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Signhal Recovery

{The inverse problem: X=1f(W)+¢

[Observation X} [ Recovery (W) }

® Compressive sensing
® Image super-resolution
® Image denoising

® Image deblurring




A General Machine learning Framework

min- £(f(W),X) @ R(W)

Learning Loss/likelihood Regularization/pri
machine term or term




A General Machine learning Framework

@ L(f(W),X) [¥| R(W)

Low rank

Sparsity

Non-local Similarity \
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E: e~p(e)

p(W|X)~ Likelihood (X|W)
Likelihood (X|W)p(W) = p(e;)
1 Log 1 Log
< L(f(W),X) + R(W) > < L(f (W), X) = L(E) >
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What we assume noise as:
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But the real noise is:
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L2 loss

L1 loss | _Underfitting




Noise Modeling Principle

Assume the noise distribution follows a
parametric model p(e,0)
Learn 6 from data

E needs to be estimated under
known model parameter W

¢

W needs to be calculate@
under fixed loss function L, .
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Noise Modeling Principle

e Assume the noise distribution follows a
parametric model p(e,0)
e Learn 6 from data

Step 1: Given an initial model parameter(s) W and

parametric noise distribution e~p(e, 0);

Step 2: Estimate the loss function/noise distribution
/ 6° = argmaxy ; log p(e;[6) ; \
\Step 3. Optimize the model parameter W undey

fixed loss function Lg-.



Loss Modeling Principle

Assume the loss function Lg containing certain parameters 6
Learn Ly from data

w* = arg min z L (x;, e(w))
w i

ti=t+1 e=x— W)
Les1 = MLE/MAP(e)?

Stop?
No P




L2 loss

L1 loss
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Universal approximation property of MoG

Any continuous

distributions

(Maz’ya and Schmidt, 1996)




MoG Noise Modeling "s¥™

: Fernando
Zhao Qian de la Torre

Step 1: Given an initial model parameter(s) W and noise distribution
e~ Zk nkN(e; O, sz)
Step 2: Estimate the loss function/noise distribution

{n*, 0"} = arg maxz logz m N(e;; 0,012); \
,0 i k

/ 1/2
T * = lz Y; oL* = (Zl Yi,k eiz) / Vi = T[kN(ei; O, sz) .
\ tONL Y Vik T YN (e;; 0,002 |

Step 3: Optimize the model parameter W under fixed loss function

W* = argmin [[H(",6") O (D — f(W)) |,



rank Data Structure

Low
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Application: Background Subtraction




Original video Background video

Foreground objects Shadows of objects Camera noise
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L2 loss

L1 loss
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nExtend MoG to MoEP
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Cao Xiangyong

Candidate

W Heuristic strategies (Meng et.al. ICCV 2013, Zhao
et.al. ICML 2014)

B Information criteria: AIC (Akaike ISIT 1973),
BIC(Schwarz et.al. AOS 1978) and etc.

B Bayesian methods: variational inference (Bishop
et.al. PRML 2006), Dirichlet prior based method
(Ormoneit et.al. TNN 1998, Zivkovic et.al. TPAMI
2004).

B Penalty methods: penalized likelihood (Huang et.al.
arxiv 2013).




Mixture of Exponential Power Distribution

® The candidates p, can be set the same or different

Representation capacity of MoEP significantly expand that of MoG!

® All previous models can be considered as special cases of this MoOEP
framework:

B L2 normloss model: EP,

B L1 normloss model: EP;
B L2+L1 norm loss model: EP, + EP, Al pab(heD)
® L, norm loss model: EP, Ll EEEEEEE) |
| MoG: EP2+EP2+
B Mixture of Laplacian: EP, + EP; + -+ *°
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Hyperspectral Image Denoising

(u) Original HSI

(¢) RegL1ALM.

(e) RegL1IALM

(e) RegL1ALM
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:Extend pixel-wise MoG to Patch-wise MoG _:

12 loss |

L1 loss "r Underfittin
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Wei Wei I I Yi Lixuan

 Photometric appearance (K. Garg and S. K. Nayar, ICCV 2005)

« Chromatic consistency (P. Liu, J. Xu, J. Liu, X. Tang, CIS 2009)

« Spatiotemporal configurations (A. Tripathi, S. Mukhopadhyay, LIP 2012)
 Local structure correlations (Y.-L. Chen and C.-T. Hsu, ICCV 2013)

e Discriminative structures (J. H. Kim, J. Y. Sim, and C. S. Kim, TIP 2015)

" They take rain streaks as Deterministic Knowledge!



Background: Low-rank
Moving objects: Spatial smoothness
Rain steaks: Patch-based MoG
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Ground truth
B T

Li(16’'CVPR)

:

Fu(16’arXiv)

¥ .
- Kim(157TIP) Kim(15TIP) Ours
Dataset Dataset 1 Dataset 2 Dataset 3 Dataset 4
Metrics VIF SSIM__ FSIM_ UQI VIF SSIM__ FSIM__ UQI VIF SSIM__ FSIM_ UQI VI SSIM__ FSIM___ UQI
Input 0.846 0981 0991 0934 | 0.731 0950 0975 0927 | 0591 0877 0935 0816 | 0717 0917 0970 0.763
Fu[10] 0.696 0956 0968 0847 | 0.673 0948 0971 0923 | 0530 0887 0933 0812 | 0670 0935 0967 0808
Garg[/4] | 0.862 0984 0990 0949 | 0.745 0961 0979 0944 | 0712 0935 0969 0887 [ 0707 0920 0972 0.772
Kim['7] | 0.810 0981 0987 0941 | 0642 0949 0968 0933 | 0666 0943 0967 0907 | 058 0912 0960 0758
Ours 0,904 0993 0993 0969 | 0.786 0977 0985 0968 | 0757 0960 0980 0952 | 0768 0949 0981 0.891
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LinecvPr)  Fu@earxivy  Kim(isTiP) Ours I

