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Existing methods rely on known ISP steps, Computationally Efficient ControlNet Integration
or specialized capture conditions, limiting * Reuse the RAW-Diffusion encoder and bottleneck

generalization.
Old RAW Diffusion method [1] improves

reconstruction but still needs per-sensor " »

training and lacks metadata for fairness and RGB Image

bias evaluation. .
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We propose a camera-agnostic inverse ISP »[ﬁ][a”e”ﬁ] e *[BHGIHH’%

framework that reconstructs RAW images \_+“ H“]
from any sRGB input while improving mDD

generalization and accuracy across arbitrary
Sensors.
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Invertible ISP designs: Methods like :
InvISP [2] redesign the forward ISP to be Experimental Results

mathematically invertible, but only apply e We trained our mode on A100 GPU, with 10000 steps using AdamW. Initial

when Fhe ISP Itself can t_)e modified. learning rate is 0.0001, linearly decreasing to zero, and a batch size of 4.
Learning-based sampling and

reconstruction: Works such as Nam et al. RGB Ground Truth RAW-Diffusion RAW-Diffusion RAW-Diffusion RAW-Diffusion with
: . . RAW (RD) with FiLM with ControlNet
[3] use superpixel-based sampling with L — - e e

AT

multi-phase training but still assume known
ISP pipelines and struggle with
Cross-camera accuracy.

Generative models: RAW Diffusion [1]
leverages a UNet with multi-resolution
sRGB guidance but requires training a
separate model per sensor and lacks
metadata for fairness/bias evaluation,
constraining its practicality.
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