Appendix

The appendix is organized as follows:

* In Sec. Al, we provide additional implementation and
training details of our method.

* In Sec. A2, we provide more details of our new bench-
mark: long-tailed online AD.

e In Sec. A3, we provide additional results on Uni-
Medical [4, 95] and LTAD [34] benchmarks.

* In Sec. A4, we provide additional results on LTOAD
benchmarks.

A1l. Details of LTOAD
Al.1. Training details

Reconstruction module R. We detail the training pipeline
and details of R introduced in Sec. 4.2. The pipeline is
shown in Fig. Al.
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Figure Al. Reconstruction module R. Our Concept-VQ autoen-
coder consists of an encoder E*, a decoder D*, and quantization
modules Q. It learns to reconstruct input features. As data aug-
mentation, we use G to generate pseudo normal F™ and pseudo ab-
normal F** conditioned on prompts {n:} and {az}, respectively.

We maximize the similarly of F'* and reconstructed fea-
tures F'* = R(FP). At the same time, the reconstruction
of F# should also be as close to F* as possible, i.e., our
reconstruction loss £¢¢ is defined as:

£7°° = GAP (1 — (F*, R(FP))) + GAP (1 — (F*, R(F?))).

ﬁiec c;ec
(A5)

In addition to £;°¢ in Eq. (A5) which trains G, we also

push the similarities between pseudo-normal features and
the input normal features using a generator loss L8 =
GAP (1 — (F®, F")).

Semantics module S. We detail the training pipeline and
details of S introduced in Sec. 4.3. The pipeline is shown in
Fig. A2.
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Figure A2. Semantics module S. (a) Given normal features F¥,
L7 maximizes S™ — S®. Here S” is the overall per-pixel simi-
larity between F® and {nz} while S* is the one between F® and
{az}. (b) On the other hand, given abnormal features F'®, L£5°"
maximizes S* — S”.

We maximize the difference between normal semantic
scores S™ and abnormal semantic scores S* for normal F?
and vice versa for pseudo-abnormal F*. We modify the ex-
plicit anomaly margin [51] loss for S. Specifically, the loss
is defined as £;* = max(—0d, S(FP)), where max(-) is a
clipping function and 6 € R™ is a margin term we introduce
to further encourage the gap. In contrast, pseudo-abnormal
F*# is trained by minimizing £3*" = max(—4J, —S(F™)) as
shown in Fig. A2(b). Together, our semantics loss £ is
defined as the sum of the aforesaid two terms, i.e., £L3°" =
L3 + £3°". The final loss function £ for our offline learn-
ing is

L= AgL" 4+ Aeec L7° + Xgen LB + Asen L5, (A6)
where the As control the weight of each individual loss.

A1.2. Concept codebooks

As mentioned in Sec. 4.2, we initialized B, z by sampling
M codes around its correspondent tz. Specifically, we ini-
tialize B; = = N, ¢ + t; where N; = € RM*D ig sam-
pled from a Gaussian distribution A'(0, o). Throughout



the training, the center of B, ; is always set to t; and we
learn the deviation IN; ¢ to fit the data representation. We
set a = 0.02.

For each pixel location (h, w), we find Q, ;lh, w] =
B, ¢[m”] where m* = arg,, min (Z;[h, w|, By [m]). We
aggregate £, to have £ = 37, - paL)%;, where pz is the
element of p associated with ¢. The final outputs of our
quantization modules are the weighted sum from each con-

cept, i.e., » -peQ ¢ foreachl € [1, L].

A1.3. Prompt-conditioned data augmentation

We detail the architecture of G introduced in Sec. 4.2. Given
the input visual feature map FP € R"*“*% where df is the
output dimension of text encoder ET, and a set of prompt
features, G generate pseudo-normal F* or pseudo-abnormal
feature map F* € R"™“*% depending on whether the
prompt features are n or a.

The normal prompt features n € R & and abnormal
prompt features a € RX 3% contains multiple features
from all concepts. We randomly select one feature as the
input feature for text-condition, denoted as g.

We first pixel-wise concatenate FP and g . We feed it
to the 5-layer CNN with a hidden dimension of d". We use
ReLU as activation layers. We also insert batch normaliza-
tion layers in between.

Al.4. Semantics similarity scores

We detail how we acquire the overall abnormal similarity
map S™ in Sec. 4.3. During training, we pick the “hard-
est” abnormal prompts to enhance the gap between normal
and abnormal semantics. Specifically, for FP, the hard-
est abnormal prompt is the one with the highest similarity
score since it will most likely confuse the model. In other
words, we pick SZ = maximum({(F®, az ;)}i=1,..,5).
Here maximum(-) picks the largest value on the i-dimension.
On the other hand, for F?, the hardest abnormal samples
are the ones with the lowest similarity score, ie., S5 =
minimum({(F?, az;)}i=1,..,5). Here minimum(-) picks the
smallest value on the i-dimension. Finally, the overall ab-
normal similarity map is S* = > "_peSZ.

During inference, we pick the most probable S2 , i.e.

% = maximum({(F7¥, az ;) }i=1, ., 5)-

A1.5. Implementation details

For our foundation model E* and ET, we use the ALIGN [41]
implementation from Hugging Face Transformer [17],
which is open source and publicly available (Apache 2.0).
Their E' is based on efficientnet_b7 [78] containing mul-
tiple EfficientNet blocks. We use the same setting in [34]
and define our F* as the concatenation of output feature
maps from the following blocks: the 37¢, 10*®, 17", and
37

We sample M = 16 codes of dimension 640 for each
codebook B;, ; while setting the number of codebooks K=
10. As a comparison, HVQ [57] samples 512 codes of di-
mension 256 for their K codebooks. Overall, we require far
fewer codes than since 16 x 10 x 640 < 512K x 256 for all
K >1.

For Y (see Eq. 4), we set v = 0.3. In A* (see Alg. 1),
wesety =0.3,8=5,7=0.2and 7(Y) = 0.95 - r(Y).
For online learning on the same dataset, we clip the gradi-
ent norm by le—3. For offline learning and online learn-
ing across different datasets, we clip the gradient norm by
le—1.

For all experiments, we use AdamW optimizer with a
learning rate of le—4. During training, we use the bal-
ance sampler for sampling long-tailed data distribution in
LTAD [34]. All experiments are conducted on an NVIDIA
RTX 6000 GPU.

A1.6. Concepts and prompts initialization

We now provide the initialization of the C and P* we used
for all datasets.

MVTec. Our C contains the following vocabularies: semi-
conductor, zipper, beech, walnut, circuit, microscopy, ma-
hogany, hardwood, medicines, and antibiotics. For each
e we acquire the 5 abnormal prompts in P2 by ask-
ing Copilot [13] the following query: “Out of 100 [¢] which
looks generally the same, one appears to have a broken region.
List 5 examples.”

VisA. Our C contains the following vocabularies:circuit,
electronics, candles, bananas, supplements, semiconductor,
sensors, vitamin, usb, and wheel. For each ¢ &€ CA we ac-
quire the 5 abnormal prompts in PZ by asking Copilot [13]
the following query: “Out of 100 [c] which looks generally the
same, one appears to have a broken region. List 5 examples.”

DAGM. Our C contains the following vocabularies: ultra-
sound, fetal, wavelengths, topography, microscopy, imaging,
irregularities, electromagnetic, noise, and seismic. For each
ceC, we acquire the 5 abnormal prompts in PZ by asking
Copilot [13] the following query: “Out of 100 [¢] which looks
generally the same, one appears to have a broken region. List
5 examples.”

Uni-Medical. Our C contains the following vocabularies:
neuroscience, brain, vascular, microscopy, imaging, mri, mi-
tochondrial, neurons, ultrasound, and cerebral. For each
¢ € C, we acquire the 5 abnormal prompts in P4 by asking
ChatGPT [64] the following query: “Our of 100 [c] images
which look generally the same, one appears to have a broken
region. List 5 examples.”

A2. Long-tailed online AD benchmark

We re-address the design motivation of our long-tailed on-
line AD (LTOAD) benchmark. Then we document the ad-
ditional details for setting up the LTOAD for the following



datasets, i.e., MVTec [5], VisA [103], and DAGM [85].
Our benchmark focuses on evaluating the performance
of Fg, for each step ¢ in online training stream D° where
0o is pre-trained on an long-tailed DT, ie., LTAD [34]. We
design D° not to be long-tailed because, in the industrial
environment, we need quick adaptation in the online learn-
ing process. If D is also long-tailed, it is difficult for the
model to learn anomaly detection effectively due to insuffi-
cient anomaly samples. We will provide all of the used meta
files of DT, D°, and D along with our code once accepted.

Dataset |C| Elements

hazelnut, leather, bottle, wood, carpet, tile, metal nut,

MVTec 15
toothbrush, zipper, transistor, grid, pill, capsule, cable, screw
VisA 12 peb3, peb2, pebl, peb4, macaronil, macaroni2,
candle, cashew, fryum, capsules, chewinggum, pipe fryum, screw
290 (s «
DAGM 10 Class10, Class7, Class9, Class8, Class2,

Class3, Class5, Class1, Class4, Class6

Table Al. C**** and C**** of MVTec, VisA, and DAGM.
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Figure A3. The configurations for D°. We define
the 8 configurations with combinations of different ses-
sion type €  {blurry, disjoint} and ordering type €
{head-first, head-first, else}. We visualize them (see Tab. 1) with
a toy example on D°. C"*** and C**'" each has 5 classes.

In Fig. A3, we visualize the proposed 8 configurations in
Tab. 1 with a toy example for better understanding.

A2.1. MVTec

MVTec is an industrial anomaly detection dataset, contain-
ing 15 classes. In the 1°* row of Tab. Al, we list out all
the classes and whether each of them belongs to C*** or
C*1! in LTAD [34] benchmark. We first detail the selected
classes of each D5 configuration in LTOAD. We then dis-
cuss the random function we used to sample B-HF and B-TF
configurations.

