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MIT 6.59401. Introduction to Pruning

MLPerf (the Olympic Game for AI Computing)
• 발발 발발발발 발발발발 Throughput & latency 발발 발발

• Closed Division : 발발발발 발발발 발발발발 발발 , quantization 발 발발

• Open Division : 발발발발 발발발 발발발발 발발발 발 발발발 , pruning 발발 발발 발발
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MIT 6.59401. Introduction to Pruning

Memory is Expensive
• 발발발 발발발 computation 발발 발발 발발발 발발 (e.g., 0.9 → 640 pJ )

• 발발발 발발 / 발발 발발발 / 발발발 발발 발 발발발 발발발 발
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MIT 6.59401. Introduction to Pruning

Neural Network Pruning
• Neurons & synapses 발발발발 발발발발발 발발 발발발 발발

• 발발발발발 발발발 (redundant) 발발발 발발발발 발발 발발발 발발발발발발발 발발 발발발 발발

Densely
Connected
Synapses
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MIT 6.59401. Introduction to Pruning

Neural Network Pruning

Sparse

Magnitude 발발발발
발발 weight 발발

Fine - tuning
pruned network

Smoother
distribution
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MIT 6.59401. Introduction to Pruning

Neural Network Pruning

Iteratively
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities

Dense 2D
Weight Matrix

Inputs & outputs are 
densely connected

Fine - grained

• 발발 발발발발 pruning 발발
• 발발발발 발발 발발발

(irregularity)

Coarse - grained

• Pruning 발발발 발발
• 발발발발 발발발발발발발 발발 발발

(smaller matrix 발발 )

Dense
2D matrix
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities
• Convolution Layer: [ 𝐶𝑜 , 𝐶𝑖 , 𝑘ℎ , 𝑘𝑤] 4발발 발발발발 발발발발

• 발 발발 pruning granularity 발발
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities
• Fine - grained Pruning

• Redundant weight 발 발발발발 발발 발 발발 발발발 발발발발발 발 발발

발발 발발발 발발

• 발발발 발발발발 (e.g., Efficient Inference Engine) 발발 발발 발발
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities
• Pattern - based Pruning: N:M sparsity

• M발발 발발발 발발 발 , N발발 발발발 Pruning 발발 발발

• 발발발발발 , 2:4 sparsity (50% sparsity) 발발

• NVIDIA Ampere GPU 발발 2× speed up
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities
• Pattern - based Pruning: N:M sparsity

• M발발 발발발 발발 발 , N발발 발발발 Pruning 발발 발발

• 발발발발발 , 2:4 sparsity ( 50 % sparsity) 발발

• NVIDIA Ampere GPU 발발 2× speed up
e.g., RTX GeForce 30 series, A6000 …

Metadata
(0 발발 발발발 )
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities
• Channel - level Pruning:

• Pro : 발발발발발 발발 발발 발발발 발발발 발발 발발발 발발발발 발 발발

발발발발 CPU, GPU 발발 발발 발발

• Con : 발발 발발발 발발
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MIT 6.59402. Pruning Granularity

Pruning at Different Granularities
• Channel - level Pruning:

• Pro : 발발발발발 발발 발발 발발발 발발발 발발 발발발 발발발발 발 발발

발발발발 CPU, GPU 발발 발발 발발

• Con : 발발 발발발 발발

Latency ↓
Acc. ↑
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MIT 6.59403. Pruning Criterion

Magnitude - based Pruning
• A heuristic pruning criterion

• 발 발 발발발 발 발발발 발발발발발 발 발발발발 발 발발발

• 발발 발발발 발발발발발 , 발발발 발발발발 발 발발발발 발발

• Element - wise, Row - wise 발 발발발발 발발 발발발발 , 발발발발 L1, L2 norm 발발 발발

Importance = |𝑊|
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MIT 6.59403. Pruning Criterion

Scaling - based Pruning
• Pruning criterion for filter pruning

• Convolution layer 발 발발 (i.e., output channel) 발발 scaling factor 발 발

• Scaling factor 발 발발 발발발 발발발발

• BN 발발발발 scaling factor ( γ ) 발발발 발발

발발 scaling factor
발발발 발발 발발
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MIT 6.59403. Pruning Criterion

Second - Order - based Pruning
• Minimize the error on loss function introduced by pruning synapses

