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Figure 1. Top: An illustration of InCTRL: a one-for-all model us-
ing few-shot normal images as sample prompts. Bottom: AUROC
curves of InCTRL and competing few-shot methods on three dif-
ferent application datasets without any training on the target data.
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1. Multi-Layer Patch-Level Residual learning

M- (i, ) = 1 — (TL(i, ), M(TL (i, 5)|P"), (D)

where h(TL (i, 7)|P’) returns the embedding of the patch to-
ken that is most similar to 7 (4, j) among all image patches
in P’, and () is the cosine similarity function. The final
patch-level residual map M, € R"*% is averaged over n
layer-wise residual maps:
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2. Image-level Residual Learning

1 e
I =2 D $(fu(@):0), (3)

z; €P’

where I, € RY. Then let I, = ¥(f,(x);©,) be the
adapted features of the query image z, the in-context image-
level residual features F,. for x are obtained by performing
element-wise subtraction between two feature maps:

where © denotes element-wise subtraction. Subsequently,
these in-context residual features are fed to an image-level
anomaly classification learner 1) : F, — R, parameterized
by ©,, which is optimized by the binary classification loss:

1
CIRL:ﬁ Z Ly(n(F2:05),vz), (5)

TEXtrain

where L is a binary classification loss. Focal loss [31] is
used by default in our model.

o|0|X| 2f|'& Q| global discriminative®t MEE 0| A EFX|0f| ZQ3ICED 8. 2t Visual
Encoder?| class token2 &23510{ few-shot class token=1} &2 T st

0| m, class token classification task0l| X/ MlE|R}C B2 adapter layerZ st&2
TIdlist= Z4Q. st gH2 few-shot class tokenES adaper layerdll forwardAlZ] &
M7 X|2 featureE query feature2} i Zf0| y7} | =& St= HiH,

0|2 Edll query 0|0|X|2t few-shot O|O|X[E2| xt0|7t 242 10| E|= A2 7|CHE.

3. Fusing Text Prompt-based Prior Knowledge
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Specifically, let P[* be the set of text prompts for the nor-
mal class, we use the prototype of the text prompt embed-
dings to provide a representative embedding of the normal
text prompts F,, = ﬁ Epie??;‘ ft(p;) where p; € R
similarly we can obtain the prototype embedding for the ab-
normality text prompt set Pi* by F,, = |P—ltﬂ| ij-eir’?g‘ fe(pj)-
Then, InCTRL extracts an AD-oriented discriminative fea-
ture based on the similarity between the query image x and
the two prototypes of the text prompts:

exp(F1f, (x))
exp(F} fu(2)) + exp(F& fu(x))’
where [-]T denotes a transpose operation, and s,(z) is the
probability of the input = being classified as abnormal.
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4. In-Context Residual Learning
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patch levelOf| A

In-Context Residual Learning. During training, InCTRL
performs a holistic residual learning that synthesizes both
patch-level and image-level residual information, aug-
mented by the text prompt-guided features. The holistic
in-context residual map of a query image x is defined as:

M =M, & s;(z) ® sq(x), (7)

where s;(z) = n(F,; ©,) is an anomaly score based on the
image-level residual map F, and ¢ denotes an element-
wise addition. InCTRL then devises a holistic anomaly
scoring function ¢, parameterized by ©,, based on Mj,
and defines the final anomaly score as:

s(x) = 9(M7:0,) + as,(a), ®)

where ¢(M; ©,) performs a holistic anomaly scoring us-
ing patch-, image-level and text prompt-guided features,
while s,(z) = max(M,) is a maximum residual score-
based fine-grained anomaly score at the image patch level.

Z ﬁb(q(T)ﬂyﬁ) (9)
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Industrial Defects

Semantic A

Medical A

Setup Methods One-vs-all Multi-class

ELPV SDD AITEX VisA MVTec AD | BrainMRI  HeadCT | MNIST CIFAR-10 ‘ MNIST CIFAR-10
Baseline (0-shot) 0.855:0000 0.886:0000 0.552:0000 0.812:0000 0.957 0000 09880000 0.970:0000 | 0.940:0000 0.990:0000 0.606:0000 0.852:0000
SPADE 0.618:0007  0.366:0.105 04700008 0.818:0051 092220023 | 0.952:0009 0.851:002 | 0.965:0004 097120003  0.615:006  0.502:0035

