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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




Background &
Motivation




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 @ -

Average Apr 22, 2012 Jan 12, 20714 Oct 4, 2075

Credit: DDonohd H.Monajemi V.Papyara { U 6§ & oypéX{ Gl yT2NR



Eric Xing added 3 new photos. -

10 hrs - &

Kicsre\ﬁ'é\ ériend) This is a sad scene at NIPS 2017. Being alchemy is

5SS f SIENYyAYy3a Aa alf 2 . . 3t NIPS 2017. Being aichemy
_All Rah|ml NIPS 2017 :esrrt::‘:!notas ame, not wanting to work on advancing to chemistry is

THEORETICAL 1 DIMENTS
TO MACHINE LEARNING

WITH SEVEN SPARKS FROM
THE CAUSAL REVOLUTION

Juses Peart
University of Calformia. Los Angeies
pdoa@os udia odu

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

2S LINPoOlFofé akKz2dzZz R FANBRO FAYR AaFNF YS¢

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

"Q("Q("Qé (o‘o)))

A Dynamic System? o



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)

) o o §. ¢

Forward Eulers:Schem o RRRNe

C

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

28.2

‘ | 25.8
152 layers |

\
\
\ ~
LZZ layers 19 |ayers
357 I_ = I ! 8 layers l' 8 layers [ { shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet




Depth Revolution

Going into
Infinite layer

S

Differential Equation RN -
As Infinite Layer ~

~
Neural Network ~ | 152 layers ‘
A
\
\
\
\
\
\
LZZ layers 19 Iayers
\ 6.7
3 57 I_ £ I 8 layers Flayers shaIIow

---‘

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11l ILSVRC'10
ResNet GoogleNet VGG AlexNet



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



onv

C

(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.




o, o, l e,
Plot The Momentum
@Linear Multistep Residual Network
(
1.0 , 1.0 : : : ,
+—a |LM-ResNet20 ~~—4 | M-ResNetll0
+—4 | M-ResNet32 +—4 [ M-ResNetl1l64
+—4 LM-ResNet44 | 0.5 : : |
—4 LM-ResNet56
0.0}
"’1\ __f -0.5
A
N
\ -1.0
\
-15
A
2% 5 10 15 20 25 =29 10 20 30 40 50

Index Of Residual Block Index Of Residual Block



Plot The Momentum

@Linear Multistep Residual Network

1.0 : - T T

: : : LM-ResNet20
LM-ResNet32
LM-ResNet44 |
LM-ResNet56

0.5

(AN

0.0

0 5 10 15 20 25
Index Of Residual Block

~~—4 |LM-ResNetll0
~—4 |LM-ResNetl64

10

20 30 20
Index Of Residual Block

50



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

o. prt. o) |k, pOPe.
VT D e B B 2 NERAZOS G KS
I a neural network during training,
. we randomly skip layers entirely.
B T hdw S,

Fig. 2. The linear decay of py illustrated on a ResNet with stochastic depth for pg=1

and pr, = 0.5. Conceptually, we treat the input to the first ResBlock as Hg, which is
always active.

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



Connection to stochastic dynamic

Noise can avoliaverfit?

(0 "AOONMY0)) "QAO W (™ O

\ 4

The mumerical scheme is onlyneed
/ to be weak convergencke

fmt o« € (Y

-
N

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
o. prt. o) |k, pOPe.

Weneedp ¢n 0 Yo

¢2 NBRdAzOS GKS

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

Huang G, SunY, Liu Z, et al. Deep Networks
with Stochastic DeptECCV2016.

