, G. and Mandic, D., 2025. TensorLLM: Tensorising Multi-Head Attention for Enhanced Reasoning and 

Compression in LLMs. IEEE International Conference on Neural Networks (IJCNN) 2025.



Imperial College London 23/12/202511

TensorLLM

Gu, Y., Zhou, W., Iacovides, G. and Mandic, D., 2025. TensorLLM: Tensorising Multi-Head Attention for Enhanced Reasoning and 

Compression in LLMs. IEEE International Conference on Neural Networks (IJCNN) 2025.

ℝ𝑑𝑚𝑜𝑑𝑒𝑙×ℎ ⋅𝑑ℎ  
→ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×ℎ×𝑑ℎ

𝒲𝑎𝑙𝑙 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑ℎ×4×ℎ

𝒲𝑎𝑙𝑙 = 𝒢𝑎𝑙𝑙 ×1 𝑼(1)

×2 𝑼(2) × 𝑼(3) ×4 𝑰
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TensorLLM
Original pretrained vs. Denoised Weights

Gu, Y., Zhou, W., Iacovides, G. and Mandic, D., 2025. TensorLLM: Tensorising Multi-Head Attention for Enhanced Reasoning and 

Compression in LLMs. IEEE International Conference on Neural Networks (IJCNN) 2025.
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TensorLLM
Combine with other methods

Gu, Y., Zhou, W., Iacovides, G. and Mandic, D., 2025. TensorLLM: Tensorising Multi-Head Attention for Enhanced Reasoning and 

Compression in LLMs. IEEE International Conference on Neural Networks (IJCNN) 2025.

Case 1: LASER was applied to 1 matrix in the FFN block

Case 2: LASER was applied to all matrices in the FFN and MHA blocks

Case 3: Our method was applied to the MHA block; LASER was applied to matrices in the FFN block
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TensorLLM
Ablation study: whether to stack 4 matrices together

Gu, Y., Zhou, W., Iacovides, G. and Mandic, D., 2025. TensorLLM: Tensorising Multi-Head Attention for Enhanced Reasoning and 

Compression in LLMs. IEEE International Conference on Neural Networks (IJCNN) 2025.



Thank you！
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Appendix
Tucker decomposition techniques

Refinement

min
𝒢, 𝑈 𝑖

𝑖=1

3

1

2
𝒳 − 𝒢𝑎𝑙𝑙 ×1 𝑼 1 ×2 𝑼 2 × 𝑼 3 ×4 𝑰

𝐹

2
 , subject to 𝑈 𝑛 𝑇

𝑈(𝑛) = 𝐼𝑅𝑁
 ∀ 𝑛 ∈ [1, 𝑁]

𝒲𝑎𝑙𝑙 = 𝒢𝑎𝑙𝑙 ×1 𝑼(1) ×2 𝑼(2) × 𝑼(3) ×4 𝑰
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