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A Background and motivation

A Deep neural network and numerical ODE

A Deep neural network and numerical PDE

A An application in image processing and medical imaging
A Optimal control perspective for deep network training
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Deep Learning: Burning Hot!

Google Trends Compare

® Deep learning . ® Statistical Analysis @ Data Analysis .
< z + Add comparison
earch term Search term Search term
Worldwide Past Syears ¥ All categories Web Search «
Interest over time @ -
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Eric Xing added 3 new photos. -
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Kicsre\ﬁ'é\ ériend) This is a sad scene at NIPS 2017. Being alchemy is
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THEORETICAL 1 DIMENTS
TO MACHINE LEARNING

WITH SEVEN SPARKS FROM
THE CAUSAL REVOLUTION

Juses Peart
University of Calformia. Los Angeies
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oi.f_ %’ You, Kuan Chen, Fisher Yu and 71 others 11 Comments 21 Shares




Deep Learning

Whatare still challenging
Learning fromimited or/and weakly labelled data
Learning from data of different types
Theoreticalguidance, transparency

Should we expect rigorous mathematical analysis of deep leatning € 6 S 06

We also wislto allowthe possibility than an engineer or
team of engineers may constructr@achine whichworks, but
whose manneof operationcannot be satisfactorily
describedy its constructorbecause they have applied a
method which isargely experimentad Alan M. Turing




Deep Learning

Whatare still challenging
Learning fromimited or/and weakly labelled data
Learning from data of different types
Theoreticalguidance, transparency
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Deep Network amm——) Differential Equations (DE)
Network Architecture C—— Numerical DE
Network Training —— Optimal Control



Deep Neural Networks
and Numerical ODE

NETWORKTRUCTURE DESIGN




Depth Neural Network

Deep Neural Network
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Motivation

Deep Residual Learning(@CVPR2016)

) o o §. ¢

Forward Eulers Schem R e

C

- WeinanE A Proposal on Machine Learning via DynanSgatems. Communications in
Mathematical Science, 2017.

- Haber ERuthottoL. Stable architectures for deep neural networks[J]. Inverse ProbRHt3,

- Bo CMenglL, et al Reversible Architectures for Arbitrarily Deep Residual NéNgalorks,
AAAI 2018

- Lu Y. et a).Beyond Finite Layer Neural Network: Bridging Deep Architects and Numerical
Differential Equations, ICML 2018.




Motivation

Deep Residual Learning(@CVPR2016)
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Theoretical Convergence Results is built in:

Thorpe, Matthew, and Yves v@&ennip "Deep Limits of Residual Neural Netw
preprint arxiv:1810.11742018.

A New Generalization Perspective From Control:

Han,Jiequn andQianxiad.i. "A mearfield optimal control formulation of deep learningrXiv
preprint arXiv:1807.01083(2018).




Depth Revolution

Deeper And Deeper
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Depth Revolution

Going into
Infinite layer
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Polyne{ @CVPR2017)

Revisiting previous efforts in deep learning, we found that
diversity, another aspect in network design that is relatively
less explored, also plays a significant role

PolyStrure @

Backward Euler Scheme:
W w do )t (O Q w

~
=~

(b) Polynet Approximate the operatofO Q by O O O E

Zhang X, Li Z, Loy C C, et al. PolyNet: A Pursuit of Structural Diversity in Very Deep N2#R& K017



FractalNe{@ICLR2017)

RungeKutta
» Scheme(2order)

Qo QQw YA®) "QQw YA®)

Larsson G, Maire M, Shakhnarovich G. FractalNet: Ultra-Deep Neural Networks without Residuals. ICLR 2017.



ODE: Infinite Layer Neural Network

Dynamic System _ Neural Network

Continuous limit Numerical Approximation

Table 1: In this table, we list a few popular deep networks, their associated ODEs and the numerical
schemes that are connected to the architecture of the networks.

Network Related ODE Numerical Scheme
ResNet, ResNeXt, etc. u; = f(u) Forward Euler scheme
PolyNet ur = f(u) Approximation of backward Euler scheme
FractalNet us = f(u) Runge-Kutta scheme
RevNet X = f(Y),Y = f2(X) Forward Euler scheme

WRN,ResNeXtInceptionResNet PolyNet SENeetcX X Y
Newscheme to Approximate the right hand side term
Why not change the way to discrete?

