
Algorithmic Intelligence Lab

Algorithmic Intelligence Lab

EE807: Recent Advances in Deep Learning

Lecture 16

Slide made by 

JongheonJeongand InsuHan

KAIST EE

Network Compression



Algorithmic Intelligence Lab

ÅDeploying deep neural networks (DNNs)has been increasingly difficult
Å/ƻƴǎǘǊŀƛƴǘǎ ƻƴ ǇƻǿŜǊ ŎƻƴǎǳƳǇǘƛƻƴΣ ƳŜƳƻǊȅ ǳǎŀƎŜΣ ƛƴŦŜǊŜƴŎŜ ƻǾŜǊƘŜŀŘΣ Χ

ÅInference with a large-scale network consumes huge costs

ÅIn mobile apps, such issues become more serious

ÅάThe dreaded 100MB effectέ

ÅCan we make DNNs to perform inferences more efficiently?

Deploying Deep Neural Networks in Real-World

2*source: https://www.recode.net/2016/10/4/13151432/app-size-calculator-bloat-experiment-developers-segment

https://www.recode.net/2016/10/4/13151432/app-size-calculator-bloat-experiment-developers-segment
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ÅDNNs include a significant number of redundant parameters

ÅDenilet al. (2013): Predicting > 95% of weights from < 5% 
ÅA simple kernel ridge regression is sufficient

ÅΧ ǿƛǘƘƻǳǘ ŀƴȅ ŘǊƻǇ ƛƴ ŀŎŎǳǊŀŎȅΗ

ÅMany of the weights need not be learned at all

ÅSuch redundancy can be exploited via network pruning

Redundancies in Deep Neural Networks [Denilet al., 2013]

5*source: DenilŜǘ ŀƭΦΣ άtǊŜŘƛŎǘƛƴƎ tŀǊŀƳŜǘŜǊǎ ƛƴ 5ŜŜǇ [ŜŀǊƴƛƴƎέΣ bLt{ нлмо

(a) Original weights

(b) Randomly selected

(c) Predicted from (b)
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ÅDetermining low-saliency parameters, given a pre-trained network

ÅFollows the framework proposed by LeCunet al. (1990):

ÅDefining which connection is unimportantcan vary

ÅWeight magnitudes (ὒ, ὒΣ Χύ

ÅMean activation [Molchanovet al., 2016]

ÅAvg. % of Zeros (APoZ) [Hu et al., 2016]

ÅLow entropy activation [Luo et al., 2017]

ÅΧ

Network Pruning

6*source: LeCunŜǘ ŀƭΦΣ άhǇǘƛƳŀƭ .Ǌŀƛƴ 5ŀƳŀƎŜέΣ bLt{ мффл

1. Traina deep model untilconvergence
2. DeleteάǳƴƛƳǇƻǊǘŀƴǘέ ŎƻƴƴŜŎǘƛƻƴǎ ǿΦǊΦǘΦ ŀ ŎŜǊǘŀƛƴ ŎǊƛǘŜǊƛŀ
3. Re-train the network
4. Iterate to step 2,or stop
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ÅHuman brains are also using pruning schemes as well

ÅSynaptic pruningremoves redundant synapses in the brain during lifetime

Synaptic Pruning in Human Brain

7

At birth 6 years old 14 years old

*source: LeismanŜǘ ŀƭΦΣ ά¢ƘŜ ƴŜǳǊƻƭƻƎƛŎŀƭ ŘŜǾŜƭƻǇƳŜƴǘ ƻŦ ǘƘŜ ŎƘƛƭŘ 
ǿƛǘƘ ǘƘŜ ŜŘǳŎŀǘƛƻƴŀƭ ŜƴǊƛŎƘƳŜƴǘ ƛƴ ƳƛƴŘΦέΣPsicologíaEducativa2015

Next: OBD
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ÅNetwork pruning perturbsweightsἥ by zeroingsome of them

ÅHowthe lossὒwould be changed when ἥ is perturbed?

