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Model Compression and Acceleration 

Tian Sheuan Chang 
張添烜 
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Models Are Getting Larger 
IMAGE RECOGNITION SPEECH RECOGNITION 

2012 
AlexNet 

2015 
ResNet 

152 layers 

22.6 GFLOP 
~3.5%  error 

8 layers 

1.4 GFLOP 
~16% Error 

16X 
Model 

2014 
Deep Speech 1 

2015 
Deep Speech 2 

80 GFLOP 
7,000 hrs of Data 

~8% Error 

10X 
Training Ops 

465 GFLOP 

12,000 hrs of Data 
~5% Error 

Dally, NIPS’2016 workshop on Efficient Methods for Deep Neural Networks 
2 
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DL Models Are Getting Larger and More 

Complex 

https://culurciello.github.io/tech/2016/06/04/nets.html 3 

https://culurciello.github.io/tech/2016/06/04/nets.html
https://culurciello.github.io/tech/2016/06/04/nets.html
https://culurciello.github.io/tech/2016/06/04/nets.html
https://culurciello.github.io/tech/2016/06/04/nets.html
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Challenges of Large Model Size 

• Real time execution • Power consumption 

4 
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Where is the Energy Consumed? 

1 = 1000 

Operation Energy [pJ] 

32 bit int ADD 32 
bit float ADD 
32 bit Register File 32 
bit int MULT 32 bit 
float MULT 
32 bit SRAM Cache 

0.1 
0.9 
1 
3.1 
3.7 

5 

Relative Energy Cost 

1 10 100 1000 10000 

larger model => more memory reference => more energy 

This image is in the public domain 

how to make deep learning more efficient? 
5 
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Outline 

Static 
model 
acceleration 

Smaller: fewer weights Pruning: weights, vector, filter, channel 

Lower: quantization - from full 
precision to binary precision 

Low precision, weight sharing 

Ternary and binary weights 

Ternary and binary weights+activations 

Less computation Low rank approximation 

Winograd transformation 

Faster: low complexity 
architecture 

Squeezenet 

Mobilenet 

Shufflenet 

6 

原理:神經網路具有高容錯性與可塑性 
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Outline 

Dynamic 
execution Execution 

based on 
input 

SBNet 

SGAD 

Dynamic channel 
pruning 

7 
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PRUNING: FEWER WEIGHTS 

從既有MODEL開始，先把MODEL 縮小一點 

8 
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Pruning 

• Concept: Not all weights are created equal importance 

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS’15 
9 
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Pruning  

• Prune unimportance weight 

– Magnitude based method 

– If (w < threshold) w = 0; 

 

10x less connections 

60 Million 

6M 

-0.01x2 +x+1 

10 
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Iteratively Retrain to Recover Accuracy 

 

12 
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Pruning: pruning procedure 

• Iterative pruning 

– better pruning rate than direct pruning for AlexNet  

13 
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Pruning: pruning procedure 

• Free lunch: 2x wo 

retrain 

• 9x w retrain 

• L1 or L2 regularization 

– L1 results in more zeros 

– L2 + pruning+ retrain is 

better  

• No benefit to push more 

zeros   

– Best: L2+ iterative prune 

+ retrain 

14 

砍完，重新訓練才能恢復準確率 
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Pruning: Sensitivity 

 

15 
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Pruning Changes Weight Distribution 

Before Pruning After Pruning After Retraining 

Conv5 layer of Alexnet. Representative for other network layers as well. 16 
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Pruning: Results 

 

17 

FC 層權重數量太多 

Fully convolutional network 
FC 層權重數量少 
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18 

Weight in FC layer can be very sparse 

Nonzero computation = 0.4*0.4=0.16 
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19 

ResNet-50 reduces the number of weights by 3.4X and 
computation by 6.25X 
1. Bypass changes the activation sparsity due to add operation 
2. FC layer in ResNet is global average pooling, no reduction in 

activation 
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Pruning: RNN and LSTM 

 

20 
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Pruning: Effect on RNN and LSTM 

• Original: a basketball player in a white uniform is 

playing with a ball 

• Pruned 90%: a basketball player in a white uniform is 

playing with a basketball 

• 

• 

Original : a soccer player in red is running in the field 

Pruned 95%: a man in a red shirt and black and white 

black shirt is running through a field 

• 

• 

Original : a man is riding a surfboard on a wave 

Pruned 90%: a man in a wetsuit is riding a wave on a 

beach 

95% 

90% 

90% 

21 
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Learning Structured Sparsity in Deep 

