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Caffe DSSTN mxnet tNTK
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DEEPLEARNINGA4)

dm/C Tensor |

@ 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 Domain 1
o 2833] - life-long learning

o HIiR%EFE - knowledge transfer
o 340 EFE - inductive transfer
o Z{FS3E3] - multi-task learning Domain 2
o ZiRAYIAE - knowledge consolidation

o FT3Z#B%%3 - context sensitive learning
o HFHIRMAA{RZE - knowledge-based :
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Convolutional Network Rol Network
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Selective-Search
Rols (R)
R! = 2000

Ryard-sel Batch Size
Order of Computation

1. Forward for Conv. Network ackward Computation for:

Forward for each I 1. Each R ’ . Softmax

Selection of Rhud sel 2. Gradient Accumulation by * Classification
Forward-Backward for each R, : . Rol Pooling Layer

Backward for Conv. Network 3. Conv. Network (

Loss

Saft-L1
41 | Bbox Reg.
Shasred Weights = Forward-Backward each R’ Fully Loss
(‘n,.:x:m:'.ut

Forward for each R’ «eseses Forward Backward for each Imag
Layers
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~ = MMobileNetgIShuffleNet 4

@ MobileNet
> Depthwise convolution
> Pointwise convolution




Tripia

1x1 Conv 1x1 GConv 1x1 GConv

BN ReLU BN RelU
GComyl BN RelU
Channel Shuffie Channel Shutfle

; I 3x3 DWCanv ¥
Foature
| l R 3x3 DWCany

3x3 AVG Pool *
(stride = 2)
3x3 DWConv
(stride = 2)

Charnl BN _&

Shaitf 1x1 Conv 1x1 GConv 1x1 GConv

/ BN BN
Concat
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Model Complexity (MFLOPs)  Cls e (%)
@ ShuffleNet 1.0 MobileNet-224 569 2.4
. . shuffleMet 2x (g = 3) 524 29,1
> DepthW|Se ConVOIUt|On 0,75 MobileNet-224 124 1.6
. . ) 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




Quantization: less bits per waeight
Pruning: less number of waights Huffman Encoding

Cluster the Weights
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1. Pruning

Span Exceeds B=243

Filler Zero

ERE AR E | BRI F KA B RAMIEERE | XN URGFIEMR | @8- Pruning(#15
MLEEHL , kR DIITEE,
FERETFEREGAIZS 1R , F3bits KERRES IFVENE | HYEEIHS AEIERX, |,
LIEXIAIERIIff #BIE8 ( 3bits ) FIRHE , FEHEAN T — 1 ORUESRG LS.
B, HHEEFRNFITEERHFIEASHBERL | EARIMSENMIETRFZIERREEE
£ | X2 Pruning # FREERISM.
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2. Quantization

weights cluster index fine-tuned
(32 bit float) (2 bit uint) centroids centroids

E'f’t EH:EW;AH I"] : cluster | 1
a ) BEURENSNSTINERE ; 1.92
XMDRRERK | BEARIEHARES

*E T 7.
bb) XAEDHNFHRRMUE |, Eal 16bit,
8bit ;
Liﬁﬁﬁ Z2 ,
NI TFHEREMLLIR K |, 1BF2Z Floatl6 or
int8 .

3. Huffman ¥x63

BIIHUE. 2B TR , BT EF ;
i (2)(3) MRS EEREEBARESA , RBERRD.



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

NVIDIA: Iteration Pruning
1% 732890 8
1) EFKernel Filteri#{T Pruning , A~EEEHAIWeight 2@ ;
e . NHLEHTIRE , Weight ZERY Pruning BN TEE |, (BFERISTRZ
valuate importance -
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L 2 ) IR Least important Kernel , Fi#47 FineTuning ;

Remove the least | 3) T —A Pruning B9/EN ;
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Fine-tuning 1) Minimum weights

4

2 ) Activation

n yes 1 3 ) Mutual information
{ Continue pruning? [ _4

5 no 5 ) Relation To optimal Brain Damage

4 ) Taylor expansion

Stop pruning 6 ) Average Percentage of Zeros ( APoZ )




Weight Tensor, 1/ Input Tensor, &£
Intel: Direct Sparse Conv
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+— Models in a box
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