20 38 56 74 92 110
network depth (in layers)

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

equations."ICML 2018



(9 KO 1%L

Stochastic
Scale ik Strategy As
Previous

(b)Linear Multistep ResNet

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

equations."ICML 2018



Experiment

@Linear Multistep Residual Network

Table 4: Test on stochastic training strategy on CIFAR10

Model Layer Training Strategy Error
ResNet(He et al. (2015b)) 110 Original 6.61
ResNet(He et al. (2016)) 110,pre-act  Orignial 6.37
ResNet(Huang et al.|(2016b)) 56 Stochastic depth 5.66
ResNet(Our Implement) S6.pre-act  Stochastic depth 3.55
ResNet(Huano et al (Q016b) 110 Stochastic depth 5725
ResNet(Huang et al.|(2016b)) 1202 Stochastic depth 4.91
ResNet(Ours) 110,pre-act  Gaussian noise (noise level = 0.001) 5.52
I M-ResNet(Ours) 56.pre-act Stochastic depth 5.14
[LM-ResNet(Ours) 110,pre-act  Stochastic depth 4.80

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

equations."ICML 2018



Conclusion

@Beyond Finite Layer Neural Network

Neural Network CE— Dynamic System

Stochastic Learning ¢=ssssssssss)  Stochastic Dynamic System

New Discretization

| Original One:LM-Resnet© Beats Resnet Modified Equation

LM-ResNet

~ Stochastic Depth Onet M-Resnet ' Beats Resnet

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

equations."ICML 2018



Earlier Evidence: LISTA

Unrolled Dynamics

Z(k+1) =h,(W.X +SZK)), Z(0) =0 x—~ W, Az
ISTA
eror S -
10} >< ; i z Unrolling ’
1 . x-W,
{F= R : L**Sg**sg‘#*sgﬂ“
i | LISTA

Gregor K.,andLeCunY.Learningast approximations of sparse codingIGML 201@pp. 399406).



Earlier Evidence: TRD

Unrolled Dynamics

Reaction force o o=15
AT (At~ 1)) Method 13 55 St. TRD-.. TRDq.-
BM3D 31.08 2856 2 31.14 31.30
TR LSSC 3127 2870 5  31.30 31.42
. — |~ EPLL 31.19 2868 8 31.34 31.43
T T T Y, opt-MRF  31.18 28.66 o =25
Nonlinearity . RTF; - 28.75 TRD5x5 TRD7x7
J = v WNNM  31.37 2883 2 2858 28.77
S Al y CSF2.. 31.14 2860 | 5 2878 28.92
Convolution . Convolution CSF2,.. 3124 2872 8 2883 28.95
Nk Average PSNR among a dataset with 68 images
Ut = Ut—1 — (Z k‘f * Qﬁf(kf * ’LLt_l) + )\t(ut_l — fn)> g g g
=1

Learning a diffusion process fdenoising

Cheny, Yu W, Pock T. On learning optimized reaction diffusion processes for effectiveastaggion CVPR2015



Recent Evidence: Optimization
Algorithm Inspired DNN

A Deep neural network as optimization algorithm:
3 T e “

A Faster algorithm result in better deep neural network:

H I _ Model CIFAR-10 | CIFAR-100
‘ eavy Ba ‘Net. ‘ ResNet (n = 9) 10.05 39.65
W Yo) o HB-Net (16) (n = 9) 10.17 38.52
ResNet (n = 18) 9.17 38.13
Accelerated GD Net: HB-Net (16) (n = 18) 8.66 36.4
DenseNet (k= 12, L = 40)* 7 27.55
& | Yo T (oo 0 F,do) AGD-Net (18) (k = 12, L = 40) 6.44 26.33
DenseNet (k= 12, L = 52) 6.05 26.3
AGD-Net (18) (k =12, L = 52) 5.75 24.92

Li H, Yang Y, Chen D and Lin Z. Optimization Algorithm Inspired Deep Neural Network Structure Design. ACML 2



Recent Evidence: Nonlocal DNN

A aYAYySUAOa¢egd RFEGF &asSiay
videosand 20k validation videos.
A Task: classification involvid§0

human action categories

model top-1  top-5

baseline | 71.8 89.7

I-block | 72.7  90.5

R3O S5-block | 73.8  91.0

10-block | 74.3  91.2

baseline | 73.1 91.0

I-block | 743  91.3

) R101 5-block | 75.1  91.7

Residual Block: Z*+! .= ZF 4 F(Z*F . Wk) 10-block | 75.1  91.6
_ E.varky _ virk L k . (c) Deeper non-local models: we
ResNeBlock: ‘F(Z 1W ) _ WQ f (Wl f(Z )) ? f = ReLUoBN compare 1, 5, and 10 non-local blocks
Wk added to the C2D baseline. We show
Nonlocal Block: [F(Z";W")], = 2= w(Z}, ZF )Wy ZT) ResNet-50 (top) and ResNet-101 (bot-

Ci(z ) Vi tom) results.

