
LLM inference is bottlenecked by memory:

Memory Cost = Model Weights + KV Cache.
While model weights are static, KV cache grows with sequence length, making 

long-context inference memory- and bandwidth-intensive.

Low-rank compression reduces this cost by approximating

𝑊 ≈ 𝑊𝑘 = 𝐴𝑘𝐵𝑘 , rank 𝑊𝑘 = 𝑘.
However, conventional SVD minimizes

∥ 𝑊 −𝑊𝑘 ∥𝐹 ,
which ignores input activations 𝑋. To better preserve model behavior, we instead 

minimize the activation-aware output error:

𝑊𝑘
∗ = arg min

rank 𝑊𝑘 =𝑘
∥ 𝑋𝑊 − 𝑋𝑊𝑘 ∥𝐹 .

Core problem:

How to compute the activation-aware optimal low-rank approximation efficiently, 

stably, and without retraining?
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Table 2. Cross-model compression performance under 0.8 

compression ratio. 

4. Experiments & Efficiency
We evaluate Swift-SVD on 6 LLMs with language modeling and zero-shot QA 

benchmarks, memory, throughput, and reconstruction error.

code available

3.1 Optimal Activation-Aware Low-Rank Compression

Naive SVD minimizes the weight reconstruction error:
min

rank 𝑊𝑘 =𝑘
∥ 𝑊 −𝑊𝑘 ∥𝐹 .

However, this ignores the input activations 𝑋, and may not preserve the layer 

output.

We instead minimize the activation-aware reconstruction loss:

𝑊𝑘
∗ = arg min

rank 𝑊𝑘 =𝑘
∥ 𝑋𝑊 − 𝑋𝑊𝑘 ∥𝐹 ,

𝜖𝑘
∗ =∥ 𝑋𝑊 − 𝑋𝑊𝑘

∗ ∥𝐹 .

This objective directly preserves the original output

𝑌 = 𝑋𝑊.

Given activations 𝑋 ∈ ℝ𝑙×𝑚and weight 𝑊 ∈ ℝ𝑚×𝑛 ,we approximate

𝑊 ≈ 𝑊𝑘 = 𝐴𝑘𝐵𝑘 , 𝐴𝑘 ∈ ℝ𝑚×𝑘 , 𝐵𝑘 ∈ ℝ𝑘×𝑛.

Thus the original linear layer is replaced by two smaller projections:

𝑋𝑊 ⇒ 𝑋𝐴𝑘𝐵𝑘 .

2. Preliminary

2.1 Low-Rank Compression Reduces Weights and KV Cache

2.2 Activation-Aware Compression Objective

This brings two memory benefits:

𝐖𝐞𝐢𝐠𝐡𝐭𝐬:𝑚𝑛 → 𝑘 𝑚 + 𝑛

𝐊𝐕 𝐜𝐚𝐜𝐡𝐞: 𝑋𝑊 ∈ ℝ𝑙×𝑛 → 𝑋𝐴𝑘 ∈ ℝ𝑙×𝑘

Compression is achieved when

𝑘 𝑚 + 𝑛 < 𝑚𝑛,

𝑘 < 𝑛.

Deployment bottleneck

- Static weights dominate model memory.

- KV caches grow with sequence length. 

3.2 Dynamic Compression

Theorem 3.1.
Given input activations 𝑋 and weight matrix 𝑊, let 𝒱 and Σ denote the right 

singular vectors and singular values of 𝑌 = 𝑋𝑊, respectively. For any 𝑘
< rank 𝑌  ,the optimal solution to the activation-aware compression 

problem is

𝑊𝑘
∗ = 𝑊𝒱𝑘𝒱𝑘

𝑇 , ∀𝑘 < rank 𝑌

𝜖𝑘
∗ = ෍

𝑗=𝑘+1

rank 𝑌

𝜎𝑗
2

1
2

, ∀𝑘 < rank 𝑌

where 𝒱𝑘 ∈ ℝ𝑛×𝑘consists of the top-𝑘 right singular vectors corresponding 

to the 𝑘 largest singular values.

𝑌𝑇𝑌 = 𝒰Σ𝒱𝒯 𝑇
𝒰Σ𝒱𝒯 = 𝒱Σ𝑇𝒰𝒯𝒰Σ𝒱𝒯 = 𝒱Σ2𝒱𝒯

𝑇1 𝑇2

𝑇1: substitute 𝑌 = 𝑈Σ𝑉ᵀ
𝑇2: use 𝑈ᵀ𝑈 = 𝐼

Highlights

- Decomposition via incremental 

aggregation.

- Once eigen-decomposition.

We employ the normalized effective rank (NER) as a quantitative measure of 

local compressibility.

erank Σ = exp −෍
𝑖=1

𝑟

𝑝𝑖 ln 𝑝𝑖 .

where 𝑝𝑖 = 𝜎𝑖/σ𝑗=1
𝑟 𝜎𝑗.

For end-to-end compressibility, we adopt the standard layer importance 

metric from prior work. 

𝒔𝒊 = 𝜷𝒊
𝛼 ⋅ log 𝑒 + 𝜖ത𝑘,𝑖

∗
1−𝛼

Highlights

- Compressibility analysis.

- Grid search over candidate rank allocations. 

Table 3. Cross-domain PPL of LLaMA-7B. Original uses the 

evaluation set for calibration; PPL uses C4-only.

Table 4. End-to-end compression latency (in seconds) evaluated on the C4 dataset.

Table 5. Reconstruction loss and absolute error for randomly generated matrices of varying 

shapes under ratio of 0.6 (FP32).

Table 1. Performance comparison of LLaMA-7B on language modeling and zero-shot tasks.

4.1 Performance

4.2 Efficiency

4.3 Numerical Stability

Swift-SVD delivers 3–70𝑿 speedups in end-to-end compression time.

Swift-SVD achieves near-perfect alignment with the theoretical optimum 

across all scales.


