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Introduction Model Architecture

Background Frequency stream: first K = 128 zigzag coefficients.

Patch tokens compress intra-patch detail. A patch-aligned DCT
branch recovers complementary texture cues; normal-only
adaptation can collapse feature diversity.

ACMM

Spatial tokens query spectral features. A
zero-initialized gate starts with no
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Table 2: Unsupervised IAD results on MVTec-AD and VisA datasets. The best and second-best Input Image X P?]:? I;al?[grhtét:))n - Djt Is / Val 'L Lorth = HB B IHF (7)
results among protocol-matched methods are respectively marked in bold and underlined. TDINOv2- ol B ot
based vision-only detectors with different training/reference protocols (AnomalyDINO: full-shot, Frequency Stream Liotat = Lputi(Tnor) + Lpush(Zanom) + X+ Lorun ©)
672 resolution); published results are listed for context and excluded from ranking. f | e aptive R A Momentum prototype update
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DIAD 97 2 06 8 00 7 ?orrgall—only training; CutPaste 1:1; r = 16,
MVTec AD GLAD 7.5 97.3 | 93.2 Figure 1: Overview of our SF-DST. We employ a dual-stream architecture to capture both spatial — Y
HVQ-Trans 98.0 97.3 91.4 : . : : Co Pull normal features toward the momentum
Ours 98 3 97 5 05.0) semantics and high-frequency details. The ACMM module fuses these streams by selectively injecting brototype: push CutPaste features beyond
AnomalyDH\TIOT 99.5 982 | 950 spectral residuals 1nto the frozen backbone. For adaptation, A-LoRA applies orthogonal regularization margin £ = 0.5.
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Wi CLID S o o (Lor+r) to prevent rank collapse, optimizing a hypersphere-based decision boundary.
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Table 7: Ablation on fusion strategies evaluated on MVTec-AD. Symmetric cross-attention 1is
evaluated at a parameter count matched to ACMM.
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Fusion Strategy I-AUROC (%) P-AUROC (%) - £ 005 803, 2 oo ..
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Table 20: I-AUROC on the 5 texture and 10 object categories of MVTec-AD, without and with the = . . L. C . E AT LR E
frequency stream and ACMM (both with A-LoRA). z o Figure 4: t-SNE visualization of the learned feature distributions of normal and anomalous samples el 'y, e
: = = under different adaptation strategies.
Group w/o frequency stream Full SF-DST Gain E 2
Texture categories 94.72 9851 +3.79 — Frequency + ACMM: textures +3.79 pp; objects +1.38 pp (both A-LoRA).
Object categories 96.81 98.19 +1.38 VisA I-AUROC: +2.4 pp over protocol-matched HVQ-Trans.

Examples: input, ground truth, prediction.
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