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• Quantization

▪ Neural network의 weight 및 activation을 lower bit-width의 integer 자료형으로변환

− Floating point (FP)의 matrix 곱연산에비해빠른연산속도와낮은 bandwidth를가짐

− 필연적으로발생하는 information loss로인해낮은 precision 결과

− Information loss를최소화하는다양한 quantization 기법연구진행중

Background
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• Basic quantization techniques

▪ Post training quantization (PTQ)

− 학습이완료된 neural network에 random한 input을가하여 statics를수집

− Max calibration

҉ Activation에서가장큰값까지 quantization

҉ Outlier에취약함

− Percentile calibration

҉ Tensor의 histogram에서일정부분만 quantization

҉ 주로 99.99% 를사용함

− Entropy calibration

҉ KL divergence 기반 calibration

҉ Information loss가제일적은지점까지 quantization

Background

< Post training quantization >
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• Basic quantization techniques

▪ Quantization aware training (QAT)

− 학습과정에서 pseudo quantization을적용후최적의 quantized parameter를학습

҉ Quantization 한 weight와 activation을이용하여 forward pass 

҉ 타딥러닝모델과동일하게 loss 계산후 backward pass 진행

҉ 일반적으로 STE를이용하여 backpropagation 진행

− Straight-Through Estimator (STE)

҉ Neural network의 quantization operation의경우 derivative가 0인경우존재

҉ Backward pass에선학습의전이를위해 STE operation을사용

Background
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• Basic quantization techniques

▪ Knowledge distillation (KD)

− 큰네트워크 (teacher network)의지식을작은네트워크 (student network) 에게전달

҉ Teacher model의 prediction을 soft label로 student model prediction간의 loss 설정

҉ Student model은 hard label (실제 GT)와의 loss를추가하여학습

҉ Soft label, hard label에의한 loss 합이낮아지도록학습진행

Background
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“ Edge Inference With Fully Differentiable Quantized Mixed Precision Neural Networks”, 

WACV 2024
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• Quantization aware training (QAT)

▪ Ineffective QAT model when lower parameter size

− Lower bit model 일수록기존 FP32 model의 linear 한분포대비더욱 step화

҉ STE와같은 projection 기법 backward pass 진행시비효율적

− Pre-trained weight를이용하여 QAT를진행하므로 2 step training이되어비효율적

− EfficientNet-Lite0, MobileNetV2와같은 residual network에서현재 SOTA model의 bit 

width distribution은비효율적

▪ Contribution

− QAT training strategy 제안

҉ FP32 model pretrain 후 penalty를이용하여 1 step training에 QAT training

− STE가아닌최적의 gradient scaling 조합제안

− EfficientNet-Lite0와 MobileNetV2에서가장효율적인 bit width 제안

Motivation
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• Quantization Training Dynamics 

▪ Three phase of mixed precision training method

− 기존대다수의 QAT training strategy는 pre-trained weight를불러와서 QAT 진행

҉ 2 step training 진행으로시간및리소스관점에서비효율적

− Pre-training step 이후 size penalty를 linear하게증가하여점진적 bit width 학습진행

Method
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• Gradient scaling

▪ Inverse Hyperbolic tangent based gradient scaling method

− Lower bit model 일수록 step화된 weight 분포를보임

− 일반적인 STE 대신 Arctanh 기반 gradient scaling method가높은성능을보임

Method
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• Optimized bit width for residual network

▪ Efficient bit width for EfficientNET-Lite0 and MobileNetV2

− Early layer의 weight bit width를크게 quantization 하는것이효율적

҉ Residual connection 으로인해, layer가깊어져도 information이잘보존됨

҉ 다른 residual network에도동일경향성존재

Method
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Experiments
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“ Improved Techniques for Quantizing Deep Networks With Adaptive Bit-Widths ”, 

WACV 2024
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• Quantization aware training with Knowledge distillation

▪ Inefficient of individual quantization

− Low bit model을만들기위해 FP32 model에서 individual quantization은비효율적

҉ 매번특정 bit width에맞게 quantization 해야함

− Knowledge distillation을도입하여 1 step으로여러 bit size model을 QAT 할수있으나, 

low bit model은 high precision model을 mimic 하기힘듦

▪ Contribution

− Knowledge distillation과결합한 QAT 방법론을제안

҉ 선택적으로 best teacher model을판단후 mimic

− Best teacher model에대해 student의 parameter block과직접 swap하는방법론제안

− 8, 6, 4, 2bit model의성능감소폭이 1 step training 기법들중가장적음

Motivation
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• Dynamic Teacher Selection and Swapping

▪ Teacher Selection

− 여러 bit width를갖는 pre-trained model들을학습시작시이용

҉ Lower bit model은 pseudo quantization 적용후학습시작

− Student model의 confidence를 entropy term             을이용하여판단

҉ Student model의 entropy가높은경우해당 parameter block 교체필요

− Hyper parameter    는 linearly increase

҉ 학습초기에 low bit model의성능수렴목표

Method

각 bit width를갖는
model간의 L1 distance 

각 bit width model의 logit 

값에대한 entropy

: Entropy가높은경우 

confidence 낮아서 swap 필요

Linearly increase
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• Dynamic Teacher Selection and Swapping

▪ Block swapping

− Teacher selection 의 term을줄이기위해 swapping

҉ L1 distance가큰 teacher model block으로 swapping

− 의 factor를 linearly increase

҉ 학습시 early layer는 gradient 영향력이낮기에 teacher parameter block 주되게이용

҉ : teacher network swapped /            : maintain student network

Method

Linearly increase

: Early layer는 gradient 영향력이적기
때문에 teacher의 parameter를주되게사용

Activation, Weight

s : student, t : teacher

학습초기에 high precision model, 학습후기에 low precision model이 swapping



16

• Method overview

Method

High precision model로부터
일반적인 KD 수행

L1 distance를통한 teacher selection Higher bit teacher model block swapping 수행
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Experiment

: Individual quantization 대비 8, 6, 4, 2 bit model의 performance의평균 
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