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Various Model Compression Techniques

- Pruning
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- Pruning ([X|X|2])
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- Pruning ([X|X|2])
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* “Learning both Weights and Connections for Efficient Neural Networks” 2015, Song Han w5~
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- Pruning ([X|X|2])
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*  “Pruning Filters for Efficient ConvNets”, 2016, Hao Li
https://arxiv.org/abs/1608.08710
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Various Model Compression Techniques

- Knowledge Distillation
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- Knowledge Distillation (%]
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 "Distilling the Knowledge in a Neural Network”, 2014, Geoffrey Hinton

 Student & Sk&A| BEIO| | 0ss@t Teacher ZEO| LossE SA|0f| 2HISI0] Student 22! SH&01 &g

1. Teacher Network (T)
- cumbersome model
ex) ensemble / a large generalized model
- (pros) excellent performance
- (cons) computationally expansive
- can not be deployed when limited environments

2. Student Network (S)
- small model
Student - suitable for deployment

Network (S) - (pros) fast inference
- (cons) lower performance than T

Idea
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Various Model Compression Techniques

- Quantization
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il Post Training Quantization
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Il Quantization Aware Training
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Il More sophisticated Quantization Method
Paper
< C}ASt Quantization 2 2 U 7 M
» "ZeroQuant: Efficient and Affordable Post-Training Quantization for Large-Scale Transformers.”, 2022, Zhewei Yao

> CNN 22I0o| ot Transformer 22X =kt https://arxiv.org/pdf/2206.01861.pdf

 “HAQ: Hardware-Aware Automated Quantization with Mixed Precision”, 2018, Kuan Wang

> EHl.OEI Elt'l'olé, GPU I:IE:I jl._/_.lx_jl -6|_E_CI>__”0.| _—r]__;lc_o.” x_-ll-él;ll--élj- Mixed Precision _—rj__;lq_ https://arxiv.org/abs/1811.08886

o . H H ” . .
 “ZeroQ: A Novel Zero Shot Quantization Framework”, 2020, Yaohui Cai ttos:/farxiv.org/odf/2001.0028 1 pcl

> 4~8bit IntegerE &89t Mixed Quantization Framework 28 A4

e “Post training 4-bit quantization of convolutional networks for rapid-deployment”, Ron Banner

» Analytical Clipping for Integer Quantization(ACIQ)

https://openreview.net/pdf?iﬂk l€E4kIXL'S

» Per channel bit allocation, Bias-Correction
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"“DEEP COMPRESSION: COMPRESSING DEEP NEURAL NETWORKS WITH PRUNING, TRAINED
QUANTIZATION AND HUFFMAN CODING", Song Han
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