Neural Networks 

• With regularization 

• Cost = data loss + 

structured regularizer + 

nonstructured 

regularizer   

22 

Learning Structured Sparsity in Deep Neural Networks 

DNNs require a very high non-structured sparsity to achieve a reasonable 
speedup (The speedups are even negative when the sparsity is low). SSL, 
however, can always achieve positive speedups 

Fine grained 需要比較高的sparsity，才有加速效果 
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Pruning: Regular Sparsity for HW Load 

Balance 
• Sort the L1 norm of 

that granularity 

– Discard if smaller 

– E.g. target 30% sparsity 

– Discard smallest 70% 

23 

Exploring the Regularity of Sparse Structure in Convolutional Neural Networks 
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Pruning: Filter Pruning Result on Recent 

Models 
• Training a pruned 

model from scratch 

performs worse 

• Threshold criteria 

– L1 norm is better 

than L2 norm 

– Prune smallest 

better than random 

or largest 

25 

PRUNING FILTERS FOR EFFICIENT CONVNETS 

ResNet-56-pruned-A  pruning 10% filters while skipping the sensitive layers 16, 20, 38 and 54 
ResNet-56-pruned-B skips more layers (16, 18, 20, 34, 38, 54) and prunes layers with p1=60%, p2=30% and p3=10%.  
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Network Slimming: BN Scaling Factors 

Channel Sparsity to Channel Pruning 

26 

Learning Efficient Convolutional Networks through Network Slimming 
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Channel Sparsity to Channel Pruning 

• L1 norm penalty for sparsity 

• Scaling factor combined with BN 

to select pruned channels 

 

27 
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Layer Pruning 

• Shortcuts to avoid cuting off the message propagation in the DNN    

29 

Learning Structured Sparsity in Deep Neural Networks 
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Single Shot Network Pruning Based on 

Connection Sensitivity 
• Prune once prior to training 先砍完再訓練，節省時間 

– connection sensitivity as the normalized magnitude of the derivatives 

– measure the sensitivity as to how much influence elements have on the loss 

function regardless of whether it is positive or negative. This criterion alleviates 

the dependency on the value of the loss, eliminating the need for pre-training 

30 
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PRUNING AND ARCHITECTURE SEARCH 

32 
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Rethinking the Value of Network Pruning 

• Fine-tuning is not useful 
– comparable or even worse performance than training that model with 

randomly initialized weights 

• Target architecture matters 
– No need for pruning for predefined target network architecture 

– Directly train the target network from scratch 

• 3 implications 
– large, over-parameterized model is not necessary for efficient final model 

– learned "important" weights of the large model are not necessarily useful 
for the small pruned model 

– Pruned architecture, instead of weights, is more important 

– (Pruning as a network architecture search) 

 33 

Source: Rethinking the Value of Network Pruning 
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34 

Network slimming [Liu2017] 
Sparse structure selection [Huang, 2018] 
Non-structured weight pruning [Han, 2015] 

L1-norm based channel pruning[Li, 2017] 
ThiNet[Luo, 2017] 
Regression based feature reconstruction[He, 2017] 

Source: Rethinking the Value of Network Pruning 
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Fine Tuned v.s. Training from Scratch 

• Which one is better for small model 

– Pruning + fine-tuned v.s. training from scratch 

 

• Factors 

– Pruning method 

• Structured v.s. non-structured 

– Training time 

35 

Source: Rethinking the Value of Network Pruning 
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Fine Tuned v.s. Training from Scratch 

• Scratch-B: longer training time (50% cut, 2X training time) 

• Scratch-E: same training time 

• The Pruned Model : the list of predefined target models 

36 

Source: Rethinking the Value of Network Pruning 

直接用小model，從頭訓練，拉長訓練時間，效果比較好 
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ThiNet 

 

37 用少部分的channel 去近似原來更多channel 的結果 
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38 

Source: Rethinking the Value of Network Pruning 

Small model 

Small model 

both Scratch-E and Scratch-B can almost always achieve better performance 
than the fine-tuned model, often by a significant margin. 

