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Model Compression and Acceleration 

Tian Sheuan Chang 
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Models Are Getting Larger 
IMAGE RECOGNITION SPEECH RECOGNITION 

2012  
AlexNet  

2015  
ResNet  

152 layers 

22.6 GFLOP 
~3.5%  err or 

8 layers 

1.4 GFLOP 
~16% Err or 

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, NIPSô2016 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 

ÅReal time execution ÅPower 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 
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Outline 

Dynamic 
execution Execution 

based on 
input 

SBNet 

SGAD 

Dynamic channel 
pruning 

7 
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PRUNING: FEWER WEIGHTS  

MODEL MODEL  

8 
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Pruning 

ÅConcept: Not all weights are created equal importance 

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPSô15 
9 
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Pruning  

ÅPrune unimportance weight 

ïMagnitude based method 

ïIf (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 

ÅIterative pruning 

ïbetter pruning rate than direct pruning for AlexNet  

13 
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Pruning: pruning procedure 

ÅFree lunch: 2x wo 

retrain 

Å9x w retrain 

ÅL1 or L2 regularization 

ïL1 results in more zeros 

ïL2 + pruning+ retrain is 

better  

ÅNo benefit to push more 

zeros   

ïBest: L2+ iterative prune 

+ retrain 

14 

ᶙȲשּׁ И ⌠  
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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  

Fully convolutional network 
FC  
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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 

Å Original: a basketball player in a white uniform is 

playing with a ball 

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

playing with a basketball 

Å 

Å 

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 

Å 

Å 

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 

ÅWith regularization 

ÅCost = 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 sparsity  
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Pruning: Regular Sparsity for HW Load 

Balance 
ÅSort the L1 norm of 

that granularity 

ïDiscard if smaller 

ïE.g. target 30% sparsity 

ïDiscard smallest 70% 

23 

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

Models 
ÅTraining a pruned 

model from scratch 

performs worse 

ÅThreshold criteria 

ïL1 norm is better 

than L2 norm 

ïPrune 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 

ÅL1 norm penalty for sparsity 

ÅScaling factor combined with BN 

to select pruned channels 

 

27 
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Layer Pruning 

ÅShortcuts 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 
ÅPrune once prior to training  

ïconnection sensitivity as the normalized magnitude of the derivatives 

ïmeasure 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 

ÅFine-tuning is not useful 
ïcomparable or even worse performance than training that model with 

randomly initialized weights 

ÅTarget architecture matters 
ïNo need for pruning for predefined target network architecture 

ïDirectly train the target network from scratch 

Å3 implications 
ïlarge, over-parameterized model is not necessary for efficient final model 

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

ïPruned architecture, instead of weights, is more important 

ï(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 

ÅWhich one is better for small model 

ïPruning + fine-tuned v.s. training from scratch 

 

ÅFactors 

ïPruning method 

ÅStructured v.s. non-structured 

ïTraining time 

35 

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

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

ÅScratch-E: same training time 

ÅThe Pruned Model : the list of predefined target models 

36 

Source: Rethinking the Value of Network Pruning 

model  
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ThiNet 

 

37 channel channel  
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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. 

model  
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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.  

model  
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Fine Tuned v.s. Training from Scratch 

 

40 

Source: Rethinking the Value of Network Pruning 
model  
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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.  



N C T U . E E , Hsinchu, Taiwan 

V
L
S

I S
ig

n
a

l P
ro

c
e

s
s
in

g
 L

a
b

.
 

 

42 

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

ÅWhich one is better for small model 

ïPruning + fine-tuned v.s. training from scratch 

 

ÅFactors 

ïtraining from scratch is better  

ÅDifferent pruning methods have the same trend 

ÅStructured v.s. non-structured 

ï2X training time is better 

 

43 

Source: Rethinking the Value of Network Pruning 

model  
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Network Pruning as Architecture Search 
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Source: Rethinking the Value of Network Pruning 
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Generalizable Design Principles from 

Pruned Architectures 

45 

Source: Rethinking the Value of Network Pruning 

model sparse (
avg channel ) dataset  
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Pruning or Not Pruning (Small Models) 

