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Abstract

Phase retrieval is a typical nonlinear non-convex inverse problem in computational imaging, aiming
to recover signal phase from intensity measurements, where noise significantly degrades reconstruc-
tion accuracy and imaging quality. Consensus balance unifies data fitting and regularization constraints
through balance equations, enabling the transformation of maximum a posteriori estimation of regu-
larized inversion into equation solving. This paper proposes a general multi-mapping fusion frame-
work for data-driven models, theoretically derives the consensus balance equation, and proves that
its solution is an extension of the standard maximum a posteriori estimation under specific conditions.
A corresponding solving algorithm is designed, and by integrating consensus balance with deep
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learning, a denoising phase retrieval method with both interpretability and data-driven advantages
is proposed.
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oM SR i A

VBN VMG B A% 0 1) B, R T 2 =) 755 3] R R T ok 5 VI 2 S0 I R B 5 e P e, (R A 2
B FE O RE AL R BRI, AAAERH R R . BOFHED A (PnP) B AY [4]-[ 714 e 1 5] N IEMIMb T, 3
FT4EH PnP-ADMM [6] [8]-[10]. PnP-LADMM [11] [12]& 54 Th 7 Z M & kett, AMA7AE A AL i)
#&; Romano %5 A\ RED [13]7772: 8 B B :URIA X H A ADMM iR, A4k 2siE . CE [14] [15]:@
LR T T E AR, (HIE BIAE R M A . BIANZ AV B R, HL R 2 PR PRI
HIMREE .

AR HIE T EOR I AT (1) 2 Wi A AE RS, HE S ISP T BRI EIE B TTE N MAP it
R, Wb RRMEE, 455N SIREES: ), 5 A BT iR 5 S IR R 1) 25 A
KR % prCE-deep-Net.

2. B4EEP A
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p(bIx)p(x)

p(b)
T IEMED O, Bk EEAA Ny X =argmax p(b|x) p(X), SIAGASEEREBORE, ¥ Hir
Mk A argmin, £ (x)+7g(x), BIAZSEAER, HAREENY

x=argmin f (x)+yg(v), st.x=v, 2

(1)

x =argmax p(x|b)=argmax

SINHR I B SRR, b SR R EUTR SO £ (x) = JAx—y[f . MR E
o(x) EWIRHE AR, T LGS ER, WEH v TR 50T TR R AR, T8 x
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LRI M7 & — Fh A AL SEACACE SRR L T (m] 08 (] RS At 1) 22 LS SR 1 P e P B 5070 . BE
AT HEASR RS, AR 2 NAFEE IR R EPE R R RS . AR R R AR, i
LA E HF 5 LM 2 [P, SERRMES RBE 2 AN TR I8R5~ 3t
ARG, XEE a5 & R EGAC I G . EIRBERIE R S IR B 5 S BHUR LR &
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Bl 2 g CBAM VER ), di iy 5 0 R0 23 (B3 R 738 i O R AT iﬁfﬂﬁ%J : FRZEPAEHO I
SR FRT A4, 73 B S A (0L ] 1) o A TR A B0 1 B2 I 35 Hik ¢ AN AR R — A
PR E, AN RTZANE LRSS Pt iE.
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Figure 1. Architecture of consensus equilibrium-based deep neural network for phase retrieval
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4.1. BEEREMAEWL

TEATE A4 COP IS ARSI W, FAARR. SLM X DY & R kAT e Ass, itk
i /2 128 x 128 HIRKE S .. FAI 18 Pytorch A1 Adam it 2% LA K DNCNN 25 g 2% SEERER AT 9 2%
B, Horh g S 3O B 51y 3% 1074, batchsize 24 10, WIAIERHIA X° =1, Jy T S 3
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(RIOERA R RS DL . B BRRHUE N L =R— x|, + A(1-SSIM(R,x)) » Ferh & A4 i 1)
AL BRI THE, x NESEETERE, 18P 25 BRATIEIZEAR 200 K. BT HBUE S50 f Ht b
RIS HIERL % 1 Nvidia Geforce RTX A5000 GPU [J2E 10 A s w1 ] pytorch #4714t .

