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Analysis of Signal Recovery for Compressed Sensing

using Deep Learning Technique
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Abstract Compressed Sensing(CS) deals with linear inverse problems. The theoretical results of CS have
had an impact on inference problems and presented amazing research achievements in the related fields
including signal processing and information theory. However, in order for CS to be applied in practical
environments, there are two significant challenges to be solved. One is to guarantee in real time recovery
of CS signals, and the other is that the signals have to be sparse. To this end, the latest researches using
deep learning technology have emerged. In this paper, we consider CS problems based on deep learning and
discuss the latest research results. And the approaches for CS signal reconstruction using deep learning
show superior results in terms of recovery time and performance. It is expected that the approaches for CS
reconstruction using deep learning shown in recent studies can not only raise the possibility of utilization
of CS, but also be highly exploited in the fields of signal processing and communication areas.

Key Words : Approximate Message Passing, Compressed Sensing, Convolutional Neural Network, Deep
Learning, Sparse Signal
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2. "2{<9(Deep Learning) A7H

2.1 Had uH

Helde 196090 Rk AlqkEl AISHE
(machine learning) $HAIE o] dolX# = =9
o] dgtow wHxol grt 5] vhF HYEERY
9 A 3H(backpropagation) €aLz]&[10]e] SHo=
7NAEES A2 1715 srolst AN S5

Ao A WAIEl= ‘vanishing gradient problem’ $F
‘overfitting’ &A= 91715 srolatAl ©t3] o=
dste] AF T2 TFEY ofHFol tEHIOY,
20062 Hinton w570l &J3l A <5 (pretraining)
S 0]83 DBN (Deep Belief Networks)e] #|<Fs]
UAREH 2449 9yd(EE A% 217 % (deep
neural network)) AF7F AFEATHILL HEg
GPU( Graphics Processing Unit) &8 7]+ o
v 10WA] 208 oY mE FFEEE A SHI
HEA gJyde dFE ¥V AVI7E =HAo
[3].

deide]l FAZEYH #AS oA @ of+e
201211 ILSVRC(Imagenet Large Scale
Recognition Challenge)oll A el 7|¥te] Z&E3
A 2173 (Convolutional Neural Network : CNN)
A9l AlexNet7} 914 o2& 153%S 71534
A "Hede] Aol dFHUAT wEelTHi2)
o] A& 29 HHEHT 10%°]d 2 7150, o
Fo ILSVRC A &7 HAlolA CNNES &-&-gt
RdEo] 49AE AXeA ®Hrh. CNN 7|uke]
Ho9 HIA = AbAE 9 (unsupervised
pretraining) ¥ =3rol--(drop-out) [13] 52 7+
o] HalXHA LAFATE GoogleNets <144
HEE oA F FetE 5 AIY =49
o 2014 ISLVRCAA 952

g oz7ke] Hit 914 oHES 5%
3]
20159 ISLVRCA A $-5< A= gri15].

2.2 2284 HFY(CNN)

Aol olnAE B ui= ojrAe] BA w9
A7) mrke AAH aa(FH, 54 B)E
Adstel onAE ojuth. TRTH NFYL
osh ol Aol AAWWS i
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CNN2 MLP9] & FF2M o]u|x]oA

A ko]l BAE ol&ste] MA EFRE st
A L= ATH16]. CNN2 F34 ol T4 A &4
AxE 2] f8 ZEFM(convolution)Z ¥