ÅTraining predefined target models 

ïHigher accuracy 

ïFaster training 

ïNo need to implement pruning criteria and procedure  

ïNo need to tune hyper parameter in the pruning procedure 

ÅPruning works 

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

budget is available 

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

train a large model and then prune it by different ratios 
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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  

Åiteratively 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 

ÅFLOPs and model size are bilinear in the number of inputs and 

outputs of that layer 

 

 

ïFLOPS 

ïModel size 

ïAfter pruning, indicate which neuron is zero 

 

 

ïTotal constrained quality 

 

 50 

input output Filter size 

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

ÅSimilar to network slimming, use   ̞in BN for channel pruning 

51 
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MorphNet: Preserving Network Topology 

ÅInput of residual block is the sum of multiple layers 

ïSeparated regularization results in topology change due to different 

sparsity in different layers 

ïGroup all neurons tied in skip connection via a Group LASSO 

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

52 
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MorphNet 

ÅInception 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 8-BIT 4-BIT  

57 
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Quantization 

Å32-bit float to lower precision 

ÅQuantization tool in Tensorflow (internal 8-bit quantization) 

ïhttps://www.tensorflow.org/performance/quantization 

ïOptimized 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 

ÅConcept 

ïINT8 model encodes the same information as the original FP32 model 

ÅMeasure loss of information by KL divergence 

ïP, Q - two discrete probability distributions. 

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

ïIntuition: 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 
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Deep Compression 
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Weight Sharing: One form of Quantization 

ÅUse 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 

 

ÅIn-frequent weights: use more bits to represent 

ÅFrequent weights: use fewer bits to represent 
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How Many Bits Are Needed? 
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Deep Compression: Results (Pruning + 

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

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

ï1GB network (250M weights) becomes 20-30 MB 

 

ÅMemory bandwidth reduced by 30-50X 

ïParticular for FC layers in real application with no reuse 

 

ÅMemory working set fits in on-chip SRAM 

ï5pj/word access v.s 640 ps/word 
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Quantize Weight and 

Activation 
ÅTrain with float 

ÅQuantizing the weight and 
activation: 

ÅGather the statistics for 
weight and activation 

ÅChoose proper radix point 
position 

ÅFine-tune in float format 

ÅConvert to fixed-point format 

 

 

Qiu et al.  Going Deeper with Embedded FPGA Platform for Convolutional Neural Network, FPGAô16 
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Dynamic precision data quantization results  

 

Qiu et al.  Going Deeper with Embedded FPGA Platform for Convolutional Neural Network, FPGAô16 
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Highly Accurate Deep Learning Inference 

with 2-bit Precision 
ÅCurrent quantization limited by ReLU 

ïrelies on high dynamic range and precision to capture the unbounded 

continuous range of activation values 

ÅPArameterized Clipping acTivation (PACT) 

ïa maximum activation value is automatically derived for the unlimited 

range of activation values as part of the model training itself 

 

78 
ACCURATE AND EFFICIENT 2-BIT QUANTIZED NEURAL NETWORKS 
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BINARIZATION  AND TERNARIZATION  

: +/-1  +/-1, 0 

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

ÅChallenge 
ïRun DNN on low power devices 

ïSpeedup DNNs at run-time 

 

ÅMain computational bottleneck 
ïMultiply-Accumulate (MAC) operation at matrix 

vector products 

 

ÅSolution 
ïBinary/ternary weights and activations to +/-1 or 0 

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

ÅBinary: +1 / -1 

ÅTernary: +1 / 0/ -1 

ÅBinary/ternary neural network 

ïQuantize weight or activation to binary or ternary value 

ïTernary value is better due to better representation 
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Recent Results 

ÅComparison on ImageNet with AlexNet 

ÅFor 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 

85 



N C T U . E E , Hsinchu, Taiwan 

V
L
S

I S
ig

n
a

l P
ro

c
e

s
s
in

g
 L

a
b

.
 

BNN on ResNet (Open Source on MxNet) 

ÅBMXNet 

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 

ÅBinary gradient as well 
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Binarized Neural Networks 

ÅTraining algorithm 

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