ÅOBDapproximates ὒby the 2nd order Taylor series:

ÅProblem:Computing                                   is usually intractable

ÅRequires ὕὲ on # weights

ÅNeural networks usually have enormousnumber of weights

- e.g. AlexNet: 60M parameters ᵼὌconsists Ȣ elements

Optimal Brain Damage (OBD) [LeCunet al., 1990]

8*source: LeCunŜǘ ŀƭΦΣ άhǇǘƛƳŀƭ .Ǌŀƛƴ 5ŀƳŀƎŜέΣ bLt{ мффл
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ÅProblem:Computing                                   is usually intractable

ÅTwo additional assumptions for tractability

1. Diagonalapproximation: 

2. Extremalassumption: 

Åἥwould be in a local minimaƛŦ ƛǘΩǎ ǇǊŜ-trained

ÅNow we get: 

ÅIt only needs

ÅἬἱἩἯ╗ can be computed in ὕὲ, allowing a backprop-like algorithm

ÅFor details, see [LeCunet al., 1987]

Optimal Brain Damage (OBD) [LeCunet al., 1990]

9*source: LeCunŜǘ ŀƭΦΣ άhǇǘƛƳŀƭ .Ǌŀƛƴ 5ŀƳŀƎŜέΣ bLt{ мффл
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ÅHowthe lossὒwould be changed when ἥ is perturbed?

ÅThe saliencyfor each weight ᵼ

ÅOBD shows robustness on pruningcompared to magnitude-based deletion

ÅAfter re-training, the original test accuracy is recovered

Optimal Brain Damage (OBD) [LeCunet al., 1990]

10*source: LeCunŜǘ ŀƭΦΣ άhǇǘƛƳŀƭ .Ǌŀƛƴ 5ŀƳŀƎŜέΣ bLt{ мффл

Next: Pruning modern DNNs

w/o re-training

w/ re-training
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ÅHan et al. (2015): Pruning larger DNNs
ÅLeNet, AlexNet, VGG-мсΣ Χ ƻƴ LƳŀƎŜbŜǘ

ÅHighlights the practical efficiency of pruning

ÅOBD introduces extra computation on larger models
ÅIt requires an additional, separated backward pass

ÅThe simple magnitude-based pruningworks very well
as long as the network is re-trained

Pruning Modern DNNs [Han et al., 2015]
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Comparison with other model reduction methods on AlexNet

ϝǎƻǳǊŎŜΥ Iŀƴ Ŝǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ōƻǘƘ ²ŜƛƎƘǘǎ ŀƴŘ /ƻƴƴŜŎǘƛƻƴǎ ŦƻǊ 9ŦŦƛŎƛŜƴǘ bŜǳǊŀƭ bŜǘǿƻǊƪǎέΣ bLt{ нлмр
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ÅHan et al. (2015): Pruning larger DNNs
ÅHighlights the practical efficiency of pruning

ÅThe magnitude-based pruningworks well as long as the network is re-trained

ÅNetwork pruning detects visual attention regions

Pruning Modern DNNs [Han et al., 2015]

12

Edge parts of MNIST images

ϝǎƻǳǊŎŜΥ Iŀƴ Ŝǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ōƻǘƘ ²ŜƛƎƘǘǎ ŀƴŘ /ƻƴƴŜŎǘƛƻƴǎ ŦƻǊ 9ŦŦƛŎƛŜƴǘ bŜǳǊŀƭ bŜǘǿƻǊƪǎέΣ bLt{ нлмр
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ÅThe magnitude-based pruningworks well as long as the network is re-trained

ÅMittal et al. (2018): In fact, pruning criteria are not that important
ÅΧ ŀǎ ƭƻƴƎ ŀǎ ǘƘŜ re-training phase exists

ÅMany strategies cannot even beat random pruningafter fine-tuning

ÅThe compressibility of DNNs are NOT due to the specific criterion 
ÅΧ ōǳǘ ŘǳŜ ǘƻ ǘƘŜ inherent plasticity of DNNs