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



Experiment

@Linear Multistep Residual Network

SSNE T

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



Experiment

@Linear Multistep Residual Network

=) . 0 m) -

Linear IMulti-step Scheme

Linear Multistep Residual Network

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018
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(b)Linear Multistep ResNet

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



conv

Only One More
Parameter

(b)Linear Multistep ResNet

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



Experiment

Table 2: Comparisons of LM-ResNet/LM-ResNeXt with other networks on CIFAR

@ Linear Mu I’Hstep Residual Network Model Layer Error Params  Dataset
| ResNet (He et al. (2015b)) 20 875 027M  CIFARIO
ResNet (He et al. (2015b)) 32 7.51 0.46M CIFAR10
ResNet (He et al. (2015b)) 44 717  0.66M  CIFARIO
ResNet (He et al. (2015b)) 56 6,97 0.85M CIFAR10
I ResNet (He et al. (2016)) 110, pre-act 6.37 1.7M CIFARI10 ]
LM-ResNet (Ours) 20, pre-act 8.33 0.27TM CIFARI10
LM-ResNet (Ours) 32, pre-act 7.18 0.46M CIFARI10
LM-ResNet (Ours) 44 pre-act 6.66 0.66M CIFARI10
| LM-ResNet (Ours) 56, pre-act 6.31 0.85M  CIFARIO |

94.0

2x fewer parameters

C

(a)Resnet (b)LMResnet

Test Accuracy(%)

2 lll é 8I 1I0 1I2 14 16 18
#Parameters(x109)

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



Experiment

@Linear Multistep Residual Network
Table 2: Linear Multi-step Resnet Test On Cifar

Model Layer Accuracy Params Dataset
Resnet 20 91.25 0.27M Cifarl0
Resnet 32 92.49 (0.46M CifarlQ
Resnet 44 9283 (.66M CifarlQ . S
Resnet P 9303 0.85M Cifarl0 Table 3: Single-crop error rate on ImageNet (validation set)
Resnet 110 93.63 1.7M Cifarl0 Model Layer top-1  top-5
LM-ResnetiOurs) 20 91.67 (0.27M CifarlQ ResNet (He et al (2015b)) 50 24 7 1R
LM- Eesnet(Ours) 32 92.82 (0.46M Cifarl0 ResNet (He et al. (2015b)) 101 236 7.1
LM- Resnet{Ours) 44 9298 (.66M Cifarl0 ResNet (He et al. (2015b)) 152 23.0 6.7
LM- Resnet(Ours) 56 93.69 (0.85M Cifarl0
EM- Resnet{Ours) 40 91.75 (0.27M Cifarl0 LM-ResNet [Ou]_'s) 50, pre-act 23 8 7.0

LM-ResNet (Ours) 101, pre-act 22.6 6.4

Resnet 110 72.24 1.7TM Cifar100
Resnet 164 75.67 2.55M Cifar100
Eespet L2202 7720 IR 88N Citarl
ResneXt 29( 8= bdd) 82.23 34.4M Cifar100
ResneXt 20016 x=64d) 82.69 68, 1M Cifarl 3
LM-ResnetiOurs) 110 T3.16 1.7TM Cifar 100
LM-ResnetiOurs) 165 16,74 2.55M Cifar 100
LM-ResneXtiOurs) 29{8=6dd) 82.51 34.4M Cifar100
LM-ResneXtiOurs) 29{16x64d) 83.21 HE. 1M Cifar100




Explanationon the performance boost vianodified equations

@Linear Multistep Residual Network

ResNet

o. o o E—) o —o. P9

LM-ResNet

§.. )

[1] Dong B, Jiang Q, Shen Z. Image restoration: wavelet frame shrinkage, nonlinear evolution PDEs, and beyond.
Multiscale Modeling and Simulation: A SIAM Interdisciplinary Journal 2017.

[2] Su W, Boyd S, Candes E J. A Differential Equation for Modeling Nesterov's Accelerated Gradient Method: Theory
and Insights. Advances in Neural Information Processing Systems, 2015.

[3] A. Wibisono, A. Wilson, and M. |. Jordan. A variational perspective on accelerated methods in
optimizationProceedings of the National Academy of Sciences 2016.
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Plot The Momentum
@Linear Multistep Residual Network
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Plot The Momentum

@Linear Multistep Residual Network
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Connection to stochastic dynamic

Noise can avoieverfit?

Dynamic System

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential
equations."ICML 2018




Connection to stochastic dynamic

ShakeShake regularization °. o. thH() ( LE@RED= h]
. BG.) -(WC.) BG) |t — (W) B

\/%(fl (X) = o(X)) © [Lyx1, On x_1]dB:

a; + rand(0,1)

Apply data augmentation

techniques tointernal
representations

Figure 1: Left: Forward training pass. Center: Backward training pass. Right: At test time.

GastaldiX. Shaké&hakeegularization. ICLR Workshop Track2017

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



Connection to stochastic dynamic
Deep Networks with Stochastic Depth®- o. t.Ko

d} @ p 38zZ + §]A

a neural network during training,
we randomly skip layers entirely.

Huang G, SunY, Liu Z, et al. Deep Networks with Stochastic Be@gi2016.

Lu,Yiping et al. "Beyond finite layer neural networks: Bridging deep architectures and numerical differential

equations."ICML 2018