直接用小model，從頭訓練，拉長訓練時間，效果比較好 
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Fine Tuned v.s. Training from Scratch 

 

39 

Source: Rethinking the Value of Network Pruning 

Regression based Feature Reconstruction (He et al., 2017b) prunes channels by minimizing the feature map reconstruction 
error of the next layer. Different from ThiNet (Luo et al., 2017), this optimization problem is solved by LASSO regression.  

直接用小model，從頭訓練，拉長訓練時間，效果比較好 
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Fine Tuned v.s. Training from Scratch 

 

40 

Source: Rethinking the Value of Network Pruning 
直接用小model，從頭訓練，拉長訓練時間，效果比較好 
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Fine Tuned v.s. Training from Scratch 

 

41 

Source: Rethinking the Value of Network Pruning 

Sparse Structure Selection (Huang & Wang, 2018) also uses sparsified scaling factors to prune structures, and can be 
seen as a generalization of Network Slimming. Other than channels, pruning can be on residual blocks in ResNet or 
groups in ResNeXt.  
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Source: Rethinking the Value of Network Pruning 
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Fine Tuned v.s. Training from Scratch 

• Which one is better for small model 

– Pruning + fine-tuned v.s. training from scratch 

 

• Factors 

– training from scratch is better  

• Different pruning methods have the same trend 

• Structured v.s. non-structured 

– 2X training time is better 

 

43 

Source: Rethinking the Value of Network Pruning 

直接用小model，從頭訓練，拉長訓練時間，效果比較好 
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Network Pruning as Architecture Search 

 

44 

Source: Rethinking the Value of Network Pruning 
不要均勻砍，效果比較好 
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Generalizable Design Principles from 

Pruned Architectures 

45 

Source: Rethinking the Value of Network Pruning 

用小model學到的sparse架構，去設計新的架構(套用相同的
avg channel 數等)看效果如何，並給其它架構和dataset使用 
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Pruning or Not Pruning (Small Models) 

• Training predefined target models 

– Higher accuracy 

– Faster training 

– No need to implement pruning criteria and procedure  

– No need to tune hyper parameter in the pruning procedure 

• Pruning works 

– When a pre-trained large model is already given and little or no training 

budget is available 

– need to obtain multiple models of different sizes, in this situation one can 

train a large model and then prune it by different ratios 

 

46 

Source: Rethinking the Value of Network Pruning 
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CONSTRAINED BASED PRUNING 

47 
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MorphNet: Constrained based Pruning 

 

48 

input 

output 
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MorphNet: only optimize over output widths  

• iteratively alternating between a sparsifying regularizer and a 

uniform width multiplier 

49 

Shrinking: 
    a sparsifying regularizer 
    w < 1, uniform width multiplier  

Expanind: w > 1  
        uniform width multiplier 
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MorphNet: Constraints 

• FLOPs and model size are bilinear in the number of inputs and 

outputs of that layer 

 

 

– FLOPS 

– Model size 

– After pruning, indicate which neuron is zero 

 

 

– Total constrained quality 

 

 50 

input output Filter size 

A, B: number of alived channels in a layer 
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MorphNet: Regularization 

• Similar to network slimming, use  γ in BN for channel pruning 

51 
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MorphNet: Preserving Network Topology 

• Input of residual block is the sum of multiple layers 

– Separated regularization results in topology change due to different 

sparsity in different layers 

– Group all neurons tied in skip connection via a Group LASSO 

• j-th output of L1 will be grouped with the j-th output of L2 

52 
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MorphNet 

• Inception V2 on ImageNet 

53 
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MorphNet: Improved Performance at No Cost 

 

55 
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Improved Performance at No Cost 
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WEIGHT QUANTIZATION 

32BIT浮點到8-BIT或4-BIT 

57 
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Quantization 

• 32-bit float to lower precision 

• Quantization tool in Tensorflow (internal 8-bit quantization) 

– https://www.tensorflow.org/performance/quantization 

– Optimized matrix multiplications  gemmlowp 

 

 

58 

https://www.tensorflow.org/performance/quantization
https://www.tensorflow.org/performance/quantization
https://github.com/google/gemmlowp
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remove unnecessary conversions to and from float 
 for consecutive seq 

59 
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Nvidia TensorRT Quantization 

• Concept 

– INT8 model encodes the same information as the original FP32 model 

• Measure loss of information by KL divergence 

– P, Q - two discrete probability distributions. 