In D5-HF, we divide the D° into 5 disjoint sessions and
we put the C"**® in the first few sessions. We organize the

classes in each session as the following list so that the num-
ber of images in each session of D° is roughly the same.
. carpet, hazelnut, metal nut
. tile, leather, wood
. bottle, screw, capsule
. zipper, cable, toothbrush
. pill, transistor, grid

On the other hand, in D5-TF, we divide the D° into 5 dis-
joint sessions and we put the C***" in the first few sessions.
We organize the classes in each session as the following list,
i.e.D5-TF in reverse order.
1. pill, transistor, grid
. zipper, cable, toothbrush
. screw, capsule, bottle
. tile, leather, wood
. carpet, hazelnut, metal nut

In D5-M, we divide the D° into 5 disjoint sessions and
we put both C"*** and C**'" in each session. We organize
the classes in each session as the following list
. carpet, cable, grid
. hazelnut, transistor, capsule,
. metal nut, wood, screw
. leather, pill, toothbrush
. bottle, tile, zipper

In B-HF, for each i € 1,--- ,N° where N°® = |D°|, we
use the following operation to determine where X; should
be sampled from C***¢ or C****. Let the number of remain-
ing C"**® images at step t, i.e. D°[t :] be Nf**® and the one

for C**** be N>, We sample from ¢/(0, 1) repeatedly for r

then we sample )E from and otherwise. We set r = 5.
In B-TF, we use a similar operation. However, we sample
from U(0, 1) repeatedly for r times and keep the smallest
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from and otherwise.

A2.2. VisA

VisA is an industrial anomaly detection dataset, containing

12 classes. We list out the C in the 2 row of Tab. Al.
Here we use the same design logic for the configurations

in MVTec. In D5-HF, we organize the classes in each ses-

sion as the following list.

pcb3, pcb4

pcbl, pcb2

macaronil, macaroni?2

chewinggum, fryum, pipe fryum

candle, capsules, cashew

In D5-TF, we organize the classes in each session as the

following list.

1. candle, capsules, cashew

2. chewinggum, fryum, pipe fryum

3. macaronil, macaroni2

IS



4. pcbl, pcb2

5. pcb3, pcb4

In D5-M, we organize the classes in each session as the fol-
lowing list.

1. candle, macaronil

2. capsules, macaroni2, pcbl

3. cashew, pcb2

4. chewinggum, pcb3

5. fryum, pipe fryum, pcb4

A2.3. DAGM

DAGM is a synthetic anomaly detection dataset, containing
10 classes. We list out the C in the 3" row of Tab. Al. Each
class has a different synthetic pattern.

Here we use the same design logic for the configurations
in MVTec. In D5-HF, we organize the classes in each ses-
sion as the following list.

Class9, Class10
Class7, Class8
Class2 Classb6,
Class4, Class5
Class1, Class3
In D5-TF, we organize the classes in each session as the
following list.
Class1, Class3
Class4, Class5
Class6, Class2
Class7, Class8
. Class9, Class10
In D5-M, we organize the classes in each session as the
following list.
Class2, Classl
Class7, Class3
Class8, Class4
Class9, Class5
Class10, Class6

M NS Nk L=

M NS

A3. Offline experiments

We provide additional analysis of our approach. We then
report the performances on C***¢, on C****, and on each ¢ €
C in the following tables under various datasets and long-
tailed imbalance [34] settings.

A3.1. Additional analysis

Alternative approach to our concept learning. A naive
baseline for our concept learning is to replace the VLM en-
coder, i.e. ALIGN [41], with simpler vision architectures
like ResNet [32] using clustering methods. However, this
alternative approach loses all the language information for
each class and removes the capability of the semantics mod-
ule S. Additionally, long-tailed data distribution is challeng-
ing for simple clustering methods. We provide the empiri-
cal comparison on MVTec expl00. While LTOAD achieves

image-level AUROC of 85.26 for Det. , the ResNet-based
K-means alternative only achieves 57.16.

Computational cost. Our method does not introduce com-
putational overhead. We pre-compute the C before training
and it takes only 3 minutes to run on one single NVIDIA
RTX 6000 GPU. Additionally, we use fewer parameters
than LTAD [34] since our |C| < |C| thus requires fewer
learned prompts. Lastly, the throughput of LTOAD is 61.74
fps while LTAD’s is 32.78.

A3.2. MVTec, VisA, and DAGM

Experiment setup. We follow the offline LTAD [34]
benchmarks and report on MVTec [5], VisA [103], and
DAGM [85].
Additional quantitative comparison. The results are in the
corresponding tables:
* MVTec
1. exp100: Tab. A1l and Tab. A12.
2. exp200: Tab. A13 and Tab. A14.
3. stepl00: Tab. A15 and Tab. A16.
4. step200: Tab. A17 and Tab. A18.
e VisA
1. exp100: Tab. A19 and Tab. A20.
2. exp200: Tab. A21 and Tab. A22.
3. exp500: Tab. A23 and Tab. A24.
4. stepl00: Tab. A25 and Tab. A26.
5. step200: Tab. A27 and Tab. A28.
6. step500: Tab. A29 and Tab. A30.
* DAGM
Overall: Tab. A3.
exp50: Tab. A31 and Tab. A32.
expl100: Tab. A33 and Tab. A34.
exp200: Tab. A35 and Tab. A36.
exp500: Tab. A37 and Tab. A38.
reverse exp200: Tab. A39 and Tab. A40.
step50: Tab. A41 and Tab. A42.
stepl100: Tab. A43 and Tab. A44.
step200: Tab. A45 and Tab. A46..
10. step500: Tab. A47 and Tab. A48..
11. reverse step200: Tab. A49 and Tab. A50..
We note that in reverse exp200 and reverse step200, LTAD
switches the C"*¢ and C***', We observe a consistent im-
provement of LTOAD in comparison to all baselines on
most configurations. Notably, LTOAD excels on the more
challenging C**** which is the focus of long-tailed settings.
Additional Qualitative Comparison. Finally, we show ad-
ditional qualitative results in Fig. A4.
More evaluation metrics.. We report more evaluation met-
rics on MVTec following [96], ie., pixel-level AUPRO
(AUPROp), mean average precision (mAP), and mean
Fl-score (mF1-max), for comprehensive comparisons in
Tab. A2. We observe consistent improvement under all met-
rics.

NN R WD =
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Method expl00 exp200

step100 step200

mAP mFl-max AUPROp mAP mFIl-max

AUPROp mAP mFl-max AUPROp mAP mFIl-max AUPROp

MoEAD [62] 35.63 41.19 82.72 33.87 39.74
LTOAD 38.21 43.86 85.98 37.57 42.65

80.77 33.50 39.17 80.54 31.55 36.86 77.88
85.30 38.22 43.32 85.71 35.29 40.45 82.86

Table A2. Comparison (1) on MVTec under more evaluation metrics, i.e. mAP, mF1-max, and AUPROp.
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Figure A4. Qualitative comparison among LTAD [34],
HVQ [57], and LTOAD on VisA offline LTAD [34] exp100 bench-
mark. Inputs from C"*** / C***! are outlined in blue / red. Smaller
ground truth anomaly masks are circled in pink.

expl00 exp200 step100 step200

Method CA
etho Det. Seg.  Det. Seg. Det. Seg. Det. Seg.

RegAD [36] X 84.86 90.29 84.86 90.29 84.86 90.29 84.86 90.29
AnomalyGPT [25] X 8531 77.20 8329 77.16 86.48 78.76 84.73 78.29
LTAD [34] X 9440 97.30 9429 97.19 93.97 97.07 93.79 96.84

HVQ [57] X 7542 8554 76.19 8532 7578 8523 7592 84.63
LTOAD * X 9492 96.81 94.13 96.77 94.18 96.90 93.88 96.64
UniAD [89] v 84.34 90.13 83.56 89.73 81.11 89.11 80.33 89.07
MoEAD [62] v 7326 84.99 72.61 84.18 70.83 83.34 70.01 82.27

LTOAD V' 9558 97.32 9471 97.11 94.83 97.30 94.12 97.14

Table A3. Comparison (1) on offline DAGM in the same format
as Tab. 2

A3.3. Uni-Medical

Experiment setup. We provided additional results on Uni-
Medical [4, 95] under long-tailed training settings. Uni-
Medical is a medical anomaly detection dataset extracted
from BMAD [4]. It consists of the following benchmarks of
medical imaging: Brain MRI [3], Liver CT BTCV [6, 45],
and Retinal OCT [35]. We use the same design logic of
LTAD benchmark [34] and create the long-tailed training
configurations for Uni-Medical. Since there are only 3
classes in Uni-Medical, we experiment with cases of each
being the head class. We document the configurations of D°
in Tab. A4.

N

Config. C"2?  Imbalance type

brain liver retinal

brain expl100 brain exponential decay 1542 154 15

brain stepl00  brain step function 1542 15 15
liver expl00  liver exponential decay 15 1542 154
liver stepl100  liver step function 15 1542 15

retinal expl100 retinal exponential decay 154 15 1542

retinal stepl00 retinal  step function 15 15 1542

Table A4. Configurtions of D" for long-tailed Uni-Medical. We
denote the number of images per class ¢ as N. and highlight the
N, of ¢ € C*** or C'"". We set all imbalance factors to 100.

Baselines & training details.. We compare with the SOTA
MOoEAD [62] (G1) and HVQ [57] (G2). We set K = 10.
We train LTOAD for 25 epochs on liver expl00 and liver
step100. On other configurations, we train for 5 epochs.
For detection, we reduce Y to y by calculating its standard
deviation.
Quantitative comparison. The results are in Tab. A5-A10
in the corresponding tables:

e brain expl00: Tab. AS.

* brain step100: Tab. A6.

e liver exp100: Tab. A7.

e liver step100: Tab. AS.

e retinal expl100: Tab. A9.

e retinal step100: Tab. A10.
On most configurations, LTOAD outperforms class-
agnostic MoEAD while being competitive to class-aware
HVQ which requires additional information.

A4. Online experiments

We report additional results on our proposed benchmark
LTOAD under more configurations. For each dataset, we
report the quantitative comparison at ¢ = 7" on all D° con-
figuration with or without our A* in Tab. A51, Tab. A52,
and Tab. AS53, respectively. We also plot the performance
curves of Fy, on C***® and C**** foreach stept € [0, -+, T.
We set T' = 33 for all experiments. Specifically, we list
them as the following.
* MVTec

1. expl00: Fig. AS.

