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TL;DR: Sequence-level RL makes task-aware ISP more stable, I Our Approach IQuaIitative Comparison
faster, and lighter while improving downstream performance. . . . . .
() Key Idea: Direct task reward learning at the sequence level Object Detection . Instance Segmentation | Image Enhancement
> Predict the entire ISP pipeline at once me— i :
I Camera ISP = Improves computational efficiency %
> Final task reward optimization =

Conventional Camera ISP (Image Signal Processor)
» Convert a RAW image into a visually pleasing sRGB image
» Uses a fixed, human-designhed sequence of ISP modules

= Eliminates unstable reward estimation, leading to stable training
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Task-aware Camera ISP
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> Optimize the ISP pipeline for downstream tasks Full ISP Pipeline
(e.g., object detection, instance segmentation) " Module || Modute || Modute | | Module
» Learns both module order and parameters using task loss My, 6, M,, 6, Ms,0; || My, 67 ;
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Predicts module sequence and parameters (e.g. detection loss, . . .
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