– KL_divergence(P,Q):= SUM(P[i] * log(P[i] / Q[i] ), i) 

– Intuition: KL divergence measures the amount of information lost when 

approximating a given encoding 

60 

http://on-demand.gputechconf.com/gtc/2017/presentation/s7310-8-bit-inference-with-tensorrt.pdf 
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Solution: Calibration 

 

61 
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Deep Compression 
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Weight Sharing: One form of Quantization 

• Use K-Means to cluster 

weight and take the 

centroid 

2.0 

2.09, 2.12, 1.92, 1.87 

66 
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Trained Quantization Changes Weight 

Distribution 
 

67 
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Huffman Coding 

 

• In-frequent weights: use more bits to represent 

• Frequent weights: use fewer bits to represent 

68 
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How Many Bits Are Needed? 

 

69 
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Deep Compression: Results (Pruning + 

Weight Sharing + Huffman Coding) 
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Meaning for 30x to 50X compression 

• Complex DNNs can be put in mobile applications (<100MB total) 

– 1GB network (250M weights) becomes 20-30 MB 

 

• Memory bandwidth reduced by 30-50X 

– Particular for FC layers in real application with no reuse 

 

• Memory working set fits in on-chip SRAM 

– 5pj/word access v.s 640 ps/word 

73 
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Quantize Weight and 

Activation 
• Train with float 

• Quantizing the weight and 
activation: 

• Gather the statistics for 
weight and activation 

• Choose proper radix point 
position 

• Fine-tune in float format 

• Convert to fixed-point format 

 

 

Qiu et al.  Going Deeper with Embedded FPGA Platform for Convolutional Neural Network, FPGA’16 
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Dynamic precision data quantization results  

 

Qiu et al.  Going Deeper with Embedded FPGA Platform for Convolutional Neural Network, FPGA’16 
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Highly Accurate Deep Learning Inference 

with 2-bit Precision 
• Current quantization limited by ReLU 

– relies on high dynamic range and precision to capture the unbounded 

continuous range of activation values 

• PArameterized Clipping acTivation (PACT) 

– a maximum activation value is automatically derived for the unlimited 

range of activation values as part of the model training itself 
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BINARIZATION AND TERNARIZATION 

量化極致版: 只用+/-1 或 +/-1, 0 

FOR WEIGHT AND ACTIVATION 
81 
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Motivation for Binary/Ternary Neural Networks 

• Challenge 
– Run DNN on low power devices 

– Speedup DNNs at run-time 

 

• Main computational bottleneck 
– Multiply-Accumulate (MAC) operation at matrix 

vector products 

 

• Solution 
– Binary/ternary weights and activations to +/-1 or 0 

– Expensive MAC => cheap XNOR + PopCount 
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Binary/Ternary Neural Network 

• Binary: +1 / -1 

• Ternary: +1 / 0/ -1 

• Binary/ternary neural network 

– Quantize weight or activation to binary or ternary value 

– Ternary value is better due to better representation 
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Recent Results 

• Comparison on ImageNet with AlexNet 

• For binary/ternary, the first and last layer are still full precision 

Source: Efficient Processing of Deep Neural Networks: A Tutorial and Survey 84 
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Binarized Neural Network 
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BNN on ResNet (Open Source on MxNet) 

• BMXNet 

86 

A single assembly command to support popcount in x86 and ARM v7 
Leverage processor cache hierarchies by blocking and packing the 
data, use unrolling techniques and OpenMP for parallelization 
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Gated XNOR Network 

• Binary gradient as well 
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Binarized Neural Networks 

• Training algorithm 

Binarized Neural Networks: Training Neural Networks with 
Weights and Activations Constrained to +1 or -1 88 
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Binarized Neural Networks: Training 

• Binarization: stochastic or deterministic 

– Almost the same accuracy 

• Weights in two types  

– full precision: backward pass  

– Binary: forward pass (binarized version of full precision weight) 

• Gradient estimator for discrete cost 

– Straight through estimator 

Binarized Neural Networks: Training Neural Networks with 
Weights and Activations Constrained to +1 or -1 89 
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How to Train BNN with High Accuracy 