2. exp200: Fig. A6.

3. stepl00: Fig. A7.



C (Chead crait brain liver retinal C Chead Ccreil brain liver retinal
Meth A Meth A
ethod € Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. ethod € Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg.
HVQ[57] X 6521 93.84 83.15 97.03 56.23 92.25 83.15 97.03 45.72 95.42 66.74 89.07 HVQ[57] X 69.23 93.89 79.60 97.22 64.04 92.23 79.60 97.22 57.74 95.70 70.34 88.76
MoEAD [62] V' 60.16 91.09 86.74 97.50 46.88 87.88 86.74 97.50 43.60 94.82 50.15 80.95 MoEAD [62] v/ 61.11 90.99 78.21 96.88 52.56 88.05 50.88 92.83 54.24 83.26 78.21 96.88
LTOAD V' 72.81 94.93 80.77 96.32 68.83 94.24 80.77 96.32 58.05 95.07 79.60 93.42 LTOAD V' 73.44 94.61 78.13 96.08 71.10 93.88 78.13 96.08 56.31 93.94 85.89 93.81

Table AS. Comparison (1) on Uni-Medical brain expl100 using
the same evaluation metrics as Tab. A11 and Tab. A12.

Table A6. Comparison (1) on Uni-Medical brain step100 using
the same evaluation metrics as Tab. A5.

C Chead crait liver retinal brain C Chead Creil liver retinal brain
Method CA Method ~ CA
etho Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. etho Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg.
HVQ[57] X 72.50 94.49 75.10 94.45 71.20 94.51 59.10 96.92 83.30 92.11 75.10 94.45 HVQ[57] X 66.88 93.34 73.63 94.31 63.50 92.86 58.94 96.80 68.06 88.92 73.63 94.31
MoEAD [62] v/ 59.22 91.44 58.14 92.11 59.76 91.10 52.48 95.40 67.05 86.80 58.14 92.11 MoEAD [62] v/ 57.01 90.39 61.12 92.19 54.96 89.49 54.60 95.86 55.32 83.13 61.12 92.19
LTOAD V' 69.19 94.53 63.91 94.52 71.82 94.54 58.91 95.69 84.74 93.38 63.91 94.52 LTOAD V' 70.27 94.53 67.26 94.42 71.77 94.58 59.19 95.76 84.35 93.40 67.26 94.42

Table A7. Comparison (1) on Uni-Medical /iver exp100 using
the same evaluation metrics as Tab. AS5.

Table A8. Comparison (1) on Uni-Medical liver step100 using
the same evaluation metrics as Tab. A5.

C Chead crait retinal brain liver C Chead Creit retinal brain liver
Method CA Method  CA
etho Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. etho Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg.
HVQ[57] X 74.80 95.04 80.91 96.14 71.75 94.49 86.15 93.19 80.91 96.14 57.34 95.78 HVQ[57] X 71.44 9441 72.07 93.96 71.13 94.63 87.65 93.68 72.07 93.96 54.61 95.58
MoEAD [62] v/ 69.87 93.57 78.12 95.27 65.75 92.72 79.55 92.20 78.12 95.27 51.95 93.24 MoEAD [62] v/ 64.96 92.87 62.23 92.79 66.32 92.91 81.71 92.28 62.23 92.79 50.94 93.55
LTOAD v/ 7555 94.49 83.03 95.53 71.81 93.97 85.88 94.19 83.03 95.53 57.75 93.75 LTOAD V' 71.31 93.69 71.11 94.39 71.41 93.34 86.17 94.70 71.11 94.39 56.66 91.98

Table A9. Comparison (1) on Uni-Medical retinal exp100 using
the same evaluation metrics as Tab. A5.

Table A10. Comparison (1) on Uni-Medical retinal step100 us-
ing the same evaluation metrics as Tab AS.

Method CA C (P C* hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 7892 83.11 7526 97.00 78.94 9897 91.05 74.48 7894 62.37 7222 9049 7933 6424 7840 69.01 78.54 69.81
DRAEM [91] X 79.57 9522 6587 98.32 9891 99.68 99.91 92.17 97.94 79.66 83.61 93.01 6254 43.02 68.14 41.76 53.31 81.57
RegAD [36] X 8243 90.04 70.51 91.84 98.61 99.20 97.86 97.44 97.59 89.77 75.69 8558 81.68 68.80 69.75 64.67 64.67 53.30
AnomalyGPT [25] X 87.44 96.40 79.60 96.21 100.00 96.75 88.07 98.19 97.66 97.95 95.00  87.16 79.77 9198 84.44 67.03 69.33 62.10
LTAD [34] X 88.86 99.09 79.90 99.82 100.00 99.92 99.30 99.88 99.24  95.50 87.50  89.23 9379 87.80 84.04 64.82 77.49 54.56
HVQ [57] X 8743 99.34 77.00 99.93 100.00 100.00 97.54 99.88 98.99  99.02 85.00  93.67 89.71 78.61 90.51 70.12 60.04 48.35
UniAD [89] V' 8770 99.27 77.58 100.00 100.00 99.76 99.56 99.79 99.38 96.43 88.61 86.65 91.58 92.64 81.58 63.78 63.64 52.22
MOoEAD [62] v 8473 98.94 7229 9921 100.00 99.52 97.54 100.00 97.84 98.48 90.28 8879 89.75 65.16 6691 66.69 61.15 49.62
LTOAD V' 93.42 99.45 88.14 100.00 100.00 99.52 98.51 100.00 98.67 99.46 96.39 91.81 96.50 97.33 94.27 83.05 87.82 57.98

Table A11. Comparison (1) on MVTec exp/00 [34] in image-level AUROC for anomaly detection (Det.). The column CA (class-agnostic)
indicates whether a method requires class names or the number of classes during training or not (require: X; not require: V). We report
the class-wise performance on C"*** and C****. The classes are sorted from having the most images (left) to the least (right).

4. step200: Fig. A8.
* VisA

1. expl00: Fig. AO.

2. exp200: Fig. A10.

3. stepl00: Fig. All.

4. step200: Fig. A12.
« DAGM

1. expl00: Fig. A13.

2. exp200: Fig. Al4.

3. stepl00: Fig. A15.
4. step200: Fig. A16.

Apart from the synthetic DAGM dataset where the offline
performance is saturated, we observe that LTOAD improves
the performances in most cases, especially under the more
challenging offline long-tailed settings, i.e. step200.



Method CA C (k2 C* hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 8595 87.39 84.69 95.00 96.87 93.10 77.74 93.05 76.84 79.13 9386  90.14 73.69 7236 88.75 93.16 71.67 93.95
DRAEM [91] X 85.17 93.68 77.73 97.80 97.56 95.18 97.33 9433 97.36 76.21 97.34 9743 6695 76.55 89.00 44.65 59.90 90.08
RegAD [36] X 9520 96.92 93.69 98.07 99.15 98.12 9546 98.67 94.18 94.81 96.88  97.12 9244 79.05 97.29 96.42 96.42 93.96
AnomalyGPT [25] X 89.68 93.64 86.21 92.06 99.58 93.42 89.47 98.97 94.00 88.02 97.06 9322 67.18 9433 75.00 87.84 85.00 89.17
LTAD [34] X 9446 9596 93.15 98.12 99.29 96.84 90.45 98.52 92.52 95.96 97.91 9393 96.89 93.76 90.09 95.02 91.67 8592
HVQ [57] X 9525 96.36 94.28 98.54 98.80 98.26 92.26 98.69 91.55 96.39 98.24 9659 97.38 91.72 93.39 98.17 90.74 87.98
UniAD [89] V' 9395 9546 92.64 97.83 98.79 95.64 90.66 98.52 91.65 95.18 9796 9235 96.38 93.80 88.66 94.68 88.93 88.36
MOoEAD [62] V' 9434 96.02 9287 98.00 98.86 98.14 92.21 98.80 90.34 95.78 98.31 9524 96.69 87.33 89.91 97.14 90.59 87.71
LTOAD V' 9521 95.64 94.83 98.16 98.57 96.69 91.01 98.72 93.57 92.79 98.14 9324 96.82 95.14 93.71 95.86 94.08 91.70

Table A12. Comparison (1) on MVTec expl00 [34] in pixel-level AUROC for anomaly segmentation (Seg.). The column CA (class-
agnostic) indicates whether a method requires class names or the number of classes during training or not (require: X; not require: V).
We report the class-wise performance on C"*** and C***. The classes are sorted from having the most images (left) to the least (right).

Method CA C (P C*3 hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 7993 8447 7596 9693 78.19 9897 91.23 7436 86.98 64.66 72.78 89.97 79.08 67.84 76.70 70.56 78.84 71.90
DRAEM [91] X 7882 96.39 63.44 97.10 99.89 99.76 99.91 9578 98.05 84.26 80.00 88.07 60.00 46.70 50.19 33.58 54.96 94.09
AnomalyGPT [25] X 85.80 97.01 76.00 98.57 100.00 96.59 89.04 98.92 97.84 98.09 88.61 86.52 77.06 90.14 88.54 62.76 57.01 57.38
LTAD [34] X 86.05 98.99 7473 99.29 9993 99.76 99.56 99.96 99.39  95.06 86.94 85.56  79.67 88.47 8191 6442 58.62 52.22
HVQ [57] X 8490 99.14 72.43 99.89 100.00 100.00 98.16 99.76 99.93 96.24 84.44 9501 66.62 8145 77.69 68.01 61.08 45.15
UniAD [89] V' 8621 99.16 74.89 99.85 100.00 100.00 97.98 99.75 99.89  96.67 85.83 96.11 7454 87.55 70.07 64.42 57.74 62.88
MoEAD [62] v/ 8323 9843 69.93 99.18 100.00 99.52 96.93 99.92 96.79  96.68 88.33 88.94 70.13 67.00 72.48 67.09 58.56 46.92
LTOAD V' 92,02 99.17 85.77 99.79 100.00 99.29 97.28 100.00 98.67 99.17 9444 9270 90.29 97.66 94.16 78.58 87.28 51.01