• “Optimal Brain Damage” 발발발발발 loss 발 quadratic 발발발 발발 , 발발발 발 발발발

• 발발 발발발 발발발발 발발발 first- order 발발발

• 발발발 발발발발발발 발발발발발발 발발발발 , cross term 발발발
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MIT 6.59403. Pruning Criterion

Percentage - of- Zero - based Pruning
• Activation 발발 발발발발 pruning 발발 발발 (weight 발발발 발발 발발발발 발발 )

• Average Percentage of Zero activations ( APoZ )발 발발발 발발발발 발발발

• APoZ 발 발발발발 , 발 발발발 발발
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MIT 6.59403. Pruning Criterion

Regression - based Pruning
• Minimize reconstruction error of the corresponding layer’s outputs

• 발발 발발발 error발 pruning 발 발발발발 발발 , 발 발발발발 reconstruction error 발 발발발

Outer product

subject to

• Fix 𝐖, solve 𝛽 for channel selection

• Fix 𝛽, solve 𝐖 to minimize 
reconstruction error

Iterate
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MIT 6.59404. Pruning Ratio

Finding Pruning Ratios

Latency ↓
Acc. ↑

• Analyze the sensitivity of each layer

• 발발 발발발 발발 pruning ratio 발 발발발발 발발발 발 발발발발발 발발발발발 발발 발 발발 발발

• 발 발발발발 pruning 발 발발 발발 발발발발 발발발 발발

• Per- layer pruning 발 발발 sensitivity 발발
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MIT 6.59404. Pruning Ratio

Finding Pruning Ratios
• Analyze the sensitivity of each layer

• 발발발 발발 발발발발 발발 pruning rate 발 발발발발 accuracy 발 발발발발 발발발 발발

• Threshold T 발 발발발 , 발 발발발발 발발 pruning rate 발발

Less sensitive

more sensitive

Threshold T

발발발 발 발발 . 발발발 발발 발발발발발 발발발발 발발
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MIT 6.59404. Pruning Ratio

AMC: AutoML for Model C ompression
• Pruning as a reinforcement learning problem

Part of RL

• Acc. ↑ FLOPs ↓: Reward ↑
• Acc. ↓ FLOPs ↑: Reward ↓
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MIT 6.59404. Pruning Ratio

AMC: AutoML for Model C ompression
• Pruning as a reinforcement learning problem

Acc. - FLOPs curve 
≓ Log function 
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MIT 6.59405. Fine-tuning / Train Pruned Neural Network

Fine - tuning Pruned Neural Networks
• Pruning 발발 , 발발 발발발 발발발

• Fine - tuning 발 발발 accuracy 발발발 발발발발발 , pruning ratio 발 발 발발 발 발발

• Learning rate 발 발발발 발발발 1/10 or 1/100 발발발발 발발
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MIT 6.59405. Fine-tuning / Train Pruned Neural Network

Iterative Pruning
• 발 발발 발 pruning ratio 발 발발발발 발발발 , pruning - training 발발발발 발발 발 accuracy 발 발

발 발발발발발발 발 발발 pruning ratio 발 발발발 발 발발
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MIT 6.5940Appendix

Magnitude - based Pruning with PyTorch
• Dataset: CIFAR10 |    Model: VGGNet

Dense Model

Top - 1 Accuracy: 92.31 %
Model size: 35.20 MB
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MIT 6.5940Appendix

Magnitude - based Pruning with PyTorch
• Dataset: CIFAR10 |    Model: VGGNet

70 % Sparse Model

Top - 1 Accuracy: 75.47 %  ⇨ - 16.84% 
Model size: 10.58 MB  ⇨ 3.33 × smaller
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MIT 6.5940Appendix

Magnitude - based Pruning with PyTorch
• Dataset: CIFAR10 |    Model: VGGNet

Fine - tuned Pruned Model

Top - 1 Accuracy: 92.79 %  ⇨ +0.48% 
Model size: 10.58 MB  ⇨ 3.33 × smaller
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MIT 6.5940Appendix

Magnitude - based Pruning with PyTorch
• Dataset: CIFAR10 |    Model: VGGNet

90 % Sparse Model

Top - 1 Accuracy: 15.56 %  ⇨ - 76.75% 
Model size: 3.54 MB  ⇨ 9.95 × smaller
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MIT 6.5940Appendix

Magnitude - based Pruning with PyTorch
• Dataset: CIFAR10 |    Model: VGGNet

Fine - tuned Pruned Model

Top - 1 Accuracy: 91.53 %  ⇨ - 0.78% 
Model size: 3.54 MB  ⇨ 9.95 × smaller
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Thank You
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