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v 7 (Flow Matching; FM) % w7 UAD o ##l4 %
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Flow Matching-based Anomaly Detection, ! Shunsuke Sakai, Tat-
suhito Hasegawa (Graduate School, University of Fukui).
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Image-level

Pixel-level Efficiency

Method AUROC AP Flmax AUROC AP Flmax AUPRO ‘ FPS Memory [GB]

Non-Diffusion UAD

HVQ-Trans [4] 98.0 99.5 97.5 97.3 48.2 53.3 91.4 5.6 N/A

CFlowAD [2] 92.7 97.2 94.0 95.8 46.8 49.6 89.0 31 2

Diffusion Model UAD

InvAD GEHEE) [5] 99.0 99.6 98.5 97.5 46.5 52.3 92.7 41 10

OmiAD (F#ERD) (1) 98.8 99.7 98.5 97.7 52.6 56.7 93.2 17 N/A

Flow Matching (Ours)

(a) BEEHEE 98.4 99.3 97.9 97.4 45.9 51.6 92.5 5 53

(b) MHEE 98.4 99.3 97.9 97.4 46.8 52.2 92.8 41 10

(c) FIHERR 98.7 99.5 98.3 97.4 50.6 54.4 93.5 41 10
HHMBZBRERMNO7 7a—FTHYH, UTDXSIITR %! RABRDBENTNDE Z DB Th ol IHETVEHWSY
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Sast(X1) = log po(Xo) — /0 tr (8%57(;(0) dt, (1)
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