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Hi, I'm Jiale Chen. I'm presenting our work, WUSH: near-optimal adaptive transforms for LLM quantization. This work is done together with Vage Egiazarian, Roberto L. Castro, Torsten Hoefler, and Dan Alistarh.



Background

• Quantization compresses full-precision values into low-bit values plus 
a shared high-precision scale.

• Goal: lower memory and faster inference for LLMs, while preserving 
accuracy.
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Quantization replaces high-precision values with low-bit values and a shared high-precision scale. It has been a popular technique to save memory and speed up inference for large language models while preserving accuracy.



• The presence of outliers is the main challenge for LLM quantization.
• Outliers stretch the scale, while most normal values then receive 

fewer effective quantization grid points.
• Transforms can redistribute outlier energy and better preserve the 

accuracy.

The maximum value determines 
the quantization grid.

Some grids are wasted, and the 
quantization error is large.

Without Outlier
Good for Quantization

With Outlier
Bad for Quantization

A linear transform can remove the outlier 
and reduce quantization error.
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Accuracy depends heavily on how well the values fit the quantization grid. The main problem is outliers. One extreme value stretches the grid. Many quantization levels are wasted, so normal values become poorly resolved. A linear transform can spread or reshape the data before quantization, reducing this error.
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• For a linear layer in LLM: transform-quantize weights 
offline; transform-quantize activations online.

• Before quantization, the matrix product is unchanged.
• Block transforms are more computationally efficient.
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For LLM inference, weights can be processed offline, but activations arrive dynamically. So, we use blockwise transforms: pre-transform and quantize weights offline, and apply the corresponding activation transform and quantization online. Mathematically, the product is preserved before quantization, so the key question is which transform gives the smallest quantization error.



Motivation

• Blockwise Hadamard is the SOTA method.
• E.g., MR-GPTQ* for FP quantization

• Is Hadamard transform always the optimal?

• No! The optimal transform must be data-dependent!

Original Data
(Bad for Quantization)

Transformed Data
(Good for Quantization)

Original Data
(Bad for Quantization)

Hadamard
𝑯𝑯

Inverse
Hadamard

𝑯𝑯⊤

The inverse transform is 
also a Hadamard 

transform, but it makes 
the data distribution 

worse!

* Egiazarian et al. Bridging the gap between promise and performance for microscaling FP4 quantization. ICLR 2026.
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Blockwise Hadamard transform is the current strong baseline, such as in the MR-GPTQ method. But Hadamard is data-independent. This slide shows the limitation: a transform that improves one distribution can worsen another. Therefore, the optimal transform should depend on the actual weight and activation statistics.



WUSH Formulation

• WUSH
• Weight-Unitary-Singular-Hadamard

• Data-aware
• Closed-form (Cholesky, SVD, etc.)
• Proved (under mild assumptions)

• Optimal for FP
• Asymptotically optimal for INT

• Explains Hadamard's empirical success
• It is the only data-independent component
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Our solution, WUSH, consists of a Hadamard backbone and a data-dependent factor. The main idea is that the transform is data-aware, unlike a fixed Hadamard transform. For each block, we compute the weight and activation statistics, then use closed-form operations such as Cholesky and SVD to build the transform. Theoretically, under mild assumptions, WUSH is optimal for floating-point quantization and asymptotically optimal for integer quantization. Finally, Hadamard appears as the only data-independent component. This explains why Hadamard alone already works well empirically.



Layerwise Loss
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Here we compare layerwise round-to-nearest quantization loss. WUSH consistently gives the lowest L2 loss across all layer types. This supports WUSH at the layer level.



End-to-End Benchmarks
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The layerwise gains translate to end-to-end accuracy. On Llama-3.1-8B-Instruct, WUSH gives the best average 4-bit accuracy compared with state-of-the-art methods. The improvement is especially large for MXFP4, making MXFP4 much more competitive with NVFP4.



GPU Inference Kernels

• Fused transform-quantization kernel and FP4 matrix multiplication 
kernel.

• WUSH (different transform per block) is nearly as fast as Hadamard 
(same transform per block).
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A concern is that WUSH uses a different transform per block. We address this with a fused GPU kernel that applies WUSH and quantization together. The result is almost as fast as the Hadamard kernel, when measured together with the FP4 matrix multiplication kernel.



Thanks for Listening

• Please refer to our paper and source code for more details.
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That's all. Thanks for listening! Please refer to our paper and source code for more details.
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