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Motivation

• Post-training quantization reduces memory and 

bandwidth cost

• But low-bit quantization still hurts model quality

• A common fix is to add a low rank correction term AB 

which is factorized error (𝐸 = 𝑊 −𝑊𝑞)

• But attaching a separate AB to each layer/module can 

cause memory traffic.
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Overview of GlowQ
• Group error modules that share the same input.

• For each group, it learns :

• one shared right factor 𝐵𝑠ℎ𝑎𝑟𝑒𝑑 per group

• keep module-specific left factors 𝐴𝑖 .

• At inference:

• compute 𝑅 = 𝐵𝑠ℎ𝑎𝑟𝑒𝑑𝑋 once

• reuse it for all modules in the group via 𝐴𝑖𝑅.
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Grouping strategy 1
• In transformer blocks, several modules consume the same input 

activation.

• GlowQ forms input-sharing groups such as:

• Attention group : 𝑞, 𝑘, 𝑣

• MLP group : 𝑔𝑎𝑡𝑒, 𝑢𝑝

• For grouped modules, GlowQ vertically stacks their quantization 
errors : 

• 𝐸𝑐𝑎𝑡 =

𝐸1
𝐸2
⋮
𝐸𝑚

• Then it solves a joint low-rank approximation : 𝐸𝑖 ≈ 𝐴𝑖𝐵, 𝐸𝑐𝑎𝑡 ≈ 𝐴𝐵
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Grouping strategy2

• A plain stacked SVD only minimizes reconstruction 

error in an unweighted Frobenius sense.

• Real activations are highly anisotropic : some 

directions are used much more frequently than 

others.

• GlowQ introduces a covariance-aligned objective : 

min
𝐴,𝐵

𝐸𝑐𝑎𝑡 − 𝐴𝐵 σ𝑥

1

2

𝐹

2

• This makes the learned right subspace focus on 

data-preferred directions rather than rarely used 

directions.
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Randomized SVD + QR Decomposition

6

This yields practical advantages such as avoiding materialization of huge matrices, lower compute/memory cost.
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GlowQ-S Strategy

7

• Not all groups or layers need restoration.

• GlowQ-S activates only the most beneficial units under a latency or memory budget.

• LLaMA models rank groups with normalized error ratio; Qwen models rank groups with SVD energy-capture 

score.
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Experiments 1

8

• Main metrics : 

• Wikitext-2 perplexity

• C4 perplexity

• Downstream accuracy

• The paper presents these gains 

as average improvements over 

strong baselines.
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Experiments 2

9

• It improves not only quality but also 

inference efficiency.

• GlowQ-S maintains accuracy within 0.2 

percentage points on average while 

achieving much larger runtime gains.

• GlowQ reduces memory overhead and delivers 

better performance than competing baselines 

under the same memory budget.
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Conclusion
• GlowQ introduces a group-shared low-rank approximation for quantized LLMs.

• It shares one right factor across input-sharing modules, reducing redundant 

computation and memory overhead.

• A covariance-aligned objective improves restoration quality by focusing on data-

preferred directions.

• GlowQ-S further improves efficiency by selectively restoring only the most 

beneficial groups.

• Overall, GlowQ achieves a better trade-off between accuracy, latency, throughput, 

and memory usage.
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Thank you
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