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e Existing PnPDP methods Plug-and-Play combination e Accuracy: PSNR; SSIM e Efficiency: total compute; compute-bound when fully parallelized
Category Method SVD Pseudo inverse Linear Gradient F In d In 9 S
Linear guidance DDRM (Kawar et al., 2022) ® ® ® - e PnPDP vs. traditional: More accurate but less time- and memory-efficient.
DDNM (Wang et al., 2022) — ® ® —
IIGDM (S t al., 2023 - ® - — ° . Ground truth Stable region Better results
( orgeta ) PnPDP Vvs. eaCh Other° but poor results but unstable Failure region
General guidance DPS (Chung et al., 2023) - - - ® e With closed-form forward model: methods ' e
LGD (S t al., 2023b — — — ® . :
(Song et 2 ) that require more gradient calls, e.g. PnP-DM | |
DPG (Tang et al., 2023) — — — —
SCG (Huang et al., 2024) _ _ _ _ and DAPS , pe rfo 'Mm bette [ |
EnKG (Zheng et al., 2024) — — — — e Without closed-form forward model: methods step size: 1e-4 step size: 3e-4 step size: 5e-4
Variable-splitting DiffPIR (Zhu et al., 2023) - - - ® that require more gradient calls can be very Increase step size .
PnP-DM (Wu et al., 2024) — — - ® slow and unstable Stability condition v/ ? X
DAPS (Zhang et al., 2024) — — — ® rf
¢ Linear problem: methods that leverage the linearity, e.g. DDNM, pertorm better.
Variational Bayes RED-diff (Mardani et al., 2023) — — — ® P J y 9 P
CS-MRI 025 - Inverse Scattering 0.50 - Navier-Stokes
Sequential Monte Carlo  FPS (Dou & Song, 2024) - - ® -  Measurement sparsity: 05 Ao dote = niolee level 1 = noice level 1
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* \We consider five representative inverse problems in physical sciences advantage over baselines ... S B i
Problem SVD Linear Complex domain Closed-form forward Gradient access  Noise type il - - ~0.05 — — -~ 0.20 - . ” -
Linear inverse scattering v v v v v Gaussian e F d d I I. . . PnPDP | d _H_- _[_- d d | _[_- . d ﬁ
Compressed sensing MRI X y y y y Realoworld orward model generalization: Pn can generalize to different forward model configurations (e.g. different
Black hole imaging X X X v / Non-additive MRI sampling patterns) without additional hyper-parameter tuning.
Full waveform inversion X X X X v (slow) Noise-free
Navier-Stokes equation X X X X X Gaussian * OOD generalization: PnPDP tends to bias toward the prior it the underlying source is out-of-distribution.




