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Abstract

Multi-stage deep unfolding networks combine explicit degradation models with learned priors by
alternately solving data-consistency and prior subproblems. However, existing training schemes
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typically apply homogeneous supervision across unfolding stages and, in teacher-guided training,
implicitly assume equal teacher reliability across samples and stages. To address these limitations,
we propose Operator-Constrained Stage-Progressive Optimization (OSPO). First, a clean degradation-
operator constraint consistent with the deterministic data-generation process is imposed on the com-
plete stage output after the prior update, limiting changes to observable components. Second, a pa-
rameter-free stage schedule coordinates operator-domain and high-frequency supervision, pro-
gressively shifting the training emphasis from degradation consistency to detail recovery. For the
teacher-guided instance, the teacher compact-representation loss is further modulated according
to the dual-domain agreement between teacher and ground-truth residual messages, yielding Opera-
tor-Constrained Stage-Progressive Reliability Optimization (OSPR). Under a controlled protocol on
Set5 at x4 with 12 non-bicubic blur kernels, OSPO improves RGB-PSNR by 0.0364 dB over the USRNet
baseline, while full OSPR improves it by 0.0429 dB over the corresponding compact residual-prior
baseline. The proposed objectives modify only the training loss and require neither additional infer-
ence modules nor teacher calls at deployment.
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i B i XU W B A, T BB SR SO %88 USRNet 0B FF I FR 1 BB Bl 5 H s 7R
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Figure 1. Overall framework of the proposed OSPO and OSPR
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Table 1. Main quantitative comparison on Set5(*4) over 12 non-bicubic blur kernels

2 1. Set5(x4) £ 12 MIEWM R B EEE SR

Hik: RGB-PSNR/dB?1 RGB-SSIM? Y-PSNR/dB1 Y-SSIM?
USRNet #:£; 30.1805 0.8634 32.1001 0.8953
USRNet + OSPO 30.2169 0.8652 32.1384 0.8967
P S U Y57 30.3017 0.8665 32.2124 0.8976
BB + OSPO 30.3343 0.8678 32.2458 0.8986
524 OSPR 30.3446 0.8683 32.2566 0.8991

i USRNet #£4k 5 USRNet + OSPO KHAHF FIVIZRIR L B Se i 85 4450 F AR [F) B iR Bk 22 S B A . OSPO
FEXT USRNet J£26 1) RGB-PSNR #2751 0.0364 dB, 58%¢ OSPR X EiE e 00 K463 157 0.0429 dB. & FVEAER—BF
P EL A H R HEBR Z5 44

FEFRHE USRNet I, FE£8 /) RGB-PSNR.RGB-SSIM. Y-PSNR F1 Y-SSIM 43 %14 30.1805 dB- 0.8634
32.1001 dB A1 0.8953. A OSPO J5, PYTiE R/ Al#& Tt 2 30.2169 dB. 0.8652. 32.1384 dB #i10.8967,
XN 24 0.0364 dB. 0.0018. 0.0383 dB #10.0014. PUTifEFs 28 —E& T+, WiMAE Mar 2R,
B B it i XUt B R U A A USRNeet [ B 22 25

TR RTR 22 e B sl I, SRS + OSPO MIVUIFE bRy s T AR 564k, o RGB-PSNR
30.3017 dB #&7+ % 30.3343 dB. S5 NFIT TSR E S, 565 OSPR 1AF] 30.3446 dB. 0.8683.
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Figure 2. Visual comparison on Set5 under a representative x4 non-bicubic degradation
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Figure 3. Absolute residual maps of different reconstruction methods relative to the ground truth
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Table 2. Ablation study of OSPO components
F% 2. OSPO “H AR R HRA SEIY

SR E HAIRL R INETHEITAEN R R RGB-PSNR/dBT  RGB-SSIM1
F£ 2% (Base) — — — 30.1805 0.8634
IETF LR \ — — 30.1942 0.8639

] U s V J — 30.2051 0.8647
OSPO \ \ v 30.2169 0.8652

e A LAAE AR R ARSI IIZRTREEATICRE 7 s OSPO W B B RS 2 AN EITI B, I R M JEA 1R J5 ST
BANZE BRI

fe 2 a0, AN T2 )5 , RGB-PSNR H1 30.1805 dB #2714 30.1942 dB, RGB-SSIM H1 0.8634
TR 0.8639, X —45 FICKFAETEHEM Bt BT3RS 205, DAYRCES S0 58 SRR T B 43
MIREIR o 7SR FIn N S s B, [ e RO B 3 — 2Pk 3] 30.2051 dB 1 0.8647, Ui B =i Al 5
B RAE ST E N B FAME: 57200 B = SR 240 5 40 e B, 5 300 B DR 1k R A — Bk

FINH BB IR 5T LS, OSPO (1) RGB-PSNR #1 RGB-SSIM #f — P42 7+ 28 30.2169 dB #1 0.8652,
AEAE [ 72 OO 73 38 0 0.0118 dB A1 0.0005. &5 TR0, 1R BEIYE 6 I 3E 52 420k W9 25 P 40 2Kk 1) ] o
B0, B Badh RS XU s A AR (R A 2 A T BRIME o A EE R R I B < (R FAR < [
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TERBRRZE I sl b, i — DR SRR . (UMAZIT TS (U OSPO Fl5E %
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Table 3. Ablation study of OSPO and reliability-aware teacher supervision
3 3. OSPO SHIMAI St i B HR L0

B e At OSPO FOm ] SEE RGB-PSNR/SSIM1 Y-PSNR/SSIM?
Rim el ke — — 30.3017/0.8665 32.2124/0.8976
Rigdeln + nIEENE — % 30.3185/0.8669 32.2291/0.8982
XE%K + 0SPO V — 30.3343/0.8678 32.2458/0.8986
5£4% OSPR Y Y 30.3446/0.8683 32.2566/0.8991

PRH: B N ZOT R $EPE )5, RGB-PSNR 1 30.3017 dB 271 & 30.3185 dB; 7E%55EK + OSPO il |, 5gi
OSPR ##—2575 %) 30.3446 dB, DYIRFEFRIARSE [H 424k, .
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dB. 0.0004. 0.0167dB H10.0006, FHILZAEAS . F M BOR T BOM R B RAL HARE 4 HT PR vl 7 kA R
H—F k. b\ OSPO I, PUTHIE 54> %14 0.0326 dB. 0.0013. 0.0334 dB #10.0010, *¥{kmT
HOM A SRR SR AOIE RS, Vi OSPO J2& 1% S v (1) 35 Tk Rl otk e I
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