Model Compression
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» Real time execution (Time efficient)
» | ower Power consumption

GOO' ®» | ower memory consumption

» Smaller size (Less-parametrized in size)

» Performance
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= (RBISCHYHE:
Execution Time (Speed / latency)
Memory Access Cost (MAC) / Memory Bandwidth
Parallelism Degree

» (RRXNSEEGE:
Num of Parameters
MACs / FLOPs
Energy Cost

» (g

Test Error / Accuracy
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» Online VS Offline
Online: #H¥E_E{EZEServer , REIREIZER -> IR558Im
Offline: BEEFHNBalimiE -> Fain

» CPU: (ARMv7, ARMVS8, X86, MIPS, RISC-V) CPUﬁﬁ”%ﬁtPc(ze.:.,EﬁWJc) ? EEFEHRAmM
NEON , OpenCLE R Hexagon HVX (DSP)&(fifk, ? EA&i&itthread pool ?

» GPU: (=II\§/\0II, Adreno, Metal, NV, AMD, PowerVR) B3Hkernel ? E&#EHEOpenGL,
MetalZE ?

» (ERIEME -> Researchers
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» [2017] NCNN/FeatherCNN: float32, CPUi{t, GPUIRETAL(L, C++E2A[link]
» [2017] TensorFlow Lite: Android, IOS, Linux SoCs loTigg, Python$z[

» [2017] Paddle Lite: CPU+GPUEAY, PythoniZ[ [link]

» [2017] Tengine-Lite: SZ3FCPUSGPU , C++iz[

= [2018] MACE: CPU+GPUIS{ft{k, PythoniZ

» [2018] Facebook QNNPACK, [2017] LS Prestissimo

= [2018] PocketFlow: B&iEE E4E

» [2019] MNN: CPU+GPU{ftit. PythoniEZ

= [2020] TNN: CPU+GPUSLL, (RABEMAL, RELM , C++20 [link]

» CoreML: BRTERIZH



https://www.zhihu.com/question/263573053
https://www.zhihu.com/question/65816648
https://www.zhihu.com/question/400143354
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https://github.com/Tencent/ncnn
https://github.com/Tencent/TNN
https://github.com/alibaba/MNN
https://github.com/OAID/Tengine
https://github.com/PaddlePaddle/Paddle-Lite
https://github.com/XiaoMi/mace
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Model Complexity

= Num of Parameters (Params):
» Conv: (Km X Koyt X C'in + 1) X Cout

» [C: Nin X Nout F Nout
» Floating Point Operations (FLOPs) ((FEX3IFFLOPS):

» Conv. 2K, X Koyt X Cipn X Cont X Hoys X W

» FC: (2N, — 1) Nows

» Multiply-accumulate Operations (MACC/MACs): = 2 FLOPs

Reference: https://zhuanlan.zhihnu.com/p/266275736




Current Main-stream Methods

e Stafic Model Acceleration

* Smaller: Pruning: pixel (weight), vector, channel, filter

e Lower: quantization: scalar, vector / Binarization

* Less computation - Low rank approximation, Winograd transformation
» Faster: Architecture Design - Squeezenet, Mobilenet, Shufflenet

e DYNAOMIC execution

* SBNet
e SGAD
* Dynamic channel pruning




Deep Model Compression and Optimization
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Pruning
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Figure 9: Compared with the original network, pruned network layer achieved 3 x speedup on CPU,
3.5x on GPU and 4.2x on mobile GPU on average. Batch size = 1 targeting real time processing.
Performance number normalized to CPU.
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Figure 10: Compared with the original network, pruned network layer takes 7 x less energy on CPU,
3.3 less on GPU and 4.2x less on mobile GPU on average. Batch size = 1 targeting real time
processing. Energy number normalized to CPU.

