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@ Base #&BAY accuracy ¥JEb

InceptionV3 |

Inception V3 21,802,784
Inception Resnet V2 54,336,736
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e Learning%3] - learning to learn

o 2833] - life-long learning

o HIiR%EFE - knowledge transfer
o IIPFEFZ - inductive transfer

o Z{E3E3 - multi-task learning Domain 2

o Z1iRAYIAE] - knowledge consolidation

o FTFXHAXES) - context sensitive learning .

o HFHIRAYAMIEE - knowledge-based ‘/\.z ajk : ‘mmmm.‘ff"

inductive bias f. L § e_v_z“»_' 3w

e 57T¥#3] - meta learning G R

o IBE%3] - incremental/cumulative learning ARESAMSS: EBH
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Order of Computation:
Forward for Conv. Network
. Forward for each R
Selection of Ryard-set

. Forward-Backward for each Ryp o0 |

. Backward for Conv. Network

Shared Weights

Forward for each R'

Convolutional Network

w Magn

i

Selective-Search
Rols (R)
R! = 2000

Backward Computation for:

1. Each Ry, 4. < .

2. Gradient Accumulation by
Rol Pooling Layer

3. Conv. Network ( *)

= Forward-Backward each R’

Forward- Backward for each Image

Neansg

Changfeng Alliance

Rol Network

(a) For each R

e
Rol Pooling Read-only Layer

Layer

- Sofimax
Fually Clamifeatico
Conoected . Lo
Layers

St Lt
Bhox g Lowe

Rhud sel

Softmax
+ Classification
Loss

WWW.innovisgroup.com

Diverse &
- Hard Rol
Sampler

Batch Size
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~ = MMobileNetgIShuffieNet 4

@ MobileNet : )

> Depthwise convolution .
. . 5 w— '
> Pointwise convolution

peraas 44

3x3 Depthwise Conv
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Tripia

1x1 Conv 1x1 GConv 1x1 GConv

BN ReLU BN RelU
GComyl BN RelU
Channel Shuffie Channel Shutfle

e ¥ 3%3 AVG Pool ¥
Foature
| l R 3x3 DWCany

(stride = 2)
3x3 DWConv
(stride = 2)

Charnl BN _&

Shaitf 1x1 Conv 1x1 GConv 1x1 GConv

/ BN /BN
Concat

v AelU

]

Model Complexity (MFLOPs) Cleem (%) A em (%)
@ ShuffleNet 1.0 MobileNet-224 560 2.4
. . Shufflelet 2x (g = 3) 34 2.1
> Dththse COnVOIUtlon 0,75 MobileNet-224 124 1 &
. . ) ShuffleMer 1.5% (g = 3) Xy 3o
> Pointwise convolution 0.5 MobileNet-224 149 36.3
shutllelet 1x (g = ) 1480 .0
.25 MobileNer-224 dl 40 4

ShuffleMet 0.5= (arch2, g =§ 40 42.7
ShuffleMet 0.5 = (shallow, 4 = . 40 45.2
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Quantization: less bits per waeight
Pruning: less number of waights Huffman Encoding

Cluster the Weights
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Train Connectivity ]
Same
“Z accuracy

Prune Connections |:>
9x-13x |
L2 reduction

sSame
accuracy

=

35x-49%
reduction

original
network

=

original
size
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Generate Code Book
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Quantize the Weight  27x-31x | | Encode Index
with Code Book ireduction
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1. Pruning

Span Exceeds B=243

Filler Zero

FHREIRTEE |, BIBIBRTFME Rl b B RAVUEIER: | X EEBEFIERE |, @1 Pruning 18
Iﬂé%E?%%Em *%E \E’J'L-I_%E
TFERETRHIRAEENZERS 1% , FAlbits KFRERS IFIENE , HPEEEHO AEIREX ,
LHEXIRIERIdIff B8 ( 3bifs ) BIRTHE , FEFEN T —1NORYERFGLEZE D,
=3, BRI FEEFRHHLIBASHBEMNL | mAMISENMEIRZIERESEC
£ | XtBE Pruning ETREBERIGA,
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2. Quantization

weights /&ﬁ- ﬁkfﬁﬂ mmanza i.;‘:

(32 bit float) (< o uny venius CENUUINS

E'f’t EH:EW;ATU_ I"] . cluster | |
a ) BEURENSNSTINERE ; 1.92
XMAEEERK  BEARNEHARRES

*E T 7.
bb) XAEDHNFHRRMUE |, gl 16bit,
8bit ;
Liﬁﬁﬁ Z2 ,
NI TFHEREMLLIR A |, 1BF 2 Floatl6 or
int8 .

= pe

3. Huffman 4x63

EIIHUE. 2B TR , BT EF ;
i (2)(3) MRS EEREEBARESA , RBERERD.



https://arxiv.org/abs/1602.02830v1
https://arxiv.org/abs/1603.05279
https://arxiv.org/abs/1603.05279
https://arxiv.org/abs/1603.05279

Evaluate importance
of neurons

d

r

Remove the least
important neuron

]
h 4

b

Fine-tuning

-

6 y yes )
{ Continue pruning? [ /

4 no

Stop pruning
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NVIDIA: Iteration Pruning
1ZJ13 5RO
1) EFKernel Filteri47 Pruning , A7ZFEEMAIWeight Z2H ;
N TIRE , Weight RERY Pruning BERMTEE | (EBRTAISIRZ
FABEHIERAET (RDEREN ) ,
2 ) IR Least important Kernel , 7347 FineTuning ;
3) T — Pruning RYER ;

1) Minimum weights

2 ) Activation

3 ) Mutual information

4 ) Taylor expansion

5 ) Relation To optimal Brain Damage

6 ) Average Percentage of Zeros ( APoZ )
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Intel: Direct Sparse Conv

Conv EXFFCNNRIGHIBEREARA , SHI @ ' J@ 00 :
M Pruning 24 Kernel 975354 R |, XBEXEFE :
2 Pruning %, L Sparse dﬂt'pmm:cr : ®

OBIER BT —MIRE (mEREF ) | S
Dense Matrix ( 4FiE ) #F Sparse Matrix ( Kernel )
ZENEMITE. BERRE T —FEORE , ol

© W, (sparse) =

FENET BRI, ) S

{EBTE AlexNet 3T Conv BESE , 3518 -
3.1~7. 3{EHImE S
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Sparse vector w/ 2 non-zeros |
- -

Dense vactor v W,
Virtual Dense vector —
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¥ Tensor
<«———— Models in a box

SGD Tra ner
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Build models
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Thanks For Attention !
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