
Our Solution

Large Language Models exhibit extreme activation outliers making 
uniform quantization ineffective.
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Learning the Rotation Improves Quantization Why a Rotation (Orthogonal Transformation)?The Problem
1- Weight Fusion → Efficiency

To enable weight fusion we need equivariance for 
RMSNorm. Orthogonal transformations ensure this.

End-to-end optimization (SpinQuant) is too expensive.

We minimize Kurtosis as a useful proxy. This makes 
activations more uniform, ideal for uniform quantization.

KurTail is a PTQ method for LLMs that learns an orthogonal rotation


by minimizing Kurtosis to flatten the activation tails before quantizing.
Kurtosis measures the tailedness of a distribution. 


Rotations are trained layer‑wise from a few hundred samples and 
then fused, without any retraining or fine-tuning.

We quantize weights, activations & KV‑cache all down to 4 bits.
Higher Kurtosis → heavy tails → many outliers.

2- Arbitrary linear transformations can amplify errors!

Informal Theorem
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Rotation Flattens Distributions and Removes Outliers
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Advantages

Rotation (Channel-mixing) Improves Quantization Error

+13 % MMLU / –15 % PPL over QuaRot, and still tops SpinQuant.

Single H100 is enough to quantize Llama‑3‑70B, SpinQuant needs 4×.
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Implementing Layer-wise Optimization Orthogonal transform has lowest condition number 
and thus lowest error.  


We conduct optimization per-layer, significantly 
reducing memory and computational requirements.

Informal Theorem

Our loss pushes activations toward the uniform 
distribution by minimizing the gap to uniform Kurtosis.

We use the Caley-Adam 
optimiser to efficiently 
navigates the space of 
orthogonal matrices.

Rotations Reduces Uniform Quantization Sensitivity
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Results
Fusing the Rotations

Earlier layers benefit more 
from learnable rotations. 
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