Table A13. Comparison (1) on MVTec exp200 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (k2 C* hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 86.01 87.15 85.02 94.01 96.81 93.02 77.79 93.25 77.04 78.10 9353  90.26 75.28 72.88 88.81 93.16 72.45 93.76
DRAEM [91] X 8295 9398 7330 96.96 99.15 94.34 95.62 9525 9534 81.24 96.43  96.15 59.05 77.78 83.77 38.02 44.28 90.94
AnomalyGPT [25] X 90.15 94.01 86.76 92.47 99.54 9434 89.70 98.96 94.62 88.48 96.87 9239  67.64 9495 76.63 89.01 8546 91.16
LTAD [34] X 94.18 96.25 92.37 97.87 99.04 96.79 92.16 98.65 94.23  95.00 97.83 9286 9345 93.85 93.11 9537 85.92 86.55
HVQ [57] X 9479 96.32 9344 98.61 98.78 98.23 92.14 98.66 91.53  96.32 98.25 9616 93.08 91.34 92.10 97.86 91.26 87.47
UniAD [89] V' 9326 9591 90.95 98.03 98.67 97.91 93.67 98.48 91.97 92.68 98.23  96.11 89.44 89.96 86.62 96.39 83.33 87.55
MoEAD [62] v’ 9396 9577 9238 98.33 98.87 98.13 91.92 98.81 89.81 94.51 98.30 9493 9142 88.89 90.02 96.98 89.84 88.62
LTOAD V' 9494 9551 9443 9790 98.55 96.47 91.17 98.81 94.10 91.56 98.05 9344  96.08 95.17 93.53 95.88 92.85 90.47

Table A14. Comparison (1) on MVTec exp200 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (P (C%3 hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw

MKD [75] X 79.61 84.34 7546 96.61 7843 98.81 91.32 7596 85.14 64.13 7639 9036 7933 6291 78.18 69.57 78.86 68.15
DRAEM [91] X 69.82 84.00 5741 99.96 9578 99.44 100.00 97.47 99.67 94.72 72777 7079 51.12  28.15 57.50 37.89 50.50 90.57
RegAD [36] X 81.54 96.34 68.59 90.53 100.00 99.76 98.50 95.94 9590 93.76 7027  74.69 83.70 66.41 68.97 64.33 63.05 57.31
AnomalyGPT [25] X 85.95 98.69 74.79 98.93 100.00 97.94 9596 99.60 99.39 99.07 88.06  86.19 70.69 92.65 86.82 61.47 51.20 61.28
LTAD [34] X 87.36 99.33 76.89 99.79 99.93 99.76 99.12 99.96 99.17 97.61 78.89  86.50 87.17 90.48 7496 66.61 7631 54.21

X

v

v

v

HVQ [57] 82.14 99.30 67.12 99.79 100.00 99.76 97.54 99.60 99.86 98.53 83.33  80.86 69.00 81.04 68.60 44.52 66.12 43.49

UniAD [89] 83.37 99.52 69.24 99.92 100.00 100.00 98.07 99.67 99.81 99.21 80.55 9146 5775 80.45 66.50 61.38 58.30 57.55
MoEAD [62] 84.40 98.79 71.82 99.89 100.00 99.52 97.28 99.92 96.50 98.39 9278  84.48 7454 71.85 80.69 63.90 57.25 49.07
LTOAD 92.33 99.45 86.11 99.96 100.00 99.60 98.16 100.00 98.88 99.56 9417 91.89 91.83 97.58 92.25 80.97 84.75 55.42

Table A15. Comparison (1) on MVTec step100 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.



Method CA C (k2 C* hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 8590 86.92 85.01 94.61 96.24 92.63 77.85 9320 76.96 77.01 9387 9092 7373 7296 89.09 93.41 7246 93.60
DRAEM [91] X 79.65 92.81 69.79 94.54 97.87 89.75 95.11 98.08 98.86 80.53 90.82 7491 60.30 50.84 76.96 6539 53.87 85.26
RegAD [36] X 9510 97.25 93.21 9824 99.22 97.92 95.87 98.37 9437 96.78 95.69 9571 93.16 79.73 96.53 9591 94.54 94.48
AnomalyGPT [25] X 89.28 93.62 85.49 88.41 99.56 94.05 89.61 99.08 95.52 89.09 9553 92.65 65.87 9442 79.26 86.48 83.11 86.62
LTAD [34] X 93.83 9590 92.01 9824 99.01 95.69 91.46 98.68 91.82 96.43 96.71 90.17 93.68 91.90 91.10 95.73 91.80 85.02
HVQ [57] X 94.17 96.56 92.08 98.77 98.98 98.63 93.35 98.89 92.84 94.47 98.09  90.76 87.04 92.77 91.26 94.89 91.97 89.86
UniAD [89] V' 9147 96.15 8738 97.92 98.54 97.83 93.48 98.38 92.37 94.57 9559 9379 7576 84.46 82.02 94.43 81.96 91.04
MOoEAD [62] v’ 93.76 95.66 92.10 97.63 98.83 98.09 91.51 98.78 89.87 94.88 98.25 9246 93.63 87.05 90.62 96.99 90.77 87.00
LTOAD V' 9511 95.68 94.62 97.97 98.63 96.65 91.11 98.77 93.97 92.63 97.87 9254 9632 94.60 93.17 96.08 93.95 92.39
Table A16. Comparison (1) on MVTec step100 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.
Method CA C (CPd (™1 hagelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 7931 84.48 7479 97.04 80.03 99.05 91.58 75.52 85.21 62.90 7278 9070  77.67 6475 7638 69.45 78.94 67.70
DRAEM [91] X 71.64 90.90 5479 9696 9639 86.50 98.24 9498 97.58 65.68 6444 4690 39.29 57.81 63.39 40.76 51.55 74.21
AnomalyGPT [25] X 82.47 98.07 68.82 98.82 100.00 97.30 92.81 99.80 98.45 99.32 73.89 8846 64.00 9277 8479 48.64 50.67 47.39
LTAD [34] X 85.60 99.15 73.74 9943  99.93 99.68 99.39 99.80 99.21 96.58 75.00 8590 81.71 90.48 76.68 63.98 65.54 50.65
HVQ [57] X 83.00 99.34 68.70 99.96 100.00 100.00 97.02 99.40 99.24  99.76 93.33  86.87 7221 6850 75.10 52.61 54.55 46.38
UniAD [89] V' 8132 99.61 65.31 100.00 100.00 100.00 98.15 99.39 99.92  99.85 81.11 82.32 5458 8638 53.19 6422 50.52 50.21
MOoEAD [62] v 83.13 98.96 69.27 99.61 100.00 99.52 97.46 99.56 97.58  99.02 90.83 8779 7329 69.76 76.68 54.13 53.82 47.90
LTOAD v/ 88.62 99.53 79.07 100.00 100.00 99.76 98.60 100.00 98.81 99.56 9250  75.08 83.21 9591 88.82 65.34 89.22 42.47
Table A17. Comparison (1) on MVTec step200 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.
Method CA C (k2 C* hazelnut leather bottle wood carpet tile metal nut toothbrush zipper transistor grid pill capsule cable screw
MKD [75] X 86.03 87.22 84.99 94.80 96.73 93.34 78.61 93.33 76.63 77.16 9393  90.73 7395 74.24 8843 9335 71.44 93.86
DRAEM [91] X 7679 84.23 7029 9521 8839 76.81 82.64 94.62 89.27 62.70 89.65 7096 5629 57.39 85.65 54.66 56.30 91.44
AnomalyGPT [25] X 89.45 93.75 85.69 8829 99.56 95.12 89.94 99.00 9549 88.82 9498  91.61 6640 93.55 78.70 90.56 82.42 87.33
LTAD [34] X 92,12 9545 89.20 97.83 99.06 95.76 91.00 98.72 90.59 95.22 96.45 89.00 84.38 89.24 89.94 92.37 84.92 87.32
HVQ [57] X 92.61 96.42 89.28 98.66 98.86 98.24 92.21 98.58 91.75  96.62 98.31 91.54 8337 84.53 88.15 95.09 88.13 85.11
UniAD [89] V' 89.29 96.10 8334 97.93 98.57 97.83 93.46 98.36 92.25 94.32 92.69  90.73  66.60 76.28 78.25 92.27 79.87 90.05
MOoEAD [62] v’ 9276 9585 90.05 98.28 98.87 98.17 91.66 98.75 89.87 95.35 98.32 91.72 8336 88.61 87.77 95.39 87.56 87.69
LTOAD V' 94.00 9593 9231 98.09 98.64 96.72 91.26 98.74 93.88 94.15 97.62  90.66 9392 92.76 91.37 90.84 91.13 90.17
Table A18. Comparison (1) on MVTec step200 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.
Method CA (C (Cread (C*iY PCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
RegAD [36] X 7136 66.39 76.34 62.71 63.79 73.89 82.82 6237 52.79 76.12 7199 73.82 56.07 92.92 87.13
AnomalyGPT [25] X 70.34 70.13 70.56 62.69 78.55 79.57 69.66  78.76 51.54 4996 77.15 80.77 63.88 71.76 79.84
LTAD [34] X 80.00 76.29 83.71 82.18 81.42 85.02 93.63 56.46 59.02 84.46 8246 85.70 69.37 96.16 84.10
HVQ [57] X 78.63 81.75 75.51 83.03 92.40 85.08 98.36  75.28 56.36 93.38 61.10 79.50 63.77 86.64 68.70
UniAD [89] V' 7731 7742 77.19 7834 84.69 82.02 95.96  70.68 52.88 87.10 81.44 68.60 52.75 95.54 77.74
MoEAD [62] v’ 73.89 7237 7542 71.75 76.87 84.26 86.87 59.18 55.27 89.08 71.06 76.40 70.17 81.72 64.08
LTOAD V' 8526 79.64 90.87 80.84 81.15 84.28 9642  70.71 64.43 91.17 92.96 86.88 79.07 97.98 97.18

Table A19. Comparison (1) on VisA exp100 [34]

in image-level AUROC using the same evaluation metrics as Tab A11.

