P

YEX (ﬂ}ﬁ% Ziyu Zhou*12, Haozhe
1Shanghai

SHANGHAI JIAO TONG UNIVERSITY

Background: Self-supervised
allowing the pretrained moc
models and minimizing annotation

Motivation: Compared with photographic images, medical images acquired with the same image protocol
exhibit high consistency in anatomy. To exploit this anatomical consistency, this paper introduces a novel SSL
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approach, called PEAC (patch embedding of anatomical consistency).
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Motivations: (a) there are large (global)
and small (local) anatomical structures;

(b) Iung dlseases can be Iocal or global.
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Visualization of PEAC model
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Visualization 2: Cross-patient and cross-
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Visualization 3: Zero-shot co-segmentation
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