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Two-step deep unfolding strategy for compressed
sensing reconstruction algorithms
SHAO Kai'*’, YAN Lili', WANG Guangyu"*”’

(1. School of Communication and Information Engineering, Chongqing University of Posts and Telecommunications, Chongqing
400065, China; 2. Chongqing Key Laboratory of Mobile Communications Technology, Chongqing 400065, China; 3. Engineering
Research Center of Mobile Communications, Ministry of Education, Chongging 400065, China)

Abstract: A two-step deep unfolding (TwDU) strategy is put forward for the deep unfolding of reconstruction al-
gorithms in compressed sensing. The existing deep unfolding reconstruction algorithms usually estimate the current
value based on the previous one-step estimated value. TwDU increases the estimation depth for the existing deep unfold-
ing reconstruction algorithms and estimates the current unfolding value based on the previous two-step estimation value.
TwDU increases two training weights for the previous two-step estimation value in the existing deep unfolding recon-
struction algorithm. The training weights are self-adaptive, which can learn and adjust following the changes in data
characteristics by themselves and optimize and utilize the correlation among the estimated signal values. The proposed
TwDU strategy is applied to the existing deep unfolding reconstruction algorithms, such as the learned iterative soft
thresholding algorithm, learned approximate message passing algorithm, and trainable iterative soft thresholding al-
gorithm. The simulation results in one-dimensional and two-dimensional sparse signals confirm that the TwDU strategy
has obvious advantages regarding reconstruction accuracy and convergence speed.

Keywords: compressed sensing; sparse signal; signal reconstruction; deep learning; deep unfolding; model-driven; iter-
ative soft threshold; approximate message passing algorithm; image processing
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% D oy

\‘J _ st _

Vi e

— B[ A/ >0 =
)

y y

2 LISTA kiR RE
Fig. 2 Schematic diagram of the 7-th iteration of LISTA

A Of QIR B J I F A Bk T T A R B ZR)
S8 RO 0K L AMAE 5 Ry IS
Ok O, AR B0 S AT . FF X LISTA
HILE S, 0=[B S 7l
12 TISTA

TISTA J& ISTA 5.7k 5 —FP iR B R B L, 1E
FAOHT I MUK MMSE Al T 48 51 A =, Higgs 3k
A

r=%+yW(y—-A%)

lly— Ax/|; - Mo? )

2 _
i T max( trace(ATA)

®)

)
s

T = (N + (%2 - 2%) M ) + 5 trace(WW")

X ZUMMSE(rt;TIZ)

e r N FR2E, FEFEW = AT(AAT) 2 JH M AR Th
W B, v iR 22 7 2 A THE, o M T 22,
7 9 5k 25 B AL TR TR 5 22, mamse R BR/INE T R 22
i TH A%, HOE 5T AR A S T e 1y 5B 5y
1o %ﬁﬁ/\fgﬁﬂ&y\fﬂgﬁj_%%ﬁ%ﬁﬂﬁy TIMMSE

2 _ (¥ PF (y;€)
UMMSE(y;ﬂ)z(?)(l—p)F(y;WHpF(y;f) @)
A y A EEWE T, 9700 5k 22 YAl T g R O 22,
CHEMME G HNEFITCRNTT 2, =+, p N

i AMF S AR TR IR, DL

F(z,)()=;ex

_ZZ

N P(g) (10)
MK (8) H AT LLE Y, R 25 7 2545 THE v A
2N TR AR E ST E R W E e EE, 5
S UE IR R SCHR [27] A TEGEBEIT . A T B IR
vy AR EAE, X (8) i Bt W T A /N Y TEAEL,
Ie=10", bpig ity eR(r=0,1,---,T-1) &K
SR, TSR AR R T 15 25 7 22 KON, R IR E 2%
HJEARFFEINGRRISEL, ARG W25
TISTA 511454460 = [y, 5> T LISTA. TISTA

R PR RS R ITIE W E 3 iR .

x[ r[ xl‘*l
D TTamsE >

=

y y

)
A
PV

A

=

B3 TISTA FrRERTE
Fig. 3 Schematic diagram of the 7-th iteration of TISTA
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Fig. 4 Schematic diagram of the r-th iteration of LAMP
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Table 1 The amount of trainable parameters of the TwDU
strategy (7-th iteration)
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