Method CA (C (Cread (C*iY PCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
RegAD [36] X 9440 93.72 95.07 9527 92.58 97.26 91.82  94.88 90.53 95.03 96.82 9497 87.20 97.37 99.07
AnomalyGPT [25] X 80.32 77.43 83.20 79.41 84.80 77.09 82.17  70.68 70.44 7741 86.70 90.21 62.72 92.10 90.07
LTAD [34] X 9556 95.16 95.97 97.62 96.06 92.18 95.96  96.58 92.58 97.90 99.08 9539 85.77 98.82 98.83
HVQ [57] X 96.18 95.99 96.37 97.52 97.21 91.59 96.65  98.01 94.96 98.54 98.16 96.14 90.66 95.68 99.05
UniAD [89] v’ 95.03 94.57 9548 97.05 96.12 91.61 96.80  97.04 88.84 98.19 98.82 9525 83.21 98.68 98.78
MOoEAD [62] v\ 9434 9336 9531 95.73 96.25 91.52 94.98  92.93 88.72 97.53 9898 95.10 83.05 97.86 99.37
LTOAD V' 9691 95.84 97.97 97.43 96.45 93.37 96.50  96.16 95.13 98.40 99.16 96.67 95.40 98.87 99.33

Table A20. Comparison (1) on VisA exp100 [34] in pixel-level AUROC using the same evaluation metrics as Tab A12.



Method CA C (Chead (Ctail pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum

RegAD [36] X 7210 67.19 77.02 61.92 64.41 73.16 79.95  67.55 56.16 76.53 77.21 79.73 55.81 88.92 83.94
AnomalyGPT [25] X 69.78 69.22 70.35 61.64 75.82 79.42 68.41 79.60 50.40 4590 76.59 79.80 63.34 72.83 83.63
LTAD [34] X 8021 76.81 83.60 84.98 83.77 86.86 9537  57.66 52.20 85.73 81.82 83.30 63.23 96.82 90.72
HVQ [57] X 78.03 79.35 76.71 78.50 88.97 82.56 98.07 64.13 63.84 92.95 63.76 83.30 63.85 87.04 69.36
UniAD [89] v\ 76.87 7625 77.49 7891 84.96 81.85 96.34  62.01 53.44 86.91 78.60 74.84 54.08 94.28 76.28
MOoEAD [62] v/ 73.58 7336 73.80 74.45 77.77 8422 91.63  55.66 56.44 88.07 73.94 79.30 65.67 71.76 64.06
LTOAD v/ 8524 80.14 90.34 80.46 82.09 84.80 97.03  74.46 61.99 91.85 93.10 85.04 75.52 98.74 97.82

Table A21. Comparison (1) on VisA exp200 [34] in image-level AUROC using the same evaluation metrics as Tab Al1.

Method CA (C (Cread (il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
RegAD [36] X 94.69 94.07 95.30 95.78 94.22 97.87 90.41 96.18 90.01 95.64 96.80 95.89 87.54 96.73 99.23
AnomalyGPT [25] X 79.48 76.64 82.32 77.59 83.31 76.89 81.92  68.29 71.84 77.66 8339 89.57 61.44 92.37 89.46
LTAD [34] X 9536 9498 95.69 97.66 95.03 91.56 96.42  96.20 89.58 98.31 99.02 95.16 83.74 98.87 99.02
HVQ [57] X 9532 9530 95.35 96.94 95.71 9234 96.20  97.19 93.40 98.20 97.64 95.50 86.60 95.27 98.88
UniAD [89] v\ 94.80 9434 9526 97.07 96.06 91.64 96.53  96.18 88.56 98.06 98.61 9524 8272 98.32 98.66
MOoEAD [62] v\ 9398 93.52 94.44 9591 96.51 91.89 9540 9245 88.95 97.78 98.92 95.62 79.04 96.41 98.89
LTOAD V' 9697 96.08 97.86 97.57 96.64 93.88 96.93  96.22 95.26 98.45 99.30 96.52 94.75 98.89 99.26

Table A22. Comparison (1) on VisA exp200 [34] in pixel-level AUROC using the same evaluation metrics as Tab A12.

Method CA (C (Cread (il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
AnomalyGPT [25] X 68.18 68.35 68.00 60.83 76.03 78.94 66.37  77.50 50.42 51.00 7471 7272 61.73 73.85 74.00
LTAD [34] X 7853 76.56 80.50 84.22 83.85 87.05 94.55  50.11 59.56 81.07 77.84 7736 66.48 94.24 85.98
HVQ [57] X 7496 73.89 76.04 70.34 79.46 85.41 93.28 5897 55.87 89.86 7338 77.96 59.58 90.20 65.24
UniAD [89] v’ 73.67 76.61 70.73 79.17 85.11 82.97 9638  62.94 53.13 85.70 6538 76.92 53.11 89.22 54.06
MOoEAD [62] v’ 7093 72.68 69.18 73.67 75.50 83.28 85.91 58.69 59.04 8423 66.08 77.70 63.85 70.22 52.98
LTOAD v/ 83.89 80.01 87.77 81.59 82.56 85.75 96.76  71.49 61.93 89.14 91.52 87.04 70.70 96.90 91.34

Table A23. Comparison (1) on VisA exp500 [34] in image-level AUROC using the same evaluation metrics as Tab A11.

Method CA (C (Cread (il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
AnomalyGPT [25] X 78.83 76.04 81.62 78.63 84.05 75.66 83.38  65.46 69.04 7746 81.01 89.62 58.23 93.03 90.36
LTAD [34] X 94.66 9442 9490 97.75 95.60 92.76 96.23  94.80 89.39 97.54 98.86 95.16 80.98 98.69 98.18
HVQ [57] X 9577 95.26 96.28 96.46 96.31 9494 95.69  94.87 93.30 98.17 98.53 96.10 89.62 97.44 97.81
UniAD [89] v\ 9435 9435 94.35 97.01 9621 91.49 96.56  95.92 88.95 97.96 9835 9494 81.48 97.76 95.62
MOoEAD [62] v\ 9339 93.06 93.71 95.73 96.15 91.40 94.81 91.14 89.16 97.40 98.68 9493 79.83 94.72 96.71
LTOAD v’ 96.60 95.78 97.41 97.42 96.39 93.17 96.81  95.86 95.05 98.16 99.09 96.06 93.42 98.82 98.91

Table A24. Comparison (1) on VisA exp500 [34] in pixel-level AUROC using the same evaluation metrics as Tab A12.

Method CA (C (Cread (il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
RegAD [36] X 71.80 66.71 76.89 61.04 65.64 72.92 8127 6691 52.48 7435 7346 7142 57.14 91.51 93.49
AnomalyGPT [25] X 71.89 71.41 72.37 6590 75.90 74.12 75.06  82.88 54.61 50.73 80.22 94.65 57.10 76.24 75.26
LTAD [34] X 84.80 85.98 83.63 85.21 82.08 87.91 96.97  86.17 77.54 81.94 8394 78.78 69.55 97.10 90.44
HVQ [57] X 76.68 87.24 66.12 85.43 91.02 92.17 99.02  83.15 72.63 6442 5344 76.22 58.80 73.76 70.06
UniAD [89] v/ 78.83 83.06 74.61 79.91 85.51 88.36 97.41 82.31 64.89 77.53 6090 77.34 56.80 93.44 81.66
MOoEAD [62] v’ 7412 86.58 61.67 81.54 88.64 92.59 99.03  84.86 72.80 6297 5596 65.96 48.30 74.72 62.10
LTOAD v/ 88.32 87.39 89.25 85.21 87.04 90.80 99.20  83.46 78.63 84.99 91.56 86.88 75.92 98.72 97.44

Table A25. Comparison (1) on VisA step100 [34] in image-level AUROC using the same evaluation metrics as Tab Al1.



Method CA C (Chead (Ctail pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum

RegAD [36] X 9499 9481 95.16 95.09 94.76 97.76 93.17  95.63 92.49 9572 9749 9523 84.83 98.61 99.10
AnomalyGPT [25] X 82.30 79.41 85.19 80.35 86.10 7821 80.42  76.54 74.83 81.56 91.79 91.02 60.06 93.07 93.63
LTAD [34] X 9657 9743 95.72 97.67 96.10 98.80 97.02  98.10 96.87 96.57 98.97 9578 84.87 98.93 99.20
HVQ [57] X 9563 97.69 93.57 97.56 97.44 98.58 96.79  98.40 97.40 89.61 97.35 94.26 87.80 93.57 98.84
UniAD [89] v\ 96.04 9737 9471 97.25 96.91 99.18 97.42 9821 95.30 95.89 96.89 9424 8391 98.51 98.84
MOoEAD [62] v\ 9437 97.51 91.23 97.54 97.29 99.04 97.04  98.40 95.75 89.52 9643 9391 7533 93.66 98.55
LTOAD v’ 97.54 97.78 97.30 97.74 96.89 99.11 97.76  97.48 97.67 9623 99.11 96.10 94.28 98.82 99.25

Table A26. Comparison (1) on VisA step100 [34] in pixel-level AUROC using the same evaluation metrics as Tab A12.

Method CA (C (Cread (il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
RegAD [36] X 71.65 67.02 76.28 57.60 65.20 72.95 81.89  67.74 56.76 72.69 7251 73.50 56.74 89.39 92.86
AnomalyGPT [25] X 69.78 71.19 68.38 66.79 75.20 74.30 73.57 81.94 55.34 44.74 8228 7426 56.81 77.68 74.49
LTAD [34] X 84.03 87.34 80.72 85.00 82.47 90.49 96.12  88.64 81.33 81.65 84.50 71.84 61.10 95.40 89.82
HVQ [57] X 75.52 88.66 62.38 86.09 92.04 92.99 99.32  84.42 77.09 5099 63.18 69.14 47.13 79.34 64.52
UniAD [89] v’ 77.64 8451 70.78 81.51 86.73 89.78 97.83  83.51 67.72 64.57 55.58 73.70 56.20 91.30 83.36
MOoEAD [62] v’ 7677 87.84 65.71 82.88 88.74 93.24 9925  84.96 77.96 69.15 5590 65.86 58.28 77.46 67.58
LTOAD V' 87.04 87.77 86.31 85.80 86.74 91.24 99.03  84.68 79.11 83.98 88.78 83.18 67.02 97.38 97.50

Table A27. Comparison (1) on VisA step200 [34] in image-level AUROC using the same evaluation metrics as Tab Al1.