LiinecvPr) Fu@earxivy  Kim(@1sTIP) Ours

I Input Lite'cvPr)  Fu(iearxivy  Kim(15TIP) Ours I

I Ground (16’VPR) Fu@earxivy  Kim@sTIP) Ous I
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Next Generation of ML.:
From Laboratory to the Wild

CNCC
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L2 loss

L1 loss




Not identically distributed
AND
Not independently distributed

Dimensional/Spectral
prior

Temporal

Spatial
b prior

prior




Cao Xiangyong

L2 loss

N
L1loss |_ Underflttmg > P-MoG " Ovemttmg >

From Spatial

Perspective
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Chen Yang

L2Ioss‘_

L1 loss

From Spectial

Perspective

band118 band189 band190 band191
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(a) Original HSI (b) sVD (c) RegLlALM (d) CwM (e) MoG-RPCA () PMoEP

(b) SVD (c) RegLIALM (d) CwMm (e) MoG-RPCA (f) PMoEP

{(g) LRMR (h) LRTV (i) TDL (i) BM4D (k) NMoG

(g) LRMR (h) LRTV (i) TDL (j) BM4D (k) NMoG

(a) Original HSI (b) sVD (c) RegLIALM (d) CwWM (e) MoG-RPCA () PMoEP

(a) Original HSI (b) SVD (c) RegLIALM (d) CWM (e) MoG-RPCA (f) PMoEP

(g) LRMR (h) LRTV (i) TDL (j) BM4D (k) NMoG (&) LRMR (h) IRTV (@ TDL (G BM4D (k) NMoG

(a) Original HSI (b) SVD (c) RegLlALM (d) CWM (e) MoG-RPCA (f) PMoEP

(a) Original HSI (b) SVD (c) ReglLIALM (d) CwWM (e) MoG-RPCA (f) PMoEP
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.. (g) LRMR (h) LRTV (i) TDL (j) BM4D (k) NMoG " ‘. (g) LRMR (h) LRTV (i) TDL (j) BM4D (k) NMoG “
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Yong Hongwei

y R\ ,\IMRFMOGI

L1 loss || Underfiting > P-MoG lr Overflttlng

L2 loss

From Temporal
Perspective

lOnline method should be |||
| < More efficient!
B e More accurate! |
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LYHIL, X, v,U) = —Inp(x*|II, X, v,U) + R%(I1, X) + R4 (U)

K

RE(ILE) = Y N ' Drr(N(2]0,0, )|V (20, 0%))
k=1

+ N7 ' Dy, (Multi(z|TT* 1) | [Multi(z|IT)) + C
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data

Methods air. boo. sho. lob. esc. cur. cam. wal. fou. Average
RPCA [16] 7111 67.67 7279 7812 6409 B8L65 4456 6556 7239  68.06
GODEC [19] 6269 5839 70.71 7329 5742 5984 4371 4879 66.01 60.09
RegL1 [29] 6563 6246 7197 7527 6095 6269 4442 5786 7317 63.82
PRMF [17] 65.87 6229 7199 7532 60.20 6517 44.04 6195 7298 64.42
OPRMF [17] 66.17 6182 7195 7399 60.12 7086 42.89 6189 71.80 64.61
GRASTA [21] 61.87 5807 7147 6098 57.26 6820 4453 7588 69.23 63.05
incPCP [38] 59.84 6247 7128 7583 4559 61.10 4455 7494 7049 62.90
PracReProCS [37] 7001 6371 7161 61.89 56.08 7774 4228 8753 6276 65.96
OMoGMF 7408 5987 71.80 7801 6142 8608 4448 87.34 7178 70.54
DECOLOR [18] 6398 5997 6537 6893 7593 8956 7714 6403 86.76 72.41
GOSUS [22] 6580 6195 7212 §80.97 86.27 6826 5130 8437 7315 71.35
OMoGMF+TV 77.20 6117 7243 8347 6637 9254 6588 93.14 §2.53 77.19

» Better foreground object detection

Video esc. air. sho.
Frame Size 130x 160 144x 176 256x 320
OPRME [17] 0.5 0.4 0.1
PracReProCS [37] 1.5 1.2 0.2
GOSUS [22] 3.8 2.7 0.6
OMoGMF+TV 18.5 14.8 3.5
OMoGMF 99.6 63.0 52
GRASTA [21] 166.9 123.9 28.7
incPCP [38] 274.5 220.8 85.2
GRASTA &19%5SS 303.2 246.7 65.5
OMoGMF&1%SS 332.0 263.6 104.7

» Faster computational speed

puno.syoeg aumay paudiy aumaj (putdLIg)

S[ENpIsHY

A\

RASL t-GRASTA

t-OMOGNIF

Please see more demos in http://gr.xjtu.edu.cn/web/dymeng/7.

Better background scene subtraction
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e Non-L2 robust loss:
oL1-SPCA  Pattern Recognition 2012
o L1-Small Target detection TIP 2013
o L1-LRMF AAA 2013
o L1-Bayes-LRMF TNNLS

1* General iid Noise Modeling:

: 0 MoG-LRMF ICCV 2013

! 0 MoG-RPCA ICML 2014

: 0 MOEP ICCcV 2015

| 0 MoG-TF CVPR 2016

I 0 P-MoG ICCV 2017
. A e
I+ Noise Modeling with T/S/D Prior: I
! 0o MRF-MOEP TIP 2016 |
! o Non-iid MoG TC 2017 |
! o OMoGMF TPAMI 2017 |

« Domain Specific Noise Modeling:
o CT-Denaoising : ™I 2017
0 Lesion detection: In progress
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