Deep Compression: Compressing Deep Neural Networks with Pruning, Trained Quantization and Huffman Coding



Quantization

“O-Pruning + Quantization & Pruning Only " QuantizationOnly -~SVD
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Figure 4.9: Accuracy vs. compression rates under different compression methods. Pruning and
quantization works best when combined.

Pruning + Quantization:

Size: 30 — 50 Times compression

Memory Bandwidth: Reduced by 30 - 50 X
Binarization: 50 — 60 X faster, 30 X smaller




Network
Pruning

» Not all weights are created equal
importance

®» Prune unimportance weight:
If (w < threshold) w =0

» Define Importance:
L1 (better) or L2 Norm

= |terative pruning

before pruning

pruning
synapses

pruning
neurons

R —

after pruning



Some Conclusions

(1) YIEIFHERY |, Pruningse , EFSE , A BeikE/ERE,

(2) (Weight Pruning) Iterative pruningttdirect pruninggEBVSEIFAISER ;
L2 regularization+ iterative prune + retrainZ{ER4F

(3) (Weight Pruning) XIFCNN&EELSER , EhaniiAlexNet, iRBERIConviIPruningttikSensitive (25%A&H),
FERIConvAKsensitive (50%E4), FCXFPruningtiRsensitive (75%iA)

(4) (Weight Pruning) Fine grained level pruning &8 tViEIsparsity, A ENESER
(5) (Filter Pruning) Pruning/NIIESEUE (L1 Norm better) ELLBEHPruning®ERIF,

(6) (Channel Pruning) R#&EIPruning/e 3 A/MEEY |, M FHRiIIZs | AATSROKIIZRETIE) |, 3R

https://ocw.nctu.edu.tw/course/Lecture%20model%20acceleration%20and%20compression%2020191222.pdf
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Weight and Activation Quanftization

» Scalar Quantization: reducing numerical precision
» Vector Quantization: remove redundancies
» Definition:
32-bit -> 16-bit / 8-bit / 4-bit / binary / ternary
float 16 / int 8
encodes the same information as the original FP32 model
®» TensorRT Method:

(1) KL divergence: measures the amount of information lost when approximating
a given encoding

(2) Calibration: Quantized Distortions with different Saturation Threshold: Activation Values



Performance of INT8 vs FP32, Titan X (Pascal) Performance of INT8 vs FP32, DRIVE PX 2 (dGPU)

|-®@- VGG-19 VGG-19
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| -®@~ Resnet-50 Resnet-50
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TensorRT 2.1, all optimizations enabled.




Some Conclusions

(1) Weights Representation:
-> Conv: 4 bits; FC: 2 bits

(2) Pruning + Quantization
-> 30 - 50 X Size Compression, Memory Bandwidth: Reduced by 30 — 50 X

(3) Binary (+/-1)/ ternary (+/-1, 0) weights and activations Quantization:
-> 20, 50 - 60 X faster, 30 X smaller

(4) Low-rank Approximation: 2 — 5 X faster

(5) Winograd Convolution: 1.3 — 2.25 less multiplications

https://ocw.nctu.edu.tw/course/Lecture%20model%20acceleration%20and%20compression%2020191222.pdf
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resulting subvectors are easier to compress.

= Motivation: exploits the invariance of
neural networks under permutation of

their weights for the purpose of vector
compression.,

»Why I = W: Remove redundancies;

= Why Permutation: minimize the spread
of the vectors by minimizing the
determinant of the covariance of the
resulting subvectors (Rate-distortion
Theory)
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Figure 1: Permutation optimization of a fully-connected layer. Our goal is to find a permutation P of the weights W such that the

ctivations of the layer should be similar.

