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» Detection-guided training improves
realism and coherence.
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Summary

J » A unified framework for the co-evolution of
generation, detection, and explanation.

accurate real/fake judgments » Bidirectional feedback between generation and

Our Solution — Three Synergistic Advantages
» Task Synergy:. Detection <+ Generation mutually improve

» Synchronized: Evolution Eliminates the "detection lag”
problem

» System Efficiency: Shared parameters, end-to-end training

rBAGEL: This is a fake image. The pocket watch has a digital
display with text and icons, which is not typical for a traditional
kpocke’r watch...

» DIGA injects detector-aware forensic » UniGenDet provides more
cues into the generator through feature
alignment, improving realism and
reducing detectable artifacts.

&

detection improves realism and forensic reasoning.

» Toward trustworthy co-evolution of generative
models and forensic analysis for future Al systems.

and more faithful artifact-
level explanations than BAGEL.




