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methods, and few-shot methods DifferNet 994 879 786 785 785 979 922 677 821 750 996 608 633 994 873 | 83.0
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: : UniAD 999 657 704 1000 948 944 1000 765 73.1 763 996 969 71.0 982 915 | 872
O b J ective +Ours 999 595 715 97.1 932 951 990 763 855 921 995 975 87.6 93.6 945 | 894
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enhance the perf()rmance ()f FeW-Sh()t An()maly Detecﬂon (FSAD) El 1 +Ours  98.6 96.1 983 989 83.0 987 995 968 978 963 957 979 938 96.6 97.6 | 96.4
8% o ~ UmAD 974 913 714 987 937 953 991 815 887 920 911 979 915 0937 937 | 918
e +Ours 974 907 718 986 937 953 991 828 908 918 909 981 927 969 946 | 923
S RegAD 975 949 982 989 887 985 989 969 978 O7.1 952 987 968 946 974 | 96.7
Pronosed Method ®  +Ours 985 968 984 988 862 988 992 980 981 974 962 989 965 949 967 | 96.9
P «  UniAD 966 884 968 985 932 951 990 763 855 921 909 975 876 93.6 945 | 924
+Ours 965 8.1 968 969 927 953 991 778 87.1 964 968 974 883 969 938 | 933

1. Problem Formulation
* Train with normal samples across n categories : Dy,.qin =

» Test with image from unknown target category c; & K normal samples.

2.Loss Function and Training
Main Model M : Potential models include RegAD, UniAD.

Discriminator D : Auxiliary network trained with M using adversarial loss.

3. Key Formulations
» Discriminator Training Loss : Lpr = Lp(fe,0) + Lp(f1,1)

» Main Model Training Loss : Ly;7= Lp(fg, 1)
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Table 1: RegAD + Ours outperforms RegAD, showcasing improvements between 0.4 to 1.4 percentage points in the image level AUC. Similarly,
UniAD combined with our method achieves up to 3.1 percentage points boost.

2. DAGM2007

- Image & Pixel Level AUC

Image-level Pixel-level

Shot Method Classl Class2 Class3 Class4 Class5 Average Classl Class2 Class3 Class4 Class5  Average
RegAD 56.1 67.6 76.8 93.5 73.7 73.5 73.0 89.7 90.0 97.7 82.1 86.5

CIT + Ours 64.8 60.6 83.4 96.8 76.6 75.2 78.6 79.5 89.5 97.3 78.3 84.7
e UniAD 58.3 98.1 74.2 64.5 69.7 72.9 84.1 99.7 89.1 91.2 82.3 89.3
+ Ours 60.0 98.0 74.8 66.4 70.6 74.0 84.1 99.8 88.9 91.9 82.9 89.5
RegAD 89.8 73.1 76.0 80.5 64.8 76.9 88.5 90.2 88.9 95.5 76.6 87.9

T'I' + Ours 90.0 78.6 81.3 97.8 78.1 85.1 88.0 95.1 89.4 96.4 82.8 90.3
A UniAD 59.4 98.1 74.1 78.6 70.4 76.1 85.0 99.8 88.8 93.7 82.3 89.9
+ Ours 59.1 98.1 75.8 79.4 70.9 76.7 85.1 99.8 89.6 94.0 82.5 90.2
RegAD 71.5 77.8 84.6 90.0 69.0 78.6 71.0 93.4 91.0 97.8 80.4 86.7

°|"|} + Ours 73.1 96.9 84.8 97.7 73.9 85.3 87.1 99.2 89.1 98.2 82.5 91.2
A UniAD 59.1 98.1 75.7 88.3 71.0 78.4 85.1 99.8 89.9 95.5 82.7 90.6
+ Ours 59.3 98.0 76.1 93.2 72.2 79.8 85.3 99.8 90.0 96.2 83.1 90.9

Table 2: Results on the DAGMZ2007 dataset reveal our proposed method generally enhances RegAD and UniAD performance, despite
occasional exceptions in certain classes.
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Comparison of RegAD / UnIiAD vs.
RegAD + Ours/UnIAD + Ours
varied results across categories like
grid, metal _nut, and screw.

4. Integration with RegAD & UniAD

Metal Nut

* RegAD
- Slamese network with two branches
- Branches process images I, and I, from same category
- Feature I, and I, extracted from predictor

Screw
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- UnIAD + Ours broadens feature space, - RegAD + QOurs offers better feature clustering,

enhancing separation of sample types. reducing misclassifications.

* UnIAD
- Comprises encoder & layer-wise query decoder.
- Input-output pairs of the layer-wise query decoder used as features fp,and f;

Conclusion

* Our method proposed a novel FSAD method incorporating adversarial loss for
enhanced generalization.

We demonstrated overall performance improvement on MVTec AD and DAGM
datasets.
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