• Learning rate 

– Full precision: start from 0.01 or 0.05 with BN 

• Too large for BNN, resulting in learning curve fluctuation due to sign change 

– BNN: 0.0001 

• Scale factor 

– XNOR-net adopts a real value scale factor during binarization 

• Too complex and inefficient 

– Use PReLU instead 

• Move scale factors of weight to activation function 

• Regularizer 

– Move weight to +/-1 instead of 0 

 91 

How to Train a Compact Binary Neural Network with High Accuracy 

binarization 
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• Last layer 

– binarization could lead to significant accuracy drop 

• No binarization is usually adopted 

– Add a learnable scale layer after this final binarized layer  

• Initialized to 0.001,  

• before sending results to softmax function 
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Incremental Network Quantization 

• Method 

– weight partition, group-wise quantization, re-training. 
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Incremental Network Quantization 
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Incremental Network Quantization 

• On imageNet 
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Binary Ensemble Neural Network: More 

Bits per Network or More Networks per Bit? 
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WRPN: Wide Reduced-Precision Networks 
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Regularizing Activation Distribution for 

Training Binarized Deep Networks 
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LOW RANK APPROXIMATION 
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Low Rank Approximation 

Zhang et al Efficient and Accurate Approximations of Nonlinear Convolutional Networks CVPR’15 
106 
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Zhang et al Efficient and Accurate Approximations of Nonlinear Convolutional Networks CVPR’15 
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On Compressing Deep Models by Low 

Rank and Sparse Decomposition 
• Observations 

– weight filters tend to be both low-rank and sparse 

– weight filters usually share smooth components in a low-rank subspace, 

and also remember some important information represented by weights 

that are sparsely scattered outside the low-rank subspace.  

– The resulting feature maps also contain the smooth components [30] and 

the spiky changes that represent the uniqueness of each feature 

• Proposed 

– unified framework integrating the low-rank and sparse decomposition of 

weight matrices with the feature map reconstructions 

– greedy bilateral decomposition (GreBdec) for deep model compression 
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WINOGRAD TRANSFORMATION 
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Convolution 
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Shmuel Winograd (Winograd FFTs) 

Fast algorithms for convolutional neural networks 
115 
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Winograd Convolution 
• Winograd’s minimal filtering algorithm for small filter sizes (3x3) 

– computing m outputs with an r-tap FIR filter, which we call F(m, r), 

requires μ(F(m, r)) = m + r − 1 multiplications  

– minimal 2D algorithms: for computing m × n outputs with an r × s filter, 

which we call F(m × n, r × s). These require μ(F(m × n, r × s)) = μ(F(m, 

r))μ(F(n, s)) = (m + r − 1)(n + s − 1) 

 4 mul v.s. 6 mul 

F(2×2, 3×3) uses 4×4 = 16 multiplications 

standard algorithm uses 2 × 2 × 3 × 3 = 36 

an arithmetic complexity reduction of 36/16 = 2.25 

Fast algorithms for convolutional neural networks 
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Winograd Convolution 
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Winograd Convolution v.s. Sparse 
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Winograd Convolution + Sparse 
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• Pruned Winograd-

transformed 

weights 

• Moving ReLU to 

the Winograd 

domain  
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Winograd Convolution + Sparse 
pruned to 40% density without significant (> 0:1%) loss of accuracy 

overall activation density of 41:1% compared to 36:9% density for the spatial activations 121 
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LOW COMPLEXITY OR COMPACT 

MODEL FROM SCRATCH 

122 



N C T U . E E , Hsinchu, Taiwan 

V
L

S
I S

ig
n

al P
ro

cessin
g
 L

ab
. 

Problem of Sparse CNN 

• Irregular weight and activation distribution 

– Bad for modern SIMD computation and cache architecture 

• Solution 

– Structure sparsity as shown before 

– Transfer learning: teacher student model 

– Compact architecture from scratch 
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Compact models 

• Low complexity layers with 1x1 for channel compression 

– Squeezenet: fewer parameters 

• Group convolution on channels based method 

– ResneXT 

• Separable convolution: depthwise + 1x1 (group or not) 

– Mobilenet v1/v2 

– Xception 

– shufflenet v1/v2 
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Input size Input 
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SqueezeNet 

• Strategy 

– Replace 3x3 filters with 1x1 filters: 9x fewer parameters 

• make the majority of these filters 1x1 

– Decrease the number of input channels to 3x3 filters 

• total quantity of parameters in this layer is (number of input channels) * (number of 

filters) * (3*3) 