(pooling)<& o] 8-t



CNNE dlolg] AAZ wdesly] Hrls )4 2.3 Hald sEny
stual sk o Jgurs Agstel mdasly] dey g5 98 oF AT error back-
wimoll v Zbdsieh ojmA|e] A o] propagation) i ZS o]gath o AL A
CNNel = df4e] fgatth A5 20, o1 g (geed forward)s} 4 H(back propagation) &
Al A S Adael wefd el AGE g 244900 gom, of J1RE Fa Hel
At wAle) Y AHE A FREL W page g H49 12 (weight)Sh vFolo]
getel shutel AAE depfa ok o] A A L e vk WA An dAdAE Fd
oy} I, EAY FAAE ouAY HATE o tlo]E(training data)$} 7tsAE A8 Aisho]
SA Qe dgHe] vt =& 5S4 AHel o n2 san qgm dd9 g 29 o)
ofulAl A vehd = 7] Wikl ONNZ iy waer o4 7+ o] &ate] sbEAlel bf
A Fe R oln|x] HAE EFFsle] EEE} olo] 4 e ALsN HAB S o8 AAdy o
o Adsith CNNe| 2234 AT 7A9e 4 [a=0 9 gojgs olastel sande 2
A AAS A s em T dh9IM F 0 g5 g oxe zonh AxHom Zo:=
R AES sk, ol oAl AelM B o ama so gojge] HHsE A9 vl
= 2Edst FAsk ol A ALE oA A . e mge e sos £ guiis]
F9e AR BAOR WrojH TuIFAL F Heldels  AHs we 24 F4(loss
AT ONNE ol2le sastel e S DA fnoions olgstel WEga sebige) Qge
A E2ERA Ak ARl WEA FAL Y g gy me #AAg wgel YAW 4
ARl ' 52 5 QAeH16] E(learning rate)S IEHHHE A7) 93 W
CNN& A thE 84e E9(pooling)°] oo SGD(Stochastic Gradient Descent)”} 3%
th 23L& UE £o/ZE subsamplingoldta & Holt}, o] Wrol AdaGrad €3E]E, RMSProp
B oA HolHe S 2ATE AR D g guz= adam 2aeE 5o A4 BEe of
o ELE At E™maxpooling)? Hi FL g0 2a goz Hasama S97. 49
(average pooling)& AHEH&=H]|, ZEFA #A @ol &#7 SGD= 71&7] sk 719ke] HA s
M EER AR SN W B4 EHAE ggazon. o) A wesAw SdEe
Adeh =, 99 2718 2AFE VISR oF  gag gopaez 97 el Susmst
deb el Wik 1A Wl We 99 HAL: L gqs ggo) gk mul ol stae o @
g gtk o2 =0l oA Aol =AM A o) gges o steags vusl sxd 13
AN= 2AZE FADAE Fa3A FATE Ol g a5g) jpwE RMSProp @1#]Z& AdaGrad
2 o] oji BB 9|X3t=RE 2Q3dx $A # WS AR o ma F&A WHom o
oA =Y A ONN A2 Sl BT a5 g o) wre s)ev] @RS oLl u)
AT wEad ARE AU 288 1R po AquGradl M B4E A SduE PEE

QAstel Feol NG LIE 744 LTHI6)
W AT EY Ang o A

REASNA
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B
=0 _ =
= == (activation function)Z Al Hed, 49 &
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ok 2000 ) o] d Held AFelxes F2 2445
ShER A Al 1RO E(sigmoid) $HE o83 Th
a3y E=8 07 1 SAHAA AR = 349
7171 0o 7k #hol7] wiEel 7171 Aket
A FAl(vanishing gradient problem)7} 243}
oH17]. o1& alE38t2A ReLU(Rectified Linear
Unit) 371 @43} g2 diAEo dxle
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g7 A>0e A5 IiaA
/3 Atol 9] trade-off “d=oltt.

1) IST : AA3 A (V& 7P 3] &2
3l7] 918 IST(terative shrinkage thresholding)
S FS o] &stATH20]. o] dnyEFE v A
guit} ohgo] FES AASEA s e
2= y—Ait, (2)
= nT(:Et + A th), 3

3} 24

o,

43

~t+1
T

ol71A z,& tWHA AgelA [ FAH 23}
(residual measurement error)°]aL, n.(+)E H&
3} o] Aol¥i: F2A ¥4 (shrinkage function)
9] soft thresholding©]t}.
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« )9 W E(derivative)S L3t
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correction” o2 AojHr) o]zl IST &g
=3 "luste] AMP €aElFo] 2 e & &
A ZFo] spo|t}. g1 Onsager correction &
> HE % -C’—(effectlve noise)S LAY 7T}