Method CA (C (Cread (il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
RegAD [36] X 9452 93.73 95.32 94.80 93.28 97.06 90.95  94.87 91.44 95.24 98.00 9530 87.24 97.00 99.14
AnomalyGPT [25] X 81.97 78.69 8525 80.22 85.88 77.08 81.05  74.01 73.90 80.96 91.60 90.77 61.16 93.04 93.99
LTAD [34] X 96.27 97.63 9492 97.78 96.36 98.89 96.90  98.45 97.39 95.87 98.65 9523 81.87 98.82 99.06
HVQ [57] X 9550 97.89 93.10 97.73 97.50 99.34 97.00  98.19 97.57 90.31 96.45 95.05 82.89 95.17 98.76
UniAD [89] V' 9566 97.45 93.87 97.41 96.87 99.15 97.53  98.38 95.40 95.37 9529 93.63 82.25 98.10 98.61
MoEAD [62] v’ 94.82 97.80 91.84 97.77 97.60 99.22 96.94  98.64 96.65 90.07 96.37 95.28 77.05 93.76 98.49
LTOAD v\ 9723 97.74 96.71 97.79 96.89 99.03 97.64  97.73 97.37 96.25 98.88 96.03 91.12 98.74 99.20

Table A28. Comparison (1) on VisA step200 [34] in pixel-level AUROC using the same evaluation metrics as Tab A12.

Method CA (C (Cread (C*il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
AnomalyGPT [25] X 62.88 70.15 55.61 63.36 74.22 7440 7584  79.34 53.74 41.40 71.25 66.18 49.11 41.74 63.95
LTAD [34] X 83.33 88.40 78.26 85.68 85.19 89.95 96.68  87.91 85.00 78.59 76.56 69.86 68.30 94.34 81.88
HVQ [57] X 7209 83.60 60.57 76.29 87.24 86.35 98.62  82.87 70.26 68.64 4832 66.22 53.28 70.96 55.98
UniAD [89] v’ 71.84 81.84 61.85 78.79 84.72 88.80 97.44  79.46 61.83 61.82 68.54 5596 51.30 68.28 65.22
MOoEAD [62] v’ 7275 89.41 56.09 83.37 90.37 93.80 99.03  88.14 81.77 67.31 3826 57.20 54.97 64.60 54.18
LTOAD v/ 84.84 88.13 81.56 85.99 87.51 91.67 99.29  85.84 78.47 87.26 78.94 76.72 61.03 93.16 92.26

Table A29. Comparison (1) on VisA step500 [34] in image-level AUROC using the same evaluation metrics as Tab Al1.

Method CA (C (read (C*il pCB3 PCB2 PCBI PCB4 macaronil macaroni2 capsule candle fryum capsules chewinggum pipe fryum
AnomalyGPT [25] X 81.48 78.88 84.09 79.88 84.91 78.51 79.59  75.69 74.69 78.52 9232 9094 59.75 89.52 93.49
LTAD [34] X 9641 97.69 95.12 97.91 96.48 98.95 96.63  98.69 97.50 95.81 9790 95.10 84.46 98.52 98.93
HVQ [57] X 9506 97.34 92.77 97.06 97.15 99.03 96.87  97.90 96.05 91.24 9633 95.54 82.58 93.91 97.03
UniAD [89] v’ 9506 97.21 9291 97.15 96.79 99.16 97.35  97.98 94.87 9325 9147 90.63 90.63 96.35 95.16
MOoEAD [62] v’ 9430 98.10 90.51 97.95 97.78 99.16 97.57  98.96 97.16 90.07 94.81 94.26 74.40 93.55 95.99
LTOAD V' 96.41 97.74 95.08 97.63 96.90 99.07 97.68  97.71 97.44 96.94 98.01 9439 84.83 98.34 97.96

Table A30. Comparison (1) on VisA step500 [34] in pixel-level AUROC using the same evaluation metrics as Tab A12.



Method CA (C (CPread (C*i1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 72.07 48.76 99.75 95.66
AnomalyGPT [25] X 84.86 84.68 85.04 82.55 100.00 87.28 70.07 83.52 93.61 96.88 8391 53.00 97.79
LTAD [34] X 94.82 9339 9625 97.71 99.53 99.91 69.81 100.00 99.69 97.68 84.08 100.00 99.82
HVQ [57] X 76.65 7678 76.52 9541 7427 66.92 50.13 97.17 61.06 73.82 99.42 94.66 53.64

v

v

v

RegAD [36]

84.51 87.34 81.69 99.25 9529 91.61 5297 97.61 79.73 77.55 51.19 100.00 99.99
77.03 75.23 78.84 91.06 5931 78.14 5251 9512 7691 8130 9695 7225 66.77
96.00 94.16 97.83 99.85 9990 99.86 71.21 100.00 99.32 98.17 9247 100.00 99.21

UniAD [89]
MOoEAD [62]
LTOAD

Table A31. Comparison (1) on DAGM exp50 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (P (C*1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 9029 9191 88.66 98.74 88.41 99.95 73.28 99.17 93.69 8523 7223 99.73 92.44
AnomalyGPT [25] X 77.37 78.89 75.84 73.04 8630 88.76 66.11 80.26 78.17 78.85 79.04 5437 88.79
LTAD [34] X 9740 97.11 97.68 99.09 97.49 99.93 89.18 99.87 98.94 98.79 9390 99.49 97.27
HVQ [57] X 86.03 8432 87.75 98.81 7345 9516 5529 98.85 83.15 85.11 9247 98.86 79.17

v

v

v

RegAD [36]

UniAD [89] 90.70 89.75 91.64 99.76 93.54 99.29 56.45 99.74 90.87 89.53 79.49 9891 99.44
MoEAD [62] 86.08 84.02 88.15 98.46 6893 97.60 5645 98.66 87.27 87.73 89.69 97.00 79.03
LTOAD 97.41 97.34 9748 99.48 99.04 99.80 88.51 99.86 98.04 98.76 95.76 99.45 9538

Table A32. Comparison (1) on DAGM exp50 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (Chd C*%il (Classl10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 72.07 4876 99.75 95.66
AnomalyGPT [25] X 85.31 86.05 84.58 86.56 100.00 89.76 71.90 82.03 9429 9542 84.22 5227 96.69
LTAD [34] X 9440 93.24 9556 97.78 99.60 99.89 68.92 100.00 99.66 97.35 81.01 100.00 99.78
HVQ [57] X 7542 7588 7496 94.17 70.69 67.04 51.00 9649 6220 7447 99.59 86.08 52.44

v

v

v

RegAD [36]

UniAD [89] 84.34 87.66 81.02 99.15 96.01 9245 5331 9740 79.79 7426 51.15 9991 99.99
MoEAD [62] 7326 72.53 73.99 8893 56.55 7394 50.73 9250 68.31 77.81 97.08 61.74 65.02
LTOAD 95.58 93.75 9741 99.60 99.92 99.79 69.45 100.00 99.60 97.66 90.94 100.00 98.84

Table A33. Comparison (1) on DAGM exp100 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (Chexd (il (Class10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 90.28 91.91 88.66 98.74 88.40 99.95 73.28 99.17 93.69 8523 7223 99.73 92.44
AnomalyGPT [25] X 77.20 79.19 7521 7434 86.14 89.99 6626 79.22 77.37 7779 80.49 5493 8545
LTAD [34] X 9730 97.01 97.58 99.09 97.42 99.93 88.74 99.87 98.95 98.62 93.76 99.59 96.98
HVQ [57] X 8554 84.07 87.01 98.82 71.83 9548 5551 98.70 83.71 84.81 9275 9834 75.44

v

v

v

RegAD [36]

90.13 89.66 90.60 99.75 93.54 99.33 5596 99.76 90.13 87.54 78.19 97.74 99.42
84.99 83.07 86.92 97.76 67.49 96.90 55.18 98.03 85.14 85.19 89.18 95.54 79.53
97.32 97.26 97.39 99.41 9886 99.79 8837 99.86 98.05 98.67 95.61 99.41 9520

UniAD [89]
MOoEAD [62]
LTOAD

Table A34. Comparison (1) on DAGM exp100 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (Cread (C*i1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 72.07 4876 99.75 95.66
AnomalyGPT [25] X 83.29 83.45 83.13 8431 100.00 87.16 66.80 79.00 89.90 95.65 80.03 5249 97.56
LTAD [34] X 9429 93.08 9551 97.78 99.62 99.80 68.21 100.00 99.51 97.34 80.90 100.00 99.82
HVQ [57] X 76.19 7636 76.03 9578 73.96 6436 50.82 96.90 6225 75.00 99.57 88.06 5525

v

v

v

RegAD [36]

83.56 87.09 80.02 99.40 9542 89.82 5332 9753 79.13 7248 5052 97.98 99.99
72.61 72.11 73.10 89.16 5477 73.66 5142 91.55 6792 77.01 9698 6191 61.69
94.71 93.79 95.63 99.51 99.88 99.89 69.66 100.00 99.57 98.27 81.53 100.00 98.80

UniAD [89]
MOoEAD [62]
LTOAD

Table A35. Comparison (1) on DAGM exp200 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.