4.2. IWERS S

PATHEAT T TR GIEAE Set12 Bym R (WK 2) LRIBUE SRS, AT SE58 1 EAIHEA FEAL S
e 7 7P A [F I B AR LR SRR o O T SR UE AR TR T Ak AR e AN [RDUL A 7R ) o I
AT ARG P 55 5 T W 45 ) B 5T AL E AT 1 IR T S &AL #r

(a) Peppers (b) E. coli (c) Yeast (d) Pollen

(e) tadpole (f) pillars (j) Butterfly

Figure 2. Test images: natural images and unnatural images
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421 BRHERDH

F 12T KRR AKCE 5008 9 27, 81 HT, 1 128 x 128 MIREE b, TEAS [ 5 S5 400 &5
BT EN . % 1A T SRR PSNR 5 SSIM, AR 4 R B LUk AR . TRLE H,
AR SR, ARSCER T A5k 4 o7,

Table 1. Performance comparison of various methods on images under different noise levels

#* 1 TRIGEERLGEEEG ERMREXTEE

a=9 a=27 a =81
Method
Unnatural Natural Unnatural Natural Unnatural Natural

DeepMMSE 40.26/0.98 39.45/0.98 33.03/0.94 32.32/0.93 25.41/0.78 22.64/0.81
USP 41.59/0.98 40.19/0.99 34.95/0.94 33.32/0.94 29.62/0.86 27.20/0.82
PRComplex 41.11/0.98 39.78/0.98 34.64/0.93 33.50/0.94 28.35/0.84 26.55/0.82
PRISTA-Net 41.46/0.98 40.08/0.99 34.90/0.94 33.26/0.94 29.39/0.85 27.04/0.82
PRCE-Net 41.93/0.98 40.44/0.99 35.20/0.95 33.55/0.95 29.71/0.86 27.37/0.83

U2 (EMEFESEY N O INMIRE 7S 261, 7E Yeast El{8 1, PRCE-Net 1] PSNR AR &AL, &% & TIX
1) PRISTA-Net. 7F cameraman &4 |, PRCE-Net [ 5 44V BEAH b HAh 7V 78 S5 M AR B0 RE FsEAR . B
HITIER) SSIM MIRFFE 0.97 DL L, BEHIMRME S T % FE I e Of B B8 4544, PRCE-Net 7EORFF &
PSNR 177 B 45 1) R 30 B 2R HA B0 B 2 T B

Table 2. Performance comparison of different methods on test images with noise level 9

F 2. BRER K, FRIGEEMNREG EHMEREXTEE

E. coli Pollen Yeast peppers bridge cameraman

DeepMMSE 39.91/0.99 37.97/0.99 42.9/0.99 40.33/0.99 37.24/0.98 40.18/0.98
UPR 40.64/0.99 38.63/0.99 45.46/0.99 41.06/0.99 38.17/0.99 41.49/098
PRComplex 39.80/0.99 38.41/0.99 43.95/0.98 40.20/0.99 38.46/0.98 41.08/0.98
PRISTA-Net 39.90/0.99 38.40/0.99 45.55/0.99 40.97/0.99 37.96/0.98 41.32/0.98
PRCE-Net 40.96/0.99 38.90/0.99 45.90/0.97 41.25/0.99 38.46/0.99 41.60/0.99

P 3 TEME G RARTT & 27 B, FU7iErERe I TR, (HAEX B S R R — 8. 1E Yeast
K% I, PRCE-Net ] PSNR A EL XL () PRISTA-Net #2714 0.8 dB, L34 —254 K. 7E Pollen 1% I,
PRCE-Net [¥] PSNR & 5T UPR, {H SSIM {REFLE 5 HART7V2AH 2, 15 WY AE M i 38 i I {75 e - 40 15
5458 . PRCE-Net AR IITE A 6 5k G - HUS H = PSNR,  BOAME—TE BT MR A 3580058 1)
T35, R B R B PR A B o AHLE IR S 552 9, & T77% PSNR 1) N [%4) 8~10dB, H:H' DeepMMSE
FRIRE, 1 PRCE-Net (32 Il B /N, ARIL T 0] H s e 7 FR Rk

A TEMEFR RN 81 s A 25N, PRCE-Net {/37F cameraman. E.coli. Yeast. peppers. Pollen
KGR A EE R, SR R %57k SSIM HilEfE %8 0.75~0.96, PRCE-Net [ SSIM ¥zl /),
H PSNR SR BEAR €, EBH L AE e A N Re IR RE nT SE i B =
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Table 3. Performance comparison of different methods on test images with noise level 27
2 3. MR 27 B, FEIGFEEMNE G ERYMEEEXTEL

E. coli Pollen Yeast peppers bridge cameraman

DeepMMSE 31.02/0.97 29.83/0.92 37.06/0.98 33.27/0.95 29.91/0.90 33.24/0.92
UPR 32.15/0.97 30.70/0.94 39.71/0.98 34.48/0.96 30.82/0.92 34.84/0.95
PRComplex 32.35/0.91 31.21/0.93 38.36/0.96 34.23/0.95 31.44/0.92 34.66/0.94
PRISTA-Net 32.23/0.97 30.82/0.94 39.44/0.92 34.30/0.95 30.73/0.92 34.77/0.95
PRCE-Net 32.49/0.97 31.02/0.94 40.24/0.98 34.59/0.96 30.90/0.93 34.92/0.95