Instability when using multiple blocks!

X. Wanget al. "Nonrlocal neural networks.CVPR 2018



Recent Evidence: Nonlocal DNN as
Nonlocal Diffusion

Design a newstable block

n . .
Y1, on n on Nonlocal diffusion
Zi =0 e D w(Xi X;) (2] - Z7)
1 Vj
Model Error (%)
baseline 819 Nonlocal Neural
2-block (original) 7.83
3-block (original) | 828 Network
4-block (original) 15.02
Same Place 2-block (proposed) 7.74
3-block (proposed) 7.62
4-block (proposed) |  7.37 Nonlocal Markov Jump
5-block (proposed) 7.29
6-block (proposed) |  7.55 Process
: 3-block (original) 8.07
Different Places 3-block (proposed) 7.33

Tao Y, Sun Q, Du Q, et al. Nonlocal Neural Networks, Nonlocal Diffusion and Ndabedaig.NeurlPS018



Deep Neural Networks
and NumericaPDE

DATA DRIVEN PHYSIC LAW DISCOVERY




PDENet: Learning PDEs from Data

Can wdearn principles (e.g. PDEs) from data

Credit:KebinShi,
Physics@PKU

Dynamics of actim Immunocytoskeleton Dynamics of Mitochondria

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.



PDENet: Learning PDEs from Data

Can welearn prlnc:|ples (e g. PDEs) from d7ata

Preliminary attempt: S-Sato et a5GaraRe0L:
Combine deep learning and numerical PDEs

Objectives:

Predictive power (deep learning)

Transparency (numerical PDES)

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.



PDENet: Learning PDEs from Data

PDENet: aflexibleandtransparentdeepnetwork Prior knowledge ofi0
T o . v . 5 A Type of the PDE
Assuming T_b "Ocivh 6h o A Maximum order

PDENet: multiple] dblocks

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.



PDENet: Learning PDEs from Data

Constraints on kernelg(anting transparenqgy
Moment matrix (related to vanishing moments In wavelets)

M(q) = (m; ;) nxn, where m; ; = T Z Ve gk, ko)
keZQ
We can approximate any differential operator at any prescribed order by constraining

For example: approximation ot withac okernel

0 0 = 0O 0 0 0O 0 O

1 % * 1 0 =% 1 0 0

* K 0 % % 0O 0 O
1storder 2storder 1storder
learnable learnable frozen

Dong, Q. Jiang and Z. Shen, Multiscale Modeling & Simulation, 2017

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.



PDENet: Learning PDEs from Data

Numerical experiments: data set generation
Convectionrdiffusion equationl{near)

ou = a(x, Y)ue + b(x, Y) Uy + Clpr + dity,
Uli—0 = uo(x,y),

a(x,y) = 0.5(cos(y) + x(2m — x) sin(x)) + 0.6,
b(x,y) = 2(cos(y) + sin(x)) + 0.8,

Diffusion with a nonlinear sourcag@nlinean c=0.2and d = 0.3
Ou
< — cAu U
ot B + fs(u) c = 0.3and f.(u) = 15sin(u)
ult:O — /U’O(:'Ua y)a

Initialization: random function with frequency wand6
Assumptions oiO

: Oty
Linear: F= > fi y)w
0<it+j<4
. o'y
Nonlinear F= > fi(z.y)5—=—+ fs()
1<iy<2 dr'dy’

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.



PDENet: Learning PDEs from Data

Numerical experiments: results
Prediction: linear v andy X filters)

warm-up 1 6t-block 3 St-block 10 &t-block 19 ot-block
V U
5 30 45 3 30 (1) A 30 45 601 15 30 A5
. warm-up 1 ot-block 3 oi-block 10 ot-block 19 o6i-block
/f

Learnable filtersc(range) v.s frozen filters iflue) in prediction

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.