– Downsample late in the network 

• large activation maps (due to delayed downsampling) can lead to higher classification 

accuracy 

Iandola et al,  “SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and <0.5MB model size”, arXiv 2016 
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Input 

 
64 

1x1 Conv 

Squeeze 

16 

1x1 Conv 

Expand 

3x3 Conv 

Expand 

64 64 

Output 

Concat/Eltwise 
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Iandola et al,  “SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and <0.5MB model size”, arXiv 2016 

129 
with simple bypass  with complex bypass  
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Sqeezenet 

• Good compression, but still needs a lot of computation 

– MAC 861M ~= AlexNet 

Iandola et al,  “SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and <0.5MB model size”, arXiv 2016 
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MobileNet 

• M: input depth, N: output depth, Dk: 

kernel size, DF: input feature size 

• Standard convolution 

– 2D + depth 

• MobileNet: 2D (per depth) => all 

depth 

– Depthwise separable convolution + 

– Concatenate output 

– 1x1 convolution (pointwise convolution) 
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MobileNet 
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MobileNet:  

• Width Multiplier: Thinner Models 

• Resolution Multiplier: Reduced Representation 

• Both have Quadratic effect 
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MobileNet: Results 

Tall and thin model is better 

1/7 fewer parameters 
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MobileNet: Results 
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Knowledge Distillation from Large model to 

Small Model 
• Concept: Use a small student model to learn a large teacher 

model 

– Learn the score instead of 

final class  

Source: Hardware Architectures for Deep Neural Networks 
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• MobileNet Example 
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Xception: Inception with Depthwise 

Convolution 
 

Xception: Deep Learning with Depthwise Separable Convolutions 
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Xception 

• No intermediate ReLU for depthwise convolution gets better 

results 
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ResNeXt: ResNet (Group Conv. Version) 

 
Grouped convolutions 
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ShuffleNet 

• Problem of mobilenet: expensive pointwise (1x1) convolution 

– Concept: channel sparsity 

– 1st Approach: pointwise group convolution 

– Side effect: how to get features across group 

– 2nd Approach: channel shuffle 

• Strategy 

– 1x1 convolution => group convolution 
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ShuffleNet 

• divide the channels in each group into several subgroups, then 

• feed each group in the next layer with different subgroups 
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ShuffleNet 
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ShuffleNet 
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Importance of Pointwise Group 

Convolutions 
• Scale factor s on channel number 

• Smaller models tend to benefit more from groups 

• Arch2: remove two units in stages 3 and widen each feature map. 

Xception-like 
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ShuffleNet 
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How Group Convolution Saves Parameters 

• Standard convolution 

– Parameters number Nin*Nout*k*k ~=N2*k2 

• Divide channel into g group 

– Parameter number (N/g)2*g*k2 
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EffeNet 
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EffNet: Observations 

• Not adopted due to performance loss 

– Group convolutions 

– Strides and pooling prone to aliasing 

– Residual connections (only beneficial in deeper networks) 

• Adopted 

– Bottleneck factor of two (larger factor hurts) 

– Separable convolution 

– Early 2x1 pooling  

– EffNet in the first layer as well 

• Save 30% complexity of that layer 
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Problems of MobileNet v1 & Why 

MobileNet v2 
MobileNet v1 

• Structure 
– Structure is too simple like VGG, low c/p ratio (performance v.s. 

parameters) 

– Move to better one like ResNet, DenseNet 

• Potential problems of depth wise convolution 
– Easy to be degenerated due to smaller kernel dimension and ReLU 

MobileNet v2 

• Inverted residual 
– Short connection + wide middle layer 

• Linear bottleneck 
– Reduce effect of ReLU (ReLU is not good for depthwise convolution_ 
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• inverted residual with linear bottleneck 

– inverted residual structure where the shortcut connections are between 

the thin bottleneck 

– intermediate expansion layer uses lightweight depthwise convolution 

– Remove nonlinearitis in the narrow layer to keep representation power 
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Expressness v.s. Capacity 

 

 

 

 

 

• Inverted residual allows separation of expressness and capacity 

– t=0, shortcut 

– t<1, classical residual 

– t>1, inverted residual, the most useful  
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Expressness 
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MobileNet v2 

• Inverted residual 
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Shift: A Zero FLOP, Zero Parameter 