Method CA C (P (™1 (Classi0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] 90.29 91.91 88.66 98.74 88.40 99.95 73.28 99.17 93.69 8523 7223 99.73 92.44
AnomalyGPT [25] 77.16 79.58 74.73 74.85 85.83 89.38 65.89 8193 7330 77.54 81.12 56.02 85.69
LTAD [34] 97.19 96.98 97.39 99.02 97.38 99.92 88.72 99.86 98.88 98.50 9326 99.52 96.80
HVQ [57] 85.32 84.22 86.42 98.89 7299 9489 5559 9875 84.66 85.63 9197 98.11 71.70

89.73 89.57 89.88 99.77 9328 99.22 5584 99.76 9030 86.78 76.53 96.44 99.39
84.18 82.54 85.81 97.70 64.61 96.94 5546 97.99 8478 85.19 8857 9536 75.15
97.11 97.29 96.94 99.41 98.85 99.81 88.48 99.88 98.01 98.64 93.88 99.41 94.76

UniAD [89]
MOoEAD [62]
LTOAD
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Table A36. Comparison (1) on DAGM exp200 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (Chexd (C%il (Class]10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 7207 4876 99.75 95.66
AnomalyGPT [25] X 83.47 84.38 82.55 86.38 99.99 91.88 64.78 78.88 90.31 95.06 79.88 5272 94.78
LTAD [34] X 9354 93.23 93.85 97.76 99.77 99.79 68.81 100.00 99.36 97.04 73.00 100.00 99.83
HVQ [57] X 7627 7151 75.04 9624 7546 67.12 5139 97.32 61.73 76.55 99.06 76.79 61.07

v

v

v

UniAD [89] 81.35 88.75 73.96 99.89 98.39 96.60 51.31 97.56 8524 7557 5349 55.64 99.84
MoEAD [62] 7228 72.81 71.74 8939 5743 7299 52.05 9220 68.71 75.06 94.66 59.14 61.14
LTOAD 93.82 93.98 93.67 99.60 99.85 99.82 70.62 100.00 99.51 97.67 72.66 100.00 98.50

Table A37. Comparison (1) on DAGM exp500 [34] in image-level AUROC using the same evaluation metrics as Tab. Al1.

Method CA C (P4 (™1 (Class10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] X 90.29 91.91 88.66 98.74 88.40 99.95 73.28 99.17 93.69 8523 7223 99.73 92.44
AnomalyGPT [25] X 76.87 78.93 74.81 76.11 8542 90.89 62.51 79.73 7228 7729 8221 5735 84.93
LTAD [34] X 97.01 96.94 97.07 99.02 97.33 99.92 88.57 99.87 98.74 9843 9223 9931 96.63
HVQ [57] X 8541 8474 86.08 98.94 74.08 9527 56.52 98.89 83.16 85.12 89.74 96.55 75.87

v

v

v

UniAD [89] 88.63 89.44 87.82 99.77 93.10 99.22 5537 99.73 89.05 84.62 75.15 90.93 99.33
MOoEAD [62] 83.34 83.11 83.57 97.82 68.03 96.68 55.14 97.89 8476 84.24 8567 93.03 70.12
LTOAD 96.98 97.23 96.72 99.39 98.84 99.83 8825 99.86 98.10 98.55 9345 99.13 94.30

Table A38. Comparison (1) on DAGM exp500 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (Ched (C%il (Class6 Class4 Classl Class5 Class3 Class2 Class8 Class9 Class7 Class10

RegAD [36] X 84.85 82.83 86.88 95.66 99.75 4876 72.07 97.95 98.44 5094 99.23 91.34 94.45
AnomalyGPT [25] X 84.65 86.58 82.72 99.11 67.43 74.65 9748 9421 88.79 63.56 92.07 99.96 69.20
LTAD [34] X 94.09 96.85 91.34 99.76 100.00 88.00 97.19 99.29 100.00 67.80 99.75 95.03 94.12
HVQ [57] X 7549 72.14 78.84 6139 96.04 99.65 7483 6226 9637 4937 66.89 62.88 85.20

v

v

v

UniAD [89] 82.48 85.78 79.17 99.93 100.00 63.41 79.04 86.52 97.00 51.42 9831 7148 77.67
MoEAD [62] 71.11 66.07 76.15 66.77 69.09 96.90 78.52 69.49 91.20 47.45 62.87 49.29 79.56
LTOAD 95.24 93.21 97.27 99.19 100.00 90.26 97.36 99.54 100.00 68.78 99.89 99.61 97.78

Table A39. Comparison (1) on DAGM reverse exp200 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (Ctead  (C®l (Class6 Class4 Classl Class5 Class3 Class2 Class8 Class9 Class7 Class10

RegAD [36] 90.28 88.66 9191 9244 99.73 7223 8523 93.69 99.17 7328 99.95 8840 98.74
AnomalyGPT [25] 78.41 76.49 8043.00 94.92 57.21 69.48 81.27 79.10 89.15 6579 9583 83.85 67.53
LTAD [34] 96.68 97.63 9572 97.16 99.43 9476 9830 98.52 99.87 8523 99.92 95.11 98.49
HVQ [57] 85.58 82.49 88.66 83.07 98.97 9235 8548 8345 9871 56.00 94.12 66.84 96.78

UniAD [89]
MOoEAD [62]
LTOAD

89.98 92.69 87.27 99.49 99.86 84.59 90.23 89.30 99.65 53.89 99.55 8542 97.87
83.55 79.28 87.83 8251 96.61 89.01 86.02 84.99 9732 5446 9242 5852 93.66
97.20 9697 97.43 9592 99.33 9550 9843 97.96 99.87 87.62 99.83 98.47 99.08
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Table A40. Comparison (1) on DAGM reverse exp200 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.



Method CA C (CPe2d (C*1 (ClassI0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] 84.85 86.88 82.83 9445 91.34 99.23 50.94 98.44 9795 72.07 4876 99.75 95.66
AnomalyGPT [25] 87.27 838.29 86.24 89.51 100.00 88.81 70.88 92.25 9597 96.69 83.77 57.59 97.20
LTAD [34] 94.03 93.20 94.85 97.67 99.57 99.85 6892 99.99 99.38 97.17 77.95 100.00 99.77
HVQ [57] 76.87 76.49 77.25 9539 7225 64.81 5244 97.56 6258 7596 99.67 94.61 53.42

82.37 87.11 77.63 99.06 95.02 92.84 51.38 97.26 6798 70.70 50.01 99.48 99.99
72.86 72.62 73.11 89.19 55.60 74.16 51.87 9225 6543 77.09 9551 6563 61.89
95.59 94.43 96.75 99.86 99.93 99.93 7245 99.99 9936 98.15 86.84 100.00 99.42

UniAD [89]
MOoEAD [62]
LTOAD
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Table A41. Comparison (1) on DAGM step50 [34] in image-level AUROC using the same evaluation metrics as Tab. Al1.

Method CA C (P (C*1 (Class10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] X 90.28 91.90 88.66 98.74 88.40 99.95 73.28 99.17 93.69 8523 7223 99.73 92.44
AnomalyGPT [25] X 78.28 79.78 76.77 75.75 86.67 89.54 66.73 80.23 79.02 79.42 81.74 5534 88.31
LTAD [34] X 9720 97.00 97.39 99.06 97.30 99.92 88.85 99.86 98.92 9859 9321 99.48 96.76
HVQ [57] X 8556 8398 87.14 98.87 71.92 9441 5580 98.88 8224 8539 9253 98.78 76.78

v

v

v

UniAD [89]
MOoEAD [62]
LTOAD

89.52 89.87 89.16 99.71 93.11 99.36 5749 99.71 86.33 84.15 7858 9741 99.37
84.04 82.54 85.53 97.81 64.80 96.77 5531 98.03 8322 8551 86.14 96.05 76.76
97.41 97.50 97.32 99.53 99.13 99.81 89.19 99.85 98.02 98.67 95.09 9945 9539

Table A42. Comparison (1) on DAGM step50 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (read C*i1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 72.07 4876 99.75 95.66
AnomalyGPT [25] X 86.48 88.35 84.60 90.24 100.00 87.79 70.42 9331 9521 96.41 81.82 51.01 98.56
LTAD [34] X 9397 93.13 94.81 97.85 9931 99.87 68.62 99.98 99.28 96.95 78.01 100.00 99.82
HVQ [57] X 7578 7771 73.85 96.14 7721 66.00 5144 97.76 5991 70.10 99.36 84.07 5583

v

v

v

UniAD [89]
MOoEAD [62]
LTOAD

81.11 87.19 75.03 99.12 9523 9199 5238 9723 67.80 69.05 5048 87.83 99.99
70.83 72.39 69.27 8891 5598 73.19 51.79 92.10 60.98 69.78 95.38 58.74 61.46
94.83 94.29 95.38 99.79 99.96 99.86 71.82 100.00 99.10 98.20 80.93 100.00 98.65

Table A43. Comparison (1) on DAGM stepl00 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (Crexd (il (Class10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

RegAD [36] X 90.28 91.91 88.66 98.74 88.40 99.95 73.28 99.17 93.69 8523 7223 99.73 9245
AnomalyGPT [25] X 78.76 80.23 77.29 77.01 8646 89.08 67.51 81.07 79.40 80.00 83.19 5572 88.14
LTAD [34] X 97.07 96.94 97.20 99.11 97.16 99.92 88.63 99.86 98.51 98.52 92.69 99.44 96.83
HVQ [57] X 8523 84.53 8592 99.00 74.70 9423 5583 98.91 81.82 8328 91.50 97.72 75.26

v

v

v

UniAD [89]
MOoEAD [62]
LTOAD

89.11 90.08 88.15 99.71 9350 99.25 5829 99.68 8499 83.20 7856 94.66 99.34
83.34 82.59 84.08 97.65 6549 96.70 5522 97.89 8126 81.89 86.73 94.86 75.67
97.30 97.60 97.00 99.51 99.18 99.82 89.62 99.86 97.96 98.60 94.18 99.49 94.79

Table A44. Comparison (1) on DAGM srep 100 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA (C (CPread (C*i1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 72.07 4876 99.75 95.66
AnomalyGPT [25] X 84.73 87.34 82.12 89.58 100.00 86.36 70.28 90.49 9543 9629 79.86 4135 97.66
LTAD [34] X 9379 93.69 9390 98.74 99.52 99.91 70.26 100.00 99.02 95.46 75.41 100.00 99.59
HVQ [57] X 7592 7147 7436 96.59 7949 61.29 5259 9740 6029 7122 9940 7890 61.98

v

v

v

RegAD [36]

UniAD [89]
MOoEAD [62]
LTOAD

80.33 88.85 71.81 99.80 98.48 97.68 5038 97.92 81.13 7295 5143 53.55 99.97
70.01 72.78 67.24 8896 56.44 73.45 5230 9274 5927 67.31 9524 5830 56.09
94.12 94.33 93.92 99.86 9998 9991 71.89 100.00 99.27 97.13 74.53 100.00 98.66

Table A45. Comparison (1) on DAGM step200 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.



