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DeployingDeepNeural Networksin ReatWorld

A Deploying deep neurahetworks (DNNshas been increasingly difficult

Al 2yaaNIAyida 2y LIRSSN O2yadzYLIWiAZ2yYy X

A Inference with a largscale network consumes huge costs

A In mobile apps, such issues become more serious

A dThe dreaded 100MB effeét

A Can we make DNNSs peerform inferences more efficient®y

Install rate, varying app size
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This item is over 100MB.

Unless an incremental download is
available for this item, "Pokémon GO"
may not download until you connect
to Wi-Fi.

Cancel ‘ OK

—
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Redundancies ibeep Neural Network$Denilet al., 2013]

A DNNs include a significant numberreflundant parameters

A Denilet al. (2013): Predicting 95% of weights from < 5%
A A simple kernel ridge regression is sufficient
AX gAGK2dzi Fyeé RNRBLI Ay | OOdzN)} OéH
A Many of the weights:ieed not be learned at alll

(a) Original weights
(b) Randomly selected

(c) Predicted from (b)

A Such redundancy can be exploited mwork pruning
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Network Pruning

A Determininglow-saliency parametersgiven a prerained network

A Follows the framework proposed thyeCuret al. (1990):

Train Connectivity ]
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Traina deep model unticonvergence . 02

Deleted dzy A YL NI | yG é¢ O2yySOu ] 2 ya" s enmege
Retrain the network . S2

lterate to step 2,0r stop Train Weights

L.

A Definingwhich connection is unimportargan vary

A Weight magnitudesi{ ,0 = X 0

A Mean activation Molchanovet al., 2016]
A Avg. % of Zero®\PoZ [Hu et al., 2016]

A Low entropy activation [Luo et al., 2017]

A X
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SynapticPruningin HumanBrain

A Human brains are also using pruning schemes as well
A Synaptic pruningemoves redundant synapses in the brain during lifetime

At birth

Expenence-dependent synapse formation
Neurogenesis in the hippocampus
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Optimal Brain Damagé€OBD) LeCuret al., 1990]

A Network pruningperturbsweightsi] by zeroingsome of them
A Howthe lossi would be changed whenR is perturbed?

A OBDapproximates) by the 2" order Taylor series

0L 1 0L
5L ~ —51 Sw? + = Sw;Sw; SW||?
Z it 5 2 g 5 2 G, v +OUWI)
1st :)rrder o 2nd ;rder ’
A Problem:ComputingH = (aw%wj). | is usually intractable

]

A Requiresi (¢ ) on# weights
A Neural networks usually havenormousnumber of weights
- e.g.AlexNet 60M parameters "Oconsists 8 elements
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Optimal Brain Damage (OBD)gCuret al., 1990]

A Problem:ComputingH = ( oL ) | is usually intractable
’Z?J

8’(1)7; 3’11)3'

A Two additional assumptions for tractability

1. Diagonalapproximation: H = 0L _ if j #J

E)w@- 3wj

2. Extremalassumption: 2L = 0 V;

A 1} would be in docal minimaeA ¥ A-tiaReéd LINS

1 0°L
0L ~ —
A Now we get:dL =~ D

A It only needsliag(H) := (gjfi)

dwi + O(||sWIJ?)

A"Hi & MHcan be computedh 0 (¢ ), allowing abackproplike algorithm
A For details, seelleCuret al., 1987]

*source;LeCurS i | £ @Y AahLIWGAYFT . NI



Optimal Brain Damage (OBD)gCuret al., 1990]

A Howthe lossi would be changed whei'] IS perturbed’>

1
2 8w 7 Z g hisdw;

)

A Thesaliencyfor each weight s; := 3

L(OW) ~

o = o

/

A OBD showsobustness on pruningompared to magnituddased deletion

A After retraining, the original test accuracyriscovered
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Next: Pruning modern DNI\‘S
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PruningModern DNNs [Han et al., 2015]

Weight distribution bedore pruning

A Han et al. (2015): Pruning largeNNs .:
A LeNetAlexNetVGGvc = X 2y LY 3Sb
A Highlights thepractical efficiency of pruning :

e =04 L] om
Weight Value

A OBD introduces extra computation on larger models e ey
A 1t requires an additional, separated backward pass

A The simplemagnitude-based pruningvorks very well ¢}
as long ashe network is retrained 1

-0 g3 -poe -anm o o naz ony LA
Wisigha Value

Comparison with other model reduction methods AlexNet

Network Top-1 Error  Top-5 Error | Parameters E::: pression
Baseline Caffemodel [26] | 42.78% 19.73% 61.0M | x

Data-free pruning [28] 44 40% - 39.6M l.5x
Fastfood-32-AD |29) 41.93% - 32.8M 2%
Fastfood-16-AD |29) 42.90% - 16.4M 3.7x

Collins & Kohli [3(J] 44 40% - 15.2M 4%

Naive Cut 47 18% 23.23% 13.8M 4.4

SVD (1) 44.02% 20.56% 11.9M DX

Network Pruning 42.77 % 19.67 % 6.7TM 9%
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Pruning Modern DNNs [Han et al., 2015]

A Han et al. (2015): Pruning larg@NNs
A Highlights thepractical efficiency of pruning