PaDiM 0.707z00s8  0.337:0008 0.529:0034  0.719s0027  0.890:0015 | 0.902:0046 0.876:0m7 - - - -
Patchcore 0.840:0031  0.67620003 03780008 0.841x0023  0.939:20012 | 092120017  0.913z0002 | 0.956z0000  0.926:0002 0.482:0025  0.574z0015
2-shot RegAD 0.679z0005  0.17320019 027520035  0.61420037  0.83720034 | 0.87220065 0.85420000 | 091320006 0.90920003 0.612:00m3  0.672:z0008
CoOp 0.841:0020 0.543:0004  0.443:0050 0.83520019 0922:0007 | 09230002  0.937:0014 | 092620003 091120002  0.607:0000 037120013
WinCLIP 0.849:0010  0.865:0004  0.500:0043  0.859:0021  0.965:0007 | 0.989:0003  0.975:0012 | 0.963:0001  0.990z0001  0.614z0005  0.876:0.016
Ours (InCTRL) | 0.913:0008  0.917:0009  0.519:0022  0.877:0016 096920004 | 0.994:0.013 09810013 | 0.975:0004  0.992:0000  0.618:0012  0.899:0010
SPADE 0.627=0011  0.385:0018  0.451s0031  0.826s0024  0.92420015 | 0.958:0017  0.854w00m6 | 0.966:0008 0.97320002 0.6110053 0.487:0047

PaDiM 072420067 0.35120012  0.540:00s3  0.758:0018  0.909:00i3 | 0.956:0011  0.890:0.011 - - - -
Patchcore 0.87120.042  0.70320m3 03772000  0.860:0016  0.950:0013 | 0.945:0017 094120000 | 0.97220002 093420003  0.50420025  0.60620.010
4-shot RegAD 0.688:0018  0.176:0003 029420031 0.628:003¢4  0.846:0006 | 0.900:0011  0.810:008 | 091620013  0.908:0001  0.522:0085  0.681:0127
CoOp 08670003  0.594:0014 045420014  0.842:0016  0.924:0008 | 0.932:0013  0.9570m7 | 0.929:00020 091520003  0.61120003  0.374z0012
‘WinCLIP 0.864=000¢  0.86820.003  0.513:0017  0.87520.023 0.968=0.008 0.990:0.001  0.974=0002 | 0.97120002  0.99020000 0.61120011  0.88220.009
Ours (InCTRL) | 0.916:0000 0.924:0015  0.548:0016  0.902+0.027 0.97210.006 099410013 0.98420011 | 0.980:0007  0.992:000s  0.620:0004  0.90120.020
SPADE 0.641:0018 039420024 042720008  0.844s0031  0.930:0016 | 0.962:0014  0.860:0m09 | 0.97420000 097620000  0.61320035  0.515:0024

PaDiM 0.798:0014  0.384:0045 0.555:0011  0.781ls0024  0.927:0012 | 0.946:0007  0.896:0000 - - - -
Patchcore 0.915:0.007  0.70820009 038920005 0.87320022  0.962:20013 | 095720007 093120006 | 0.97%0001 094220002  0.53020057  0.635:0019
8-shot RegAD 0.696+0015 024620031 031420036 0.64320032  0.855:0021 | 090820013  0.881:0014 | 091920018 091120001  0.56620045  0.558:0.159
CoOp 0.905:0008  0.578:0001 051420005  0.848s0020  0.933:20007 | 0.927:0007  0.965:0ms | 0.93720004 0.920:0003 0.610:0001  0.376:0003
WinCLIP 0.897:0007  0.865:0001  0.562:0024  0.880:0021  0.973:0000 | 0.991:0000 0.975:0003 | 0.97420000  0.990:0000 0.616:0006 0.887:0.006
Ours (InCTRL) | 0.926:0.006  0.925:0011  0.56120034 090420025 0.977:0006 | 0.996:0.003  0.985:0005 | 0.989:0001  0.994:0001  0.622:0008  0.912:0.005

Table 2. AUPRC results(mean+std) on nine real-world AD datasets under various few-shot AD settings. Best results and the second-best
results are respectively highlighted in red and blue. ‘Baseline’ is a WinCLIP-based zero-shot AD model.
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