Table 4. Performance comparison of different methods on test images with noise level 81
4. BRER 8LE, FARIGAENXEGR EMtERERTEE

E. coli Pollen Yeast peppers bridge cameraman
DeepMMSE 23.49/0.85 24.14/0.75 27.52/0.90 25.61/0.83 24.00/0.71 26.10/0.82
UPR 25.44/0.89 25.51/0.80 33.68/0.96 27.78/0.87 25.30/0.74 28.68/0.88
PRComplex 25.21/0.79 25.56/0.81 29.41/0.92 26.79/0.87 25.27/0.76 27.75/0.88
PRISTA-Net 25.38/0.86 25.24/0.79 32.92/0.95 27.48/0.86 25.22/0.74 28.68/0.88
PRCE-Net 25.65/0.87 25.48/0.80 33.71/0.96 27.90/0.87 25.41/0.75 28.98/0.88

422 BENWESATRLSH
P 3~5 45t 128 x 128 P MR AEAN [ P 25 2 N (9 FA AT AL X L, SRS 45 SRR, DU 7> o s
Wt 2 L PR (R s o A B R 3 BT S B B 1Bl AR AR S IR S, AEIA AR
PRGN, I EHE A B 5 2 AT S (R SE B B U, 2% B & R O BdiE PR U S T
T PR R (g )R E R, T2 MR ST AR A ML FEEARG, AT S KR B OR B 1 PR ) S e e A
SO UMY, B T IR . MR AR T RO M, MR K B IR T Y 81 I, WS S
WO HEIG G, EMREEIAG. B, BENHLRBIE T 78R R AL E gy, FFRIEIG N T 205
FRCEE(Y pn IOHLBIEE T, LA A A EHI0 ™ AR D . 2 0 ST ) (0 U ) . 38—
AR irEs, RHEHEZL N Z A DnCNN LBESAE 205 % BUWEE] 1 A F B X, 23
B XTI IXRYIRLEIFATHE 7 IFRIFBI, TR T D RE T AN——1 a0 #7057 A N
I P T S DA, 1 53— AR BT BB M SE A T8 iAia g . R B M fER T prCE-
deep-Net HVEE S H 2 AR MR A 7 57 R 38K A EE RV BERE J1, IERT 1 E A sUOL AL AR R & 2R
P L) 5 R FRE A 22 00 2% s X sl A PR ) (e R P 5 T b

Truth DeepMMSE PrCom USP

PSNR/SSIM  37.97/0.99 38.41/0.99 38.63/0.99 38.42/0.99 38.92/0.99
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'
PSNR/SSIM  40.22/0.99  40.20/0.98  41.06/0.99  40.97/0.99  41.23/0.99

Figure 3. Reconstruction comparison of 128 x 128 test images at noise level 9
3.128 x 128 KM EIG MRS 5 9 B RO EAILLER

Truth DeepMMSE PrCom USP PRISTA Ours

32.15/0.97 32.23/0.97 32.49/0.93

PSNR/SSIM  29.83/0.92  31.21/0.93 30.70/0.94  30.85/0.94  31.00/0.94

PSNR/SSIM  37.06/0.98  38.36/0.98  39.71/0.98  39.44/0.98  40.24/0.98

~

' r i ’ I

Figure 4. Reconstruction comparison of 128 x 128 test images at noise level 27
[ 4. 128 x 128 BOMIK ER MRS A 27 BTRY EHILLER

Truth DeepMMSE PrCom USP PRISTA Ours

PSNR/SSIM  23.49/0.85 29.10/0.86  25.44/0.89  25.38/0.86  25.65/0.84

PSNR/SSIM  24.14/0.75 25.56/0.81 25.51/0.80 25.25/0.80 25.47/0.80
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29.41/0.92  33.68/0.96  32.92/0.95  33.71/0.96

| e ' r I

PSNR/SSIM  25.61/0.83 26.79/0.87 27.78/0.87 27.48/0.87 27.92/0.87

Figure 5. Reconstruction comparison of 128 x 128 test images at noise level 81
B 5. 128 x 128 B EIGAERR S 0 81 BT EMIEL S

5. /NG5

AR T FR BT (CE) S5 IR BE 2% 2] (0 £ AR AL B 7 iR W IT, B W 75 AR AL A 52390 1] L)
SRAGEAME i, IR 2 P [F AT 5 IR FE A SISO IR ) . EMEREIMSE &, W T CE-
deep-Net #% 0o A%, e 7 EILHES . DL DNCNN fE 4 2B 1E W I % 0 SL A, 456 CBAM VER )
BEEL 55 5% 22 SR R THRFE SR IS R B, A E S BN B 25, LSS R . A&
SCHTHR TV T AR ARAAE R BR A1, 38 2 557V )P 5 P A 1 R

SE 3wk
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