3) D-A 7V 2 AT [22]914= AMP
gy_a%g— Hd%& WosA Ao ¥ ol
RE FEE AAstzr AF-eA Onsager

correction ¥ W3t D-AMP(Denoising-
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fe YERE[22],

n 9D (x
vpﬂ(x)::;]l%i), (10)
o] 714,
Dg(ac):argmrin | zg+oz—a | 27
subject to zEC. (11)
AMP ¢ag&abs 22l D-AMP dale|s2
(7)9] Onsager correction &o &2 23] k& A

W ol EAsH=E wholo & Fhe Xﬂﬂ@ = 3
A gol met AWGN P9 o= =
A 5 gloizel

o] Yel®= =AY £AE HFUY B2
Houh o =
TVAL3 [23]&
o), NLR-CS [
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decomposition) 2.2 W3 7}z FA7x] &g
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[6]o1 4= CNN= St
Deeplnverses AltsAth 17 19

Original Signal Measurement Vector

Input
X y (Signal Proxy)

X

% oT
—) [ —

A B vkel o] R WA dAlE 4 AT yE
fully connected linear &2] ¢=& o
717 3E AT zer"E

/RoHngﬂ_O_

= =

2 A3 ol WSsE 54 Als g2 FAEE d
o] dlolElE o]&dtth IFHUAL Tt A
AE gl AT & 2 F JEE uAE 3A
o] Z&PHA}, = [6]eA4+= 1719 fully connected
7 MY 2EFHA T& o839, LeRU &
g o] g3t nAaPES A8tk

) AASHA CNNol 45l A o] g9 A 2§
HA=A FAHR WEs ARET] s F3HH
g EES ofstd uvgy Ak & A

NE iE YO o] the FY UF (1)
g 2 A
(wal, = (AL (W5 2) +(00), ). (2

0:17]}\1 VV"ERk xkzsq_ bkeR(lll‘Fl\‘ 1) (ny+ky— 1)
247}y | WA feature mape] ZE 9} njolojxg W

Dlyoly S A& &
= ZH9 —ri} Xé°]6}?<}. 131@ ZAA] CNNeflA] ¢]

A=

1 Layer 2" Layer Output
Feature Maps Feature Map (Recovered Signal)
X

|Matrix | |Matrix iplicati | |C

Layer|

| Convolutional Layerl | Convolutional Layer

a7 1 2ERM AEYE
Fig. 1.

0|23t Deeplnverse T+= [6].
Structure of Deeplnverse using a convolutional

neural network [6]
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ag 2. 27f 2Ysez TME LDAMP 7= [7].
Fig. 2. Structure of LDAMP with two hidden layers [7].

(a) Barbara (b) Boat (c) Couple

a8 3. dsHluE flsh AFZE 77H2| olg|x| [7].

(d) Peppers (e) Fingerprint

(f) Mandrill (g) Stream and
Bridge

Fig. 3. The seven images for comparison of performance [7].

SYZolM A w'h
1S Bk 0 2HE denoiser D'S ekt

g 2v 20 e9Eo® A" LDAMPT%
oAl 2719
DnCNN(Denoising Convolutional Neural
Network)E 23sta ltt. ol DnCNN-2 1674
oA 208 ZEFA FE& FATA N5 F&

s AN BHow AgHrt
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3.2 45H|Z

w g ged 14e B8F GHAY R
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ZwolA gely 7% Jluke] dEAy A% %9
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§2 g, AN WES ASEAANA 4
A5l

[6lel = AsHlaE 93] D-AMP [2],
TV(total variation) minimization [26], P-AMP
[27] gag]FS ol&ah 1y =i [7]elA

i

= 2% 304 Bo] F= uks o] T/He] oA
g ol&ste]l 45& Hlusle ol deHlas
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7+ Bol Frh =5 [7]0A Aeksls AE 59
HH(LDITS LDAMP)©] 7]E9] Ao &
o]
<

E 1. ¢g|Ed w2 AMs S AIZF (sec) [6].
Table 1. Runtimes for signal recovery with several
algorithms (sec) [6].

m/n [6] D-AMP TV P-AMP
0.2 0.01 3.41 2.53 1.53
0.1 0.01 2.93 2.34 1.23

0.01 0.01 2.56 2.26 0.94

E 2. JtRAlet MyaEn 5 &30| 812 mf 128128
37|9| o|o|x| S AlZt (sec) [7].

