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m Why generalization fails

 Text edits leave weak forensic traces that

- Yiming Chen’

m Train experts in the residual subspace

- Haiwel Wu?

RISE: Residual Subspace Expert for Generalizable
Text-Centric Image Forgery Localization

- Jiantao Zhou™*

i

N
;.‘;T-‘ ’
NEURAL INFORMATION
PROCESSING SYSTEMS

(a) RiSE Training

(b) RISE Expert Architecture
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linear weight. e Partition each of 3 forgery types into 3 balanced clusters: 9 expert subsets.
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10- pT9 e FPFT causes low-rank feature and poor generalization
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experts
LPC, confidence estimator, latent augments via a single-pass

e ADF propagates latent moments analytically and selects the expert with highest LPC.
e All experts run without ground-truth masks or repeated noisy backbone passes. o

Training Step
e More experts ease optimization (Fig. 2a).
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