A Themagnitude-based pruningvorks well as long ase network is retrained

Compression

Network Top-1 Error  Top-5 Error | Parameters Rate
LeNet-300-100 Ref [.64% - 267K
LeNet-300-100 Pruned | 1.59% - 22K 12
LeNet-5 Ref (.80% - 431K

LeNet-5 Pruned 0.77% - 0K 12x
AlexNet Ref 42.78% 19.73% 61M

AlexNet Pruned 42.77% 19.67% 6.7M 0
VGG-16 Ref 31.50% 11.32% 138M

VGG-16 Pruned 31.34% 10.88% 10.3M 13

A Network pruning detects visual attention regions _
Edge parts of MNIST images

0
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Pruning ModernDNNs

A Themagnitude-based pruningvorks well as long ase network is retrained

A Mittal et al. (2018): In facpruning criteria are not that important

AX | & f 2nf@hinihgihadesiSts

A Many strategies cannot even be@ndom pruningafter fine-tuning

Heuristic 25% S0% 715%
[Random 0.650 0.569 0.415]
Mean Activation (0.652 0570 0409
Entropy 0641 0549 0405
Scaled Entropy  0.637 0.550 0.401
I, -norm 0.667 0.593 0.436
APoZ 0647 0564 0422
Sensitivity 0636 0543 0379

Table 1: Comparison of different filter pruning strategies on

VGG-16.

Heunstics #Layers Pruned 25% 50%  75%

[ Random 16 0.722 0683 0.617]
[1-norm 16 0.714 0677 0610

[ Random 32 0.696  0.637 0518 |
[1-norm 32 0691 0633 0514

Table 3: Comparison of different filter pruning strategies on
ResNet (Top-1 accuracy of unpruned network is (.745)

A The compressibility of DNNs are NOT due to the specific criterion

A X 6 dzi
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Network Rewiring: DenseSparseDenseTraining Flow

A Network pruning preserves accuracy of the original network

A Han et al. (2017)Rewiring the pruned connections improves DNNs further

A& 5 S ySpakes Sy ardning flow

Sparse

Pruning
_

Sparsity Constraint

Re-Dense
_—
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Network Rewiring: DenseSparseDense Training Flow

A Network pruning preserves accuracy of the original network

A Han et al. (2017)Rewiring the pruned connections improves DNNs further
A &5 S ySpagses Sy dréning flow

A Pruning discoversetter optimumthat the current training cannot find

Neural Network Domain  Dataset Type Baseline DSD  Abs. Imp. Rel. Imp.

GoogleNet Vision  ImageNet CNN 31.1%"  30.0% 1.1% 3.6%
VGG-16 Vision  ImageNet CNN 31.5%'  27.2% 4.3% 13.7%
ResNet-18 Vision  ImageNet CNN 304%"  29.2% 1.2% 4.1%
ResNet-50 Vision  ImageNet CNN 24.0%"  22.9% 1.1% 4.6%
NeuralTalk Caption  Flickr-8K LSTM 16.8° 18.5 1.7 10.1%

DeepSpeech Speech WSJ1'93 RNN 33.6%° 31.6% 2.0% 5.8%

DeepSpeech-2  Speech  WSJ'93  RNN 14.5%° 13.4% 1.1% 7.4%

Algorithmic Intelligence Lab Faz2dz2NOSY | Iy SSparsestSaysa Sa 5¢{Na- YA y5AS/y3a SF2 NJ 5SS Lis
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SparseNetwork Learning

A The performance of pruning depends on théial training scheme
A e.g. Which regularization to use: or 0 ?

A Which training scheme withaximizethe pruning performance?
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A One prominent waySparse network learning
A Inducing to ssparse solutiorfrom training a network
A Weights with value 0 can safely be removedt does notrequire retraining

A Example 0 -regularization
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StructuredSparsity Learnin§Ven et al., 2016]

Aa ! -¥ 0 NYzO weilghIRIgruningmay not engage practical speeeup
A Despite of extremely high sparsity, actual spegss in GPU is limited

Sparsity = percentage ot zeros

— o ¢ i L E3Quadro K600
- =  ETesla K40c
) 3 CIGTX Titan
v2 -O-Sparsity
T T -0

convl conv2 convld conv4 convs

Speedup ratio of weightlevel pruning

Non-structured sparsity (poor data pattern)

Structured sparsity (regular data pattern)

Algorithmic Intelligence Lab FazdNOSY 2Sy SiG +Htox af SENYAYy3I &id NozOtgd



StructuredSparsity Learnin§Ven et al., 2016]

A Structured sparsitycan be induced by addimgoup-lasso regularization

G« # groups
win £(W +)\ZR ), Rg(w) =) |[w9
g=1
A Filter-wise andchannelwise: /# filters # channels
Ry(W®) =20 W) ccllo + 3250 W
A Shapewise sparsity: - Width__height

Ry(W0) =20 o lzkl W
A Depth-wise sparsity (applicable only fédtesNex:
Ry(WW) = [WH

channel-wise W,!!) | shortcut
E Sl S ok

“shape-wise
(1)
ey kg

+Z
I

\ \}. .
filter-wise W' depth-wise W)
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StructuredSparsity Learnin§Ven et al., 2016]

A Structured sparsitycan be induced by addimgoup-lasso regularization

G
min £(W +)\ZR ), Rg(w) =) [w9],
g=1
A Filter-wise andchannelwise: /# filters # channels

l l
Ry (WD) =M Wi+ 25 “IWO s
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