Method CA C (P (C*1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 9029 91.91 88.66 98.74 88.40 99.95 73.28 99.17 93.69 8523 7223 99.73 92.44
AnomalyGPT [25] X 78.29 79.40 77.19 7597 86.68 89.22 65.88 79.26 80.28 79.87 8295 5526 87.57
LTAD [34] X 96.84 97.33 96.35 99.24 97.63 99.93 89.98 99.89 98.12 97.40 91.74 99.17 95.33
HVQ [57] X 84.63 84.15 85.11 99.05 7448 9243 5592 98.87 80.50 81.55 90.88 97.08 75.56

v

v

v

RegAD [36]

UniAD [89] 89.07 90.61 87.40 99.72 94.02 99.43 60.11 99.77 85.71 83.04 7828 90.59 99.40
MoEAD [62] 82.27 82.71 81.83 97.79 65.50 96.79 5538 98.08 80.50 78.83 86.22 93.85 69.77
LTOAD 97.14 97.54 96.74 99.53 99.07 99.81 89.40 99.86 97.77 98.34 93.16 99.38 95.03

Table A46. Comparison (1) on DAGM step200 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (Pt C*%i (Classl10 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6

X 84.86 86.88 82.84 9445 91.34 99.23 50.94 9844 9795 72.07 4876 99.75 95.66
AnomalyGPT [25] X 85.08 88.73 81.43 91.35 100.00 89.07 71.74 91.48 93.30 96.99 77.94 41.77 97.14
LTAD [34] X 9278 93.96 91.59 99.36 99.84 99.88 70.77 99.97 96.85 9599 6557 100.00 99.52
HVQ [57] X 73.86 7698 70.73 96.83 76.83 6244 51.30 97.50 6145 67.09 99.18 63.12 62.83

v

v

v

RegAD [36]

UniAD [89] 80.04 88.88 71.18 99.77 98.62 97.19 50.88 9798 76.32 74.09 5157 53.98 99.98
MoEAD [62] 69.73 70.64 68.82 91.85 53.45 6520 5222 90.48 5591 6378 9348 68.73 62.19
LTOAD 92.57 94.42 90.72 99.88 99.94 99.91 72.37 100.00 98.83 9585 61.96 100.00 96.94

Table A47. Comparison (1) on DAGM step500 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (P (C*1 (Classl0 Class7 Class9 Class8 Class2 Class3 Class5 Classl Class4 Class6
RegAD [36] X 9029 9191 88.66 98.74 8840 99.95 73.28 99.17 93.69 8523 7223 99.73 9244
AnomalyGPT [25] X 78.75 79.93 77.57 7790 8627 89.89 65.79 79.78 78.81 80.68 84.82 56.79 86.73
LTAD [34] X 96.65 97.67 95.64 99.45 9844 99.92 90.66 99.87 97.07 97.88 88.97 98.89 95.39
HVQ [57] X 84.11 8428 8395 99.01 7441 9291 56.10 9897 79.25 80.49 89.51 9471 75.76
UniAD [89] V' 8853 90.43 86.62 99.73 9439 99.42 58.89 99.75 8570 83.61 79.19 8525 99.39
MOoEAD [62] v’ 8219 82.77 81.61 97.88 6521 97.09 55.62 98.06 77.94 8024 86.41 9233 71.16
LTOAD V' 96.52 97.50 9554 99.52 99.07 99.81 8923 99.86 97.01 97.87 90.61 99.05 93.18

Table A48. Comparison (1) on DAGM step500 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.

Method CA C (CPread C*1 (Class6 Class4 Classl Class5 Class3 Class2 Class8 Class9 Class7 Class10

X 84.86 82.84 86.88 95.66 99.75 4876 72.07 97.95 9844 50.94 99.23 91.34 94.45
AnomalyGPT [25] X 83.64 88.06 79.21 98.71 6642 80.31 9841 9647 7021 6449 91.11 100.00 70.22
LTAD [34] X 93.89 97.40 90.39 99.79 100.00 90.40 97.14 99.67 99.86 64.86 99.00 93.73 94.48
HVQ [57] X 7451 69.85 79.17 61.73 92.70 99.58 7633 6552 87.01 52.87 63.89 58.16 87.31

v

v

v

RegAD [36]

83.57 88.89 7825 99.98 99.99 7296 8128 90.28 9534 50.64 98.05 65.58 81.67
71.28 65.10 77.47 68.85 72.52 96.37 78.83 70.77 80.39 5192 63.09 51.51 78.59
95.10 92.50 97.69 99.33 100.00 91.43 97.92 99.79 100.00 66.69 99.33 99.50 97.00

UniAD [89]
MOoEAD [62]
LTOAD

Table A49. Comparison (T) on DAGM reverse step200 [34] in image-level AUROC using the same evaluation metrics as Tab. A11.

Method CA C (Chexd (il Class6 Class4 Classl Class5 Class3 Class2 Class8 Class9 Class7 Class10

X 90.28 88.67 91.91 9244 99.73 7223 8524 93.69 99.17 73.28 99.95 8841 98.74
AnomalyGPT [25] X 77.11 75.54 78.68 91.83 54.33 67.86 81.32 8237 7932 69.19 97.15 8578 61.97
LTAD [34] X 96.66 97.93 9540 97.22 99.49 9531 98.57 99.04 99.79 8436 99.89 94.52 98.45
HVQ [57] X 8535 82.10 88.61 81.26 98.77 91.96 86.72 8430 97.25 5522 93.87 67.04 97.10

v

v

v

RegAD [36]

90.79 94.62 86.96 99.47 99.82 87.93 9347 9241 99.28 54.11 99.48 83.94 98.00
83.48 79.00 87.96 83.47 96.74 87.69 86.56 8533 9450 5544 9126 60.05 93.76
96.96 96.33 97.58 95.81 99.44 9590 98.66 98.11 99.83 8541 99.74 97.96 98.73

UniAD [89]
MOoEAD [62]
LTOAD

Table A50. Comparison (1) on DAGM reverse step200 [34] in pixel-level AUROC using the same evaluation metrics as Tab. A12.



Config. Online B B-HF B-TF D2-HF D2-TF D5-HF DS5-TF D5-M Avg.

expl00 X 9508 95.08 95.08 95.08 95.08 9508 95.08 95.08 95.08
V' 9536 95.30 95.32 9523 9528 95.26 9525 95.21 95.28
exp200 X 9482 94.82 94.82 94.82 94.82 94.82 94.82 94.82 94.82
V' 95.05 95.01 95.10 95.01 95.01 94.89 9494 94.91 94.99
stepl00 X 9503 95.03 95.03 95.03 95.03 9503 95.03 95.03 95.03
V' 9526 9526 95.28 95.17 9512 95.04 95.14 95.09 95.17
step200 X 9403 94.03 94.03 94.03 94.03 94.03 94.03 94.03 94.03
V' 94.83 94.72 94.85 94.60 94.82 94.55 94.67 94.53 94.70

Table A51. Comparison (1) on online MVTec in pixel-level AU-
ROC for anomaly segmentation across 4 configurations [34] of D*
and 8 configurations of D, ie. B, B-HF, B-TF, D2-HF, D2-TF,
D5-HF, D5-TF, and D5-M.

Config. Online B B-HF B-TF D2-HF D2-TF D5-HF DS5-TF D5-M Avg.

epl00 X 97.05 97.05 97.05 97.05 97.05 97.05 97.05 97.05 97.05
V' 9729 97.20 97.30 97.06 97.26 97.16 97.25 97.14 97.21
exp200 X 9691 9691 9691 96.91 9691 9691 9691 96.91 96.91
v 97.09 96.98 97.14 97.02 97.05 97.03 96.97 97.09 97.05
stepl00 X 9740 9740 97.40 9740 97.40 97.40 97.40 97.40 97.40
V' 97.61 97.54 97.65 9752 97.55 9745 97.50 97.53 97.54
step200 X 97.09 97.09 97.09 97.09 97.09 97.09 97.09 97.09 97.09
V' 9749 9743 9749 9717 97.39 97.19 9730 97.29 97.34

Table A52. Comparison (1) on online VisA in the same format
as Tab. AS51.

Config. Online B B-HF B-TF D2-HF D2-TF D5-HF DS5-TF D5-M Avg.

epl00 X 9748 9748 97.48 9748 9748 9748 97.48 97.48 97.48
V' 9747 9749 97.50 9742 9747 9742 9738 97.30 97.43
exp200 X 9729 9729 97.29 9729 9729 97.29 9729 97.29 97.29
V' 9744 97.44 97.44 9740 9743 9740 9738 97.03 97.37
stepl00 X 9743 9743 9743 9743 9743 9743 9743 9743 9743
V' 9757 9748 97.56 9736 9747 97.36 97.50 97.17 97.43
step200 X 9731 9731 97.31 9731 9731 97.31 9731 97.31 97.31
V' 9747 9739 9743 9733 9742 9721 9736 97.19 97.35

Table A53. Comparison (1) on online DAGM in the same format
as Tab. A51.
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Figure AS. Performance curves of LTOAD in pixel-level AUROC
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and online-trained on our online benchmarks.
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Figure A6. Performance curves in the same format as Tab. A51. They are offline-trained on MVTec exp200 [34].
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on C"*** and C**"*. They are offline-trained on MVTec expl00 [34]
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Figure A7. Performance curves in the same format as Tab. A51. They are offline-trained on MVTec step100 [34].
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Figure A8. Performance curves in the same format as Tab. A51. They are offline-trained on MVTec step200 [34].
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Figure A9. Performance curves in the same format as Tab. A51. They are offline-trained on VisA expl00 [34].
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Figure A10. Performance curves in the same format as Tab. A51. They are offline-trained on VisA exp200 [34].
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Figure A11. Performance curves in the same format as Tab. A51. They are offline-trained on VisA step100 [34].
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Figure A12. Performance curves in the same format as Tab. A51. They are offline-trained on VisA step200 [34].
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Figure A13. Performance curves in the same format as Tab. A51. They are offline-trained on DAGM exp100 [34].
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Figure A14. Performance curves in the same format as Tab. A51. They are offline-trained on DAGM exp200 [34].
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Figure A15. Performance curves in the same format as Tab. A51. They are offline-trained on DAGM step100 [34].
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Figure A16. Performance curves in the same format as Tab. A51. They are offline-trained on DAGM step200 [34].
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