Table 2. Runtimes for recovery of 128128 images
with i.i.d. Gaussian measurements and no
measurement noise (sec) [7].

m/n 0.05 0.1 0.15 0.20 0.25
TVAL3 1.36 2.24 2.87 3.58 4.33
BM3D-AMP| 3.85 4.80 4.45 4.24 4.10
LDIT[7] 0.21 0.28 036 | 0.42 0.48
LDAMP[7]| 0.34 0.40 0.49 0.55 0.61
NLR-CS | 67.83 | 8591 | 103.87 | 124.35

E 3. Coded diffraction MA#HD £H ZS0| gl o
128128 A7|2| o|o|X| =& AlZh (sec) [7].

Table 3. Runtimes for recovery of 128 <128 images
with coded measurements and no measurement noise
(sec) [7].

m/n 0.05 0.1 0.15 0.20 0.25
TVAL3 | 062 | 052 | 046 | 043 | 041
BM3D-AMP| 3.80 | 455 | 429 | 367 | 3.40
LDIT[7] | 0.13 | 0.14 | 0.14 | 0.14 | 0.14
LDAMP[7]| 026 | 026 | 026 | 027 | 026
NLR-CS | 87.26 | 87.82 | 87.43 | 87.18 | 86.87

322 54 M=
492 PSNR(peak signal-to-noise ratio) <
st GFAY s B dugEe de
S B7heth a9 4olMe e PSNRS B F
W m/n o] 0.06RT & uliE =E [6loA Al
b A7t 7 stk 2™ 4ollAE Ko
.

-
il

Aske A9l m/n A 2A Wy 71w
ey AE Bl Ve 2ueF ud ¢

H = =
FEAE @A, AT e g Fol
1

30

N
3]

N
o

Avg. PSNR (dB)
(3]

=y
o

©® Deeplnverse
5 «@-TV Minimization [
= P-AMP

l# 0.05 0.1 0.15 0.2 0.25

Undersampling Ratio

T8 4. m/noll 2 o PSNR : Deeplnverse= =2
[6]0llA] A otet,

Fig. 4. Averaged PSNR over m/n : Deeplnverse is
proposed in [6].




E 4, 7RAlo MAHT £ FE0|
37]e| olo|Xx| F&e| PSNR [7].

Table 4. PSNR for recovery of 128 X128 images with
i.i.d. Gaussian measurements and no measurement

noise [7].

U= 128128

BM3D- LDAMP

ololx| | TVAL3 | SxNE | LOIMIZ] | =" [NLR-CS
Barbara | 2175 | 2436 | 19.39 | 25.80 | 25.17
Boat | 22.95 | 2404 | 21.49 | 24.67 | 23.84
FK')’QI%? 1677 | 18.07 | 17.23 | 17.36 | 17.84
Mandrill | 2321 | 24.12 | 22.17 | 24.37 | 23.56
Peppers | 21.98 | 2444 | 19.13 | 26.00 | 25.18
Couple | 2307 | 2479 | 2124 | 25.43 | 24.91
Stream&
 dae | 20.86 | 2205 | 1982 | 22.52 | 21.80
¥ 5. Coded diffraction MM =X E=20| 1S o

=
128128 37[2| o|o|x| F&le| PSNR [7].
Table 5. PSNR for recovery of 128128 images with
coded diffraction measurements and no measurement
noise [7].

LDAMP

olalxl | TvaAL3 | B0 | Lo | -PAMPINLR-cs
Barbara | 2508 | 2540 | 2402 | 27.90 | 24.12

Boat | 2539 | 2448 | 2477 | 26.50 | 2156
Fg;ﬁﬁr 17.34 | 18.68 | 1731 | 1756 | 17.11
Mandril | 2479 | 2448 | 2474 | 2557 | 21.15
Peppers | 25.83 | 2552 | 24.36 | 28.18 | 24.05
Couple | 26.13 | 2553 | 2524 | 27.24 | 2227
Steamé | 23.13 | 2256 | 2021 | 23.87 | 2104

E 6. 7tAlt MyaHED £ &20| AS M 128128
37]e| o|o|X|] F&le| PSNR [7].
Table 6. PSNR for recovery of 128128 images with

Gaussian measurements and measurement noise [7].
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