
InverseBench: Benchmarking Plug-and-Play Diffusion Priors for Inverse Problems in Physical Sciences

• Most methods using diffusion models for solving inverse problems 
claim to be general but are mostly tested on image restoration tasks. 

• We benchmark 14 methods on five representative inverse problems. 
• We provide a highly modular and scalable codebase.
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Benchmark Problems

• Plug-and-Play Diffusion Priors (PnPDP)

Main Results

• PnPDP vs. traditional: More accurate but less time- and memory-efficient.

• Forward model generalization: PnPDP can generalize to different forward model configurations (e.g. different 
MRI sampling patterns) without additional hyper-parameter tuning.

• Imaging inverse problems
Recover an image
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• We consider five representative inverse problems in physical sciences

• PnPDP vs. each other: 
• With closed-form forward model: methods 

that require more gradient calls, e.g. PnP-DM 
and DAPS, perform better. 

• Without closed-form forward model: methods 
that require more gradient calls can be very 
slow and unstable.

• Measurement sparsity:  
• Higher measurement 

sparsity  larger 
advantage over baselines

⟹

• Accuracy: PSNR; SSIM• Existing PnPDP methods

• OOD generalization: PnPDP tends to bias toward the prior if the underlying source is out-of-distribution.

Findings

• Efficiency: total compute; compute-bound when fully parallelized
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TL;DR

• Linear problem: methods that leverage the linearity, e.g. DDNM, perform better.

Published as a conference paper at ICLR 2025

Table 2: Characteristics of different inverse problems in INVERSEBENCH, from left to right: whether
the forward model is linear, whether one can compute the SVD from the forward model, whether
the inverse problem operates in the complex domain, whether the forward model can be solved in
closed form, whether one can access gradients from the forward model, and the noise type.

Problem SVD Linear Complex domain Closed-form forward Gradient access Noise type

Linear inverse scattering ✁ ✁ ✁ ✁ ✁ Gaussian
Compressed sensing MRI ✂ ✁ ✁ ✁ ✁ Real-world
Black hole imaging ✂ ✂ ✂ ✁ ✁ Non-additive
Full waveform inversion ✂ ✂ ✂ ✂ ✁ (slow) Noise-free
Navier-Stokes equation ✂ ✂ ✂ ✂ ✂ Gaussian
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