Alternative to Spatial Convolutions 
• Followed by a 1x1 convolution for shift 
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ShuffleNet v2 

• accuracy, speed and 

FLOPs 

• Metrics for complexity 

– Indirect: FLOPS 

– Direct: execution time/ 

speed/ latency 

– Same flops but 

different speed 
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• Metrics for complexity 
– Indirect: FLOPS 

– Direct: execution time/ speed/ latency 

– Same flops different speed 
• CUDNN specially optimized for 3x3 

• We cannot certainly think that 3x3 conv is 9 times slower than 1x1 conv 

• What missed 
– Memory access cost 

• Significant part in low complexity layer: Group convolution 

• Bottleneck for strong computing devices, eg. GPU 

– Degree of parallelism 
• Layers with high parallelism run faster than one with low parallelism 
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Four Guideline for Network Designs 

• G1: Equal channel width minimizes memory access cost 

– Assume depthwise conv + 1x1 

– Focus on channel no. of 1x1 convolution (account for most of the 

complexity) 
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卷積層的輸入輸出特徵通道數對MAC指標的影響。結論是卷積層的輸入和輸出特
徵通道數相等時MAC最小，此時模型速度最快 
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• FLOPS 

– 1x1, B = hwc1c2 

• MAC (memory access cost) 

– MAC = feature map + kernel = hw(c1+c2) + c1c2 

• By mean value theorem 

 

– Substitue MAC and B to above equation, get（c1-c2）^2>=0 

• C1 = C2 is the lower bound 

– C1: c2 = 1: 1 has the lowest execution time 
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• G2) Excessive group convolution increases MAC. 

 

 

 

 

• MAC increases with the growth of g if others fixed 
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在B不變時，g越大，MAC也越大 



N C T U . E E , Hsinchu, Taiwan 

V
L

S
I S

ig
n

al P
ro

cessin
g
 L

ab
. 

• C = c1 + c2 

• Same flops 
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卷積的group操作對MAC的影響。結論是過多的group操作會
增大MAC，從而使模型速度變慢 
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• G3) Network fragmentation reduces degree of parallelism. 
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關於模型設計的分支數量對模型速度的影響。結論是模型
中的分支數量越少，模型速度越快。 
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• G4) Element-wise operations are non-negligible 

– Depthwise conv is regarded as element wise operation (low FLOPs but 

high MAC). 
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Some discussions 

• Shuffnet v1 

– Heavily depends on group convolutions (against G2) 

– And bottleneck like blocks (against G1) 

• MobileNet v2 

– Inverted bottleneck (against G1) 

– Depthwise and ReLUs on thick feature maps (against G4) 

• Nasnet 

– Fragmented structure (against G3) 
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ShuffleNet v2 
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MobileNetV3 
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• MobileNet v1 
– Depthwise separable conv 

• MobileNet v2 
– linear bottleneck  

– inverted residual structure 

• MNasNet 
– lightweight attention modules based on squeeze and excitation into the 

bottleneck structure. 

• MobileNet v3 
– Combination  

– Modifed swish (hard sigmoid) 
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Sparse Networks from Scratch: Faster 

Training without Losing Performance 
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DYNAMIC EXECUTION BASED ON INPUT 
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Concept 

• Skip invalid input and its computations 

– LiDAR for traffic detection 

– Skip objects outside the road 

 

• Not all input are created equal 

– Easy input just needs simpler architecture 
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SBNet 
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To exploit sparsity in the activations of CNNs, SBNet 
first converts a computation mask to a tile index list. 

Gather along batch dim 
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SGAD: Soft-Guided Adaptively-Dropped 

Neural Network 
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• SGNet 

– Indicate the difficulty of classification (~ softmax output) 

 

 

 

• BMNet: binary mask to indicate to skip block 

– Regularizer loss 
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Average drop ratio in a batch 

Expected drop ratio  for a input 
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• Smax: allowed maximum drop ratio 

• SGNet can be removed and only the BMNet and the ResNet are 

needed after training. 
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Dropping ratio relate to Magnitude of Grad. 
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Dynamic Channel Pruning 
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Summary 

• Fancy pruning methods do not contribute a lot 

• Learning based pruning is the trend 

– Add constraints as a regularization term 

• Fine tuning or not 

– Training from scratch with longer training time achieve similar or better 

results 

• Learned dynamic execution based on input 
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