PDENet: Learning PDEs from Data

Numerical experiments: results
Model estimation: linear

Co0 _ co1 _ C10 co2 . ci1 . Cc20

0.5

0.0

—0.5

-1.0
1.0

0.5

0.0

—0.5

-1.0
1.0

0.5

0.0

—0.5

-1.0

0.325 A

- ) 0.22 4
0.6 0.6 1 0.300
0.20 0.20
0.6 1 0.5 0.5 0.275
0.18 - Q:18:1

0.5 4 - 0.250 -
0.4 - 0.4 1 0.16

| 0.16 0.225 4 \
0.4 —

Long Z et al. PERet: Learning PDEs from Data. ICML 2018.




PDENet: Learning PDEs from Data

Numerical experiments: results
Prediction and model estimation: nonlinegy ( x filters)

warm-up 1 6t-block 3 6t-block 10 6t-block 19 6t-block

Long Z et al. PEMRet: Learning PDEs from Data. ICML 2018.



PDENet 2.0: NumerkSymbolic Hybrid
Representation

Symbolic networkdranting transparengy

Prior knowledge o0

! o) . o - A Addition and multiplication of
Assuming  —. "Ooh of o8  etems
T (0] Maximum or der.

= SymNetk,(Dyo U, Doy U,
Dy, o e )

o1lUs —
to the nonlinear
function [F

] Usse=U0.+6t-F




PDENet 2.0: NumerkSymbolic Hybrid
Representation

Symbolic networkdranting transparengy

More Constraints:

A Pseudeupwinding

A Sparsityon moment matrices

A Sparsity on the symbolic network

Motivated by EQL
A SahooS. S.; Lampert, C. HM&rtius, G.ICML2018

A Martius, Georg, and Christoph H. LampeutXiv
preprint arXiv:1610.02998016).

| @0 NAR 5SSL) BB ¢ 2

Long Z, Lu Y and DongiBt S\@t 2.0: Learning PDEs from Data with A Nurere Y 6 2 € A O



PDENet 2.0: NumerkSymbolic Hybrid
Representation

Weaker assumption of©® unknowntype CdZNBSNOA 91 dzk A

" _ 2
up = —utty — Uity + 0.05(tgg + tiyy) " atu _|_ (’U, : V) u = I/V U
vy = —uvg — vy + 0.05(vge + vyy)
: ¢ = v 0.005 + . + ’ -,-[8.[ U
ug = —0.906uu, — 0.901vuy, + 0.0331z, + 0.037uy,
Frozen-PDE-Net 2.0 0000
v = —=0.907vvy — 0.902uv, + 0.039%0, + 0.0320,,

Correct PDE

up = —0.986uuy — 0.972uyv + 0.054ugy + 0.052uyy
PDE-Net 2.0 -0.010

vy = —0.984uv, — 0.982vvy + 0.055v,, + 0.0500,,

Model recovery Remainer weights of ho
warm-up 2 6t-block 9 6t-block 12 6t-block 15 6t-block

1.25 | '
1.00 1
0.75
0.50 1
0.25 1

1 100 200 300 1 100 200 300 i, 100 200 300 1 100 260 300 1 100 200 300

Prediction

Long Z, Lu Y and DongiBt BN@t 2.0: Learning PDEs from Data with A NurdereY o 2 f A O | &




Application In Image
Processing

BLIND IMAGE RESTORATION




Deep Learning FdRestoration
One Noise Level One Net




Deep Learning FdRestoration
One Noise Level One Net




What We Want
One Model For All Noise Level




What Happen When Meet High Noise Level




PDEs In Image Processing

(2 div (el V) Vo) 2 x (0.7),
¢ Ou

N = 0 on 90 x (0,7),
L u(0,2) = up(x) in €,

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.



Moving Endpoint Control

Terminal time as a variable to train

Early Stopping Is
A Regularization

Restoration
Dynamics

Can we train it?

Mildly
Damaged ¢

Damage-
free

Need to be learn

mmLX. /th)t

st. X = f(X(t),w(t)),t € (0,7)
X(O)=.l'0.