Permute, Quantize, and Fine-tune: Efficient Compression of Neural Networks

Julieta Martinez*'  Jashan Shewakramani*'*  Ting Wei Liu*'?
Toan Andrei Barsan'®  Wenyuan Zeng'®  Raquel Urlasun'~

!'Uber Advanced Technologics Group *University of Waterloo YUniversity of Toronto
{3ulieta, jashan, tingwel.liu, andreib, venyuan, urtasun}fuber. com

[ ] i (1] Abstract are often overparamieterized [S), which implics that it is pos-

> i j . . sible to compress them — thereby reducing their memory and
Con mprn nxl:r.« neural networky L m imporiant ﬂq computation demands — without much loss in accuracy.

m | . for their depl Scalar ization is a popular approach to network

:\’,’ | pJa(fa rms. In this context, vector quantization is an appeal- mmpmssmn where each network parameter is compressed

ing f k thar exp multiple p using a Ily, thereby limiting the achievable compression
single code, umihus recently achieved siate-of-the-art net- rates, To address this limitation, a recent line of work has
work compression on a range of core vision and natural focused on vector quantization (VQ) [13,47, 54], which
language processing tasks, Key to the success of vector compresses multiple parameters into a single code, Conspic-
quantization is deciding which parameter groups should be wously, these approaches have receatly achieved state-of-the-
compressed wgether. Previous work ha\ rrlwdun hzumn cs Al COMPression-1o-aCCuracy ratins on core computer vision
that group the spatial di ion of i and natural language processing tasks [10, 48],
Sfilters, but a general solution remains unaddressed. This is A key advantage of VQ is that it can naturally exploit
desirable for pointwise convolutions (whick dominate mod- redundancies among groups of network parameters, for ex-
em architectures), linear layers (which have no notion of ample, by grouping the spatial dimensions of convolutional
spatial dimension), and convolutions (when more than one filtess in a single vector to achieve high compression rates.
filter is compressed 1o the same codeword). In this paver However findine which narwnrk narameters chaald he com-

Vectors to be quantized

Algorithm 1 SR-C: Stochastic relaxation of k-means.

1: procedure SR- C({w ) Bk T, )
2 B; « INITIALIZECODES(k)

3: forr+1,...,Tdo
#Add scheduled noise to subvectors
4: for w2 J tE {th} do
5: ~ N(0, dlag(Et))
6: - = .-- oo ([ B (@E)R) Add noise
7: end for
# Noisy codebook update
8: Cy ¢ argming ), ”Wzl,); —c(bi;)Il3 gggﬁt;ds
# Regular codes update
o By argming 3, ;[wFS — e(bi)l3

10: end for
11: return Bt, Ct
12: end procedure

FE; = min

Hwt _p th
P:;,B:,C; mn
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Low Complexity or Compact Model

» SqueezeNet: 50 X size compression
» ] X 1 Pointwise - (3 X3 Conv+1X1Conv)
» MobileNet:
» V1. Depthwise separable Conv — 3 X 3 Depthwise Conv + 1 X 1 Pointwise Conv

-> 1 / Kernel_size2Params
-> 3 X 3 DWEHIReLU6EIREfS , QuantizationdiFt]
» V?2:Inverted residual + Linear bottleneck

-> 1 X 1 Pointwise + 3 X 3 Depthwise + 1 X 1 Pointwise
-> Short connection + wide middle layer
» V3:V2 + Squeeze-and-Excite
» ShuffleNet:
» V1. Point-wise Group Conv + Channel Shuffle
-> 1/ Group Params

» V2




W ShuffleNet V2

/ o [
( N
——) o L] » Short-cut Element-wiseitERIEESD
ey T M REadd , BiEconcat
®» [Excessive group convolution increases
e Lw%ﬁi v ‘ MAC
\ A Group Conv : E#Zffichannel split,
" ® © @ fEfEE#ZPW-DW-PW , El&feconcatfm

Bfichannel Shuffle
Fig. 3: Building blocks of ShuffleNet v1 [15] and this work. (a): the basic ShuffleNet

unit; (b) the ShuffleNet unit for spatial down sampling (2x); (¢) our basic unit; (d)

our unit for spatial down sampling (2x). DWConv: depthwise convolution. GConv:

group convolution.
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