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¢ Model Compression

&
&

Quantization

o

Pruning

Huffman Encoding
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% Pruning
\ o

Weight-Level Pruning for the sparse connections

Han et al, “Learning both weights and connections for efficient neural networks” , NIPS 2015
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% Pruning
&

Channel-Level Pruning and retraining iteratively

Li et al, “Pruning filter for efficient convnets” , ICLR 2017
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% Pruning

Channel-Level Pruning with L1 regularization

Liu et al, “Learning efficient convolutional networks through network slimming” , ICCV 2017
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¢ Quantization

Han et al, “Deep Compression: Compressing deep neural networks with pruning, trained quantization and huffman coding” ,
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% Huffman Encoding

Han et al "“"Deep Compression: Compressind deep neural networks with prunina, trained quantization and huffman coding” .
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&% Summary of model compression

Pruning: less number of channels

channel-level pruning

original and retraining iteratively

netwaork

original ) )
size channel-level pruning with

L1 regularization
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%5 Smaller CNNs architecture design

» SqueezeNet
\ o

o

MobileNet

ShuffleNet
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&% SqueezeNet

58

l 128

landola et al, “SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and < 0.5MB model size” , arXiv 2016
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2 MobileNets

Howard et al, “MobileNets: Efficient convolutional neural networks for mobile vision applications” , arXiv

2017
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2% ShuffleNet

Zhang et al, "ShuffleNet: An extremely efficient convolutional neural network for mobile devices” , arXiv 2017
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@» Overall Performance of Pruning ResNet50 on ImageNet

Model strategy Top-1 Top-5 Model Size
Original - 75% 92.27% 98M
Pruned-50 Pruning 72.5% 90.9% 49M
Pruned-Q-50 Pruning + Quantization 72.4% 90.6% 15M

o110
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&% Our practice

@ Performance of Pruning ResNet-34 on Our Dataset

o110

Model Top-1 Top-5 Inference Time Model Size
Original 48.92% 82.2% 96ms 86M
Pruned-64 48.27% 81.5% 45ms 31M

(2319 categories, 1200W samples)
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&% Our practice

&

ParseNet 1835(EAMMNZS : MobileNet)

Model

mIiOU

Pixel-Level-
Accuracy

Model Size

ParseNet

56%

93.5%

13M
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% DL frameworks
&

Caffe Caffe2 MXNet Tensorflow Torch ....
NCNN. MDL

CoreML

¢ ¢:¢

Tensorflow Lite
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%{ From training to inference
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=% MEERITR

25*%9 9*1

Direct convolution im2col-based convolution
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=% MEERITR

Cho et al, “"MEC: Memory-efficient convolution for deep neural network” ,
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%< AndroidimiRrESFESJIELE

@* NCNN vs MDL

FrameWork iz &tz RfF
NCNN 370ms 200ms 25M
MDL 360ms 190ms 30M

e Tensorflow Lite

Quantize MobileNet

Float Mobilenet

85ms

400ms

o110

MobileNet on HuaweiP9
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2% i0S ERIDL

CoreM

af RIEAE , FESEEMEEL ) FEIOS 11+
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<% MPSCNN

Slice2
Slicel

Slice0

MPSImage

The layout of a 9-channel CNN image with a width of 3 and a height of 2.
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X Metal Performance Shader

kernel void eltwiseSum_array(
texture2d_array<half, access: sample> inTexturel [[texture(0)]],
texture2d_array<half, access::sample> inTexture2 [[texture(1)]],
texture2d_array<half, access::write> outTexture [[texture(2)]],
ushort3 gid [[thread_position_in_grid]])

{
if (gid.x >= outTexture.get_width() | |

gld y >= outTexture.get_ helght() |
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% MPSCNN VS NCNN on iPhone

FrameWork

Time

NCNN

110ms

MPSCNN

45ms

Device: iPhone 6s

o110
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X How to create a new framework

& {fLitinference 42514 & 257
& GPUME ) o WFH B NCHW—
¥ o @ >NHWC

FRIZEERNK
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&% Mogu Deep Learning Toolkit

Mogu

DL
Toolkit
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&% Mogu Deep Learning Toolkit

Classification

Detection

ﬂ . Segmentation
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%% Mogu DL Toolkit-Example

class MobileNet{

public:
Input input;
Convolution fc7;

int Init(const char* modelpath);
int infer(Mat &input,Mat &output);

MobileNet

private:
Convolution convl_s2;
RelLU relul;
ConvolutionDepthWise conv2_1_dw;
RelLU relu2_1_dw;
Convolution conv2_1 si;
RelLU relu2_1 si;

ConvolutionDepthWise conv2_2_dw;
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2% Demo
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2% Demo
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