Restoration
Dynamics

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.



Our Approach: Dynamically Unfolding Recurrent Restorer

Done
Restoration

Unit

Damaged
Input

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.



A Good Policyeads
ToA GoodRestorer 2 | T Tieawe T WMo /’/

min L(X(7),y) + R(w(t), t)dt Policy Unit

w.T 0

st.|X = f(X(t),w(t)).t € (0,7)
X (0) = zo.- Restoration Unit

Average Peak Time

Given A Policy> Train The Restorer
- Good Policy Leads To Better Restorer s

- . : 25 30 35 40 45 50 55
- Good Policy Leads To Betteeneralization Noise Level
Table 1: Average peak PSNR on BSD68 with different training strategies.
Strategy Noise Level
Training Noise Policy | 25 30 35 40 45 50 55
40 Naive 28.61 28.13 27.62 27.19 2657 26.17 24.00
35,45 Naive 2774 27.17 2666 2624 2675 25.61 2475
35,45 Refined | 29.14 2833 27.67 27.19 27.69 26.61 25.88

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.



DURR Model
Discretize Turn To An RL Problem

]"'lr-(

d
min 303" Ry(w)di + N(Xy, f)

N (i=1.2,--
w,Ny(i=1,2, i=1 j=1

R | Consider the objective as a reward
st XD = X! 4+ Atf(XE_ L w(t)n=1,%--- Ny, (i=1,2,--- ,d)

Xi=1:i=1,2-.d

Otherwise

; AML(xp—1.y;) — Lz, y; If choose to continue
""({Xn})={[].(( 1. Yi) (T yi))

Algorithm 1 Dynamically Unfolding Recurrent Restorer (DURR) Training via Policy Gradient
Input: The target y; and noisy observation x;
1: Initialize the weights of the restoration unit and the policy unit.

You can also choose other

2: Pretrain the restoration unit with defined policies. "
3: Set epochs M and the hyper-parameters in the algorithm. ap p ro aCh €s. . )
4: fort + 1to M do - A good image quality assessment without
5: Fix the restoration unit and simulate the forward trajectories using g reference
6: Calculate the policy gradient and then perform the optimization: s
5 ” - AClassifer | |
0 — 6 —yVeEx x, [(Z r({X:, w})) (vg > log (X}, 0))] - Fixed loop times according to the noise lev
e i - A Person

The expectation here is estimated on the sampled trajectory.

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.




DURR Model
Results

Table 2: The average PSNR (dB) results on the BSD68 dataset. Values with * means the corresponding
noise level 1s not present in the training data of the model. The top two methods are indicated with
colors (red and blue) in top-down order of performance.

BM3D [11] WNMM [2I] DnCNN-B [44] UNLNets DURR
c=15| 3107 31.31 31.60 31.47 31.38*
c=25| 2855 28.73 29.15 28.96 20.15
c=35| 27.07 27.28 27.66 27.50 27.70
c=45| 2599 26.26 26.62 26.48 26.71
=55 | 2526 25.49 25.80 25.64 25.91
c=065| 2469 24.51 23.40* : 25.25°
c=75| 2263 22.71 18.73* : 24,69

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.



DURR Model
Results

Table 2: The average PSNR (dB) results on the BSD68 dataset. Values with * means the corresponding
noise level 1s not present in the training data of the model. The top two methods are indicated with
colors (red and blue) in top-down order of performance.

BM3D [11] WNMM [21] DnCNN-B [44] UNLNets [28] DURR

ad =15 31.07 31.31 31.60 31.47 31.387
ad =25 28.55 28.73 29.15 28.96 29.15
ad =35 27.07 27.28 27.66 27.50 27.70
ad =45 25.99 26.26 26.62 26.48 26.71
T — 55 AL 1 s 5

24.69

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.
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Figure 9: Denoising results of images from BSD68 with extreme noise conditions (o = 95).

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.




JPE@®eblocking

Ground Truth DNnCNNB Our DURR

Table 3: The average PSNR(dB) on the LIVEI dataset. Values with * means the corresponding QF is
not present in the training data of the model. The top two methods are indicated with colors (red and
blue) in top-down order of performance.