Pruning Modern DNNs

13

Next: Dense-Sparse-Dense

ϝǎƻǳǊŎŜΥ aƛǘǘŀƭ Ŝǘ ŀƭΦΣ άwŜŎƻǾŜǊƛƴƎ ŦǊƻƳ wŀƴŘƻƳ tǊǳƴƛƴƎΥ hƴ ǘƘŜ 
tƭŀǎǘƛŎƛǘȅ ƻŦ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǳǊŀƭ bŜǘǿƻǊƪǎέΣ ²!/± нлму
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ÅNetwork pruning preserves accuracy of the original network

ÅHan et al. (2017): Re-wiring the pruned connections improves DNNs further
Åά5ŜƴǎŜ-Sparse-5ŜƴǎŜέ training flow

Network Re-wiring: Dense-Sparse-Dense Training Flow

14ϝǎƻǳǊŎŜΥ Iŀƴ Ŝǘ ŀƭΦΣ ά5{5Υ 5ŜƴǎŜ-Sparse-5ŜƴǎŜ ¢ǊŀƛƴƛƴƎ ŦƻǊ 5ŜŜǇ bŜǳǊŀƭ bŜǘǿƻǊƪǎέΣ L/[w нлмт
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ÅNetwork pruning preserves accuracy of the original network

ÅHan et al. (2017): Re-wiring the pruned connections improves DNNs further
Åά5ŜƴǎŜ-Sparse-5ŜƴǎŜέ training flow

ÅPruning discovers better optimumthat the current training cannot find

Network Re-wiring: Dense-Sparse-Dense Training Flow

15ϝǎƻǳǊŎŜΥ Iŀƴ Ŝǘ ŀƭΦΣ ά5{5Υ 5ŜƴǎŜ-Sparse-5ŜƴǎŜ ¢ǊŀƛƴƛƴƎ ŦƻǊ 5ŜŜǇ bŜǳǊŀƭ bŜǘǿƻǊƪǎέΣ L/[w нлмт
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ÅThe performance of pruning depends on the initial training scheme

Åe.g. Which regularization to use: ὒ or ὒ?

ÅWhich training scheme will maximizethe pruning performance?
Å²Ŝ ǎǘƛƭƭ ŘƻƴΩǘ ƪƴƻǿ ŀōƻǳǘ ǘƘŜ ƻǇǘƛƳŀƭ Ǉƻƛƴǘǎ ƻŦ ŀ 5bb 

ÅOne prominent way: Sparse network learning
ÅInducing to a sparse solution from training a network

ÅWeights with value 0 can safely be removed ᵼ it does not require re-training 

ÅExample: ὒ-regularization

SparseNetwork Learning
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άǊŜǎŎŀƭƛƴƎέ ŜƛƎŜƴǾŀƭǳŜǎNext: Structured sparsity learning 
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Åά¦ƴ-ǎǘǊǳŎǘǳǊŜŘέ weight-level pruningmay not engage a practical speed-up
ÅDespite of extremely high sparsity, actual speed-ups in GPU is limited

Structured Sparsity Learning [Wen et al., 2016]
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Speed-up ratio of weight-level pruning

ϝǎƻǳǊŎŜΥ ²Ŝƴ Ŝǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ǎǇŀǊǎƛǘȅ ƛƴ ŘŜŜǇ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎΦέ bLt{ нлмс
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ÅStructured sparsitycan be induced by adding group-lasso regularization

ÅFilter-wiseand channel-wise: 

ÅShape-wisesparsity: 

ÅDepth-wisesparsity (applicable only for ResNet):

Structured Sparsity Learning [Wen et al., 2016]

19ϝǎƻǳǊŎŜΥ ²Ŝƴ Ŝǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ǎǇŀǊǎƛǘȅ ƛƴ ŘŜŜǇ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎΦέ bLt{ нлмс

# filters # channels

# groups

width height
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ÅStructured sparsitycan be induced by adding group-lasso regularization

ÅFilter-wiseand channel-wise: 

Structured Sparsity Learning [Wen et al., 2016]

20ϝǎƻǳǊŎŜΥ ²Ŝƴ Ŝǘ ŀƭΦΣ ά[ŜŀǊƴƛƴƎ ǎǘǊǳŎǘǳǊŜŘ ǎǇŀǊǎƛǘȅ ƛƴ ŘŜŜǇ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎΦέ bLt{ нлмс

# filters # channels


