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Problem Formulation Pretraining: Region-to-Region Contrastive Learning
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» Pretrain Image Encoder for effective source region partitioning.

» Aims to have embeddings from the same source region close
together, while those from different source region are distanced.
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Final Prediction

» Alongside the image, point prompts are provided as input to the
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Training: Source Region Segmentation
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Using Point Prompts

SAFIRE: Segment Any Forged Image Region

SAFIRE Model » Traditional IFL Methods: Train neural Image
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> SAFIRE Model: SAM + Adapter to extract low-level feats. LEOMENESE
> SAFIRE Framework: pretraining, training, and inference procedure. > The goal of training is to make each point prompt segment source

region containing itself.

Contributions > Input: image + point prompt + GT mask
» Output: prediction map + confidence score

> Introduces a new IFL task for better interpretation of > Dual-Region Paired Point Sampling is used to sample point prompts. Ut GT  CATNetv2 IF-OSN MVSSNet TruFor SAFIRE SAFIRE SAFIRE  SAFIRE  SAFIRE
the image composition and easier further analysis. > Although SAFIRE can predict multi-source output, it can be trained ; ' "
» Proposes SAFIRE, anovel IFL method that uses with traditional forgery datasets — binary-labelled forged images.
point prompting internally. Itis the first technique > To this end, we convert image-level mask to Point Mask
capable of multi-source partitioning. depending on the point.
> Achieves SOTA performance in both the traditional ' > Area-Adaptive Source Segmentation Loss guides the model to
binary IFL and the new task Code & Dataset - -
' https://github.com/ predict correct point mask.
» We construct and release a forgery dataset mjkwon2021/SAFIRE > Confidence Loss is the pixel accuracy of predictions.
% containing images composed of multiple sources. y 9 )