QF | JPEG SADCT[I8] AR-CNN[14] AR-CNN-B DnCNN-3 DURR One Model For All QF
10 [ 27.77 28.65 28.98 28.53 29.40 29.23*
20 | 30.07 30.81 31.29 30.88 31.59 31.68
30 | 3141 32.08 32.69 3231 32.08 33.05
40 | 32.45 32.99 33.63 33.39 33.96 34.01°

Zhang X, Lu Y et al., Dynamicllihfolding Recurrent Restorer: A Moving Endpoint Control Method for IrRegéorationlCLR2019.




Application In Medical
Imaging

UNROLLING REVISITED




Unrolled Dynamics:
ADMM-Net

(X®) () = FT(PTP + p1)t
[PTy + pF(z("~1) — pn=1],

L
: 1 2 n n n,KR— n a\n—

=1 = T k—1
_ Z)‘EDJ H[Dgz(n’ - ))?
=1

s.t. z=u.
n). a2(n) _ an—1 ~( .(n _(n
| M®) - g — =) ) )y
Sampling data Nfrﬂ Reconstructed
in k—space MR image

xl) _._..._"x(n—l.) _’Z(n—l)
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1
1
1
[}
P A Vel A B C, | H B[ C A -»-..-bé'n‘;::m
[}
1
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Sun, Li, and Xu. Deep ADMdt for compressive sensing MRI. NIPS 2016.



Unrolled Dynamics:
ADMM-Net

10% 20% 30% 40% 50% Test Time
NMSE PSNR NMSE PSNR NMSE PSNR NMSE PSNR NMSE PSNR CPU\ GPU
Zero-filling [46] 0.2624 2635 0.1700 2996 0.1247 3259 0.0968 3476 0.0770 36.73  0.001s\--

Method

TV [3] 0.1539 3090 0.0929 3520 0.0673 3799 0.0534 40.00 0.0440 41.69  0.739s\--
RecPF [11] 0.1498 3099 0.0917 35.32 0.0668 38.06 0.0533 40.03 0.0440 4171  0.311s\--
SIDWT ? 0.1564 30.81 0.0885 35.66 0.0620 38.72 0.0484 40.88 0.0393 42.67  7.864s\--
PBDW [24] 0.1290 3245 0.0814 36.34 0.0627 38.64 0.0518 4031 0.0437 4181  35.364s\--
PANO [7] 0.1368 3198 0.0800 36.52 0.0592 39.13 0.0477 41.01 0.0390 4276  53.478s\--
EDLCP [29] 01257 3263 0.0759 3695 0.0592 3913 0.0500  40.62 0.0428 4200 52.222s\ --

[ BM3D-MRI [30] 0.1132 33,53 0.0674 3798 0.0515 40.33 0.0426 4199 0.0359 4347  40.911s\--
Init-Net;q 0.2589 2617 0.1737 29.64 01299 32.16  0.1025 3421 0.0833 36.01  3.827s\0.644s

[ADMM-Netlg 0.1082 33.88 0.0620 38.72  0.0480 40.95 0.0395 42.66 0.0328 44.29 3.8275\0.6448]

Sun, Li, and Xu. Deep ADMdt for compressive sensing MRI. NIPS 2016.



Further Application of Unrolling;
TaskBased Image Reconstruction

Twao-step approach: imaging and diagnosis

Image
Reconstruction

Abnormality
Detection

Problems of the twestep approach:
Evaluation of the reconstructed image quality.

Redundancy in data for a specific task.

Can we make it entb-end, and does it help?

D. Wu et al., Entb-End Lung Nodule Detection in Computed Tomography, MICCAI Workshop, 2018. (arXiv:1711.0:



Further Application of Unrolling;
TaskBased Image Reconstruction
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Further Application of Unrolling;
TaskBased Image Reconstruction

True positive rate

D. Wu et al., Entb-End Lung Nodule Detection in Computed Tomography, MICCAI Workshop, 2018. (arXiv:1711.0:
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Further Application of Unrolling;
TaskBased Image Reconstruction

Similar Ideas
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