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®NT4 Inference for Large Lanquage Models

Growth drivers

Application of LLM
The Scale of model size increase rapidly, from 7B to 671B
Models are employed across servers and mobile devices
Efficiency Challenge
Matrix Multiplication is at the core of LLM
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EEG is an electro signal collected around the scalp. Previous studies have proven EEG can be used to reflect the brain status and further be applied to brain-computer interface, seizure detection, and so on. Compared with other brain-related signals, EEG data is non-invasive and easy to collect. These reasonable features make EEG data widely used in brain research and application.
�Moreover, there is a lot of unlabeled public EEG data, so it is natural to transfer the pre-training technique from computer vision, and natural language processing to the EEG area. The pre-trained model would be useful for those tasks with limited labeled data.
�However, the previous pre-training method treats EEG data as a simple sequence, ignoring spatial and structural information among channels. Secondly, different EEG tasks vary in the channel configuration, so it is a challenge to generalize across different montages.


Quantization Challenges from Outliers
 INT4 inference quantizing both inputs and weights of the linear layer.

» Both have outliers, while inputs have more outstanding outliers
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Backaround

Solution by Computational Invariance trick

* It will benefit if we can find a transformation to make the quantization easier
« While keeping the computation invariance
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Backaround

Solution by Computational Invariance trick

* It will benefit if we can find a transformation to make the quantization easier
« While keeping the computation invariance
« And Fusing the transformation priorly to avoid
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Form1: 1D Transformation
» Based on the assumption that outliers are more outstanding at input matrix
* It would benefit from ‘sharing’ the level of outliers from input to weight

* The ‘'sharing’ is based on 1D Transformation,

+ where T '= Diag(8),S € R™*K,X € RVK, W € RKXM
ChannelWise_MAX(T)

ChannelWise_MAX(X)

* To uniformly share the outlier, S = \/
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Problem of 1D Transformation
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Form2: 2D Transformation
* Is it possible to not migrate outliers but eliminate outliers?
 Here we introduce the Rotation transformation
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Form2: 2D Transformation
* Is it possible to not migrate outliers but eliminate outliers?
 Here we introduce the Rotation transformation
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Why 2D transformation is better than 1D transformation
* The key lies into the ‘flow’ of outliers
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Why 2D transformation is better than 1D transformation
* The key lies into the ‘flow’ of outliers
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No Free lunch for better performance
« Some ‘rotation’ must apply online
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Review the nature of ‘Rotation’

* The rotation operation is revertible

* i.e, it can transform rough matrix to smooth one, also it would transform a smooth one to
rough one.

 The current success depends on the distribution of current LLMs. (Figure a)
* Moreover, the rotated matrix can be sub-smooth. (Figure b)
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Method

Contribution 1

* Propose Runtime Smooth, which obtain transformation factor online

 Avoid the unmatched problem

* Instead of migrating the outliers, it eliminate outliers

S; = max(|Xj|),j — 1,2, ,K

ey

B Origin A4W4

X = Quantize(X /s), W = Quantize(W), (2) PPL B SmoothQuant
A

K
YZZXj-WjT-Sj,

g=1

3)

O¢e?2

8e2
Te2

18.2

A4W4

A

SmoothQuant
+ Runtime Scale

Runtime Smooth

3e2

4e2

10.9 10.9
1 1.
A4W16




Contribution 2

 Fuse the Runtime Smooth factor into GEMM kernel
« Maintain the computation invariance
 Bring negligible overhead
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Method

Contribution 3

* Integrate ‘Rotation’ with Runtime Smooth
 Further Smooth the rotated Matrix (Figure a)
 Rotation alleviate the effect of victim (Figure b)

(a) (b)
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* Runtime Smooth (RS) only bring negligible overhead.
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Take-away message

« Runtime Smooth: a plug-and-play operation that smooth activation for accurate
INT4 inference.

« Rotated Runtime Smooth: a framework that integrate Rotation and Runtime Smooth,
which gain the SOTA accuracy for INT4 inference.

« Runtime Smooth would bring negligible overhead.

Thank you for listening!
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We conclude our work as MMM, a framework with mulxxx xxx xx
And our work bring better performance on ...
And we show that, 
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