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1 Experimental Results

In this section, we provide detailed anomaly detection and localization re-
sults for three standard benchmark datasets, namely MVTec [2], BTAD [12],
and VisA [19]. Table 1 presents the AD results regarding I-AUC on the MVTec
dataset. DM-GRD outperforms its memory bank counterparts, such as ReconFA,
PaDiM, PatchCore, and CFA in most categories. These findings strengthen our
hypothesis that relying on a single memory module can compromise model per-
formance on challenging datasets. Despite using only pseudo-anomaly samples
for the separation loss, DM-GRD achieves better results than supervised meth-
ods. For KD approaches, DM-GRD surpasses MKD, RD, and RD++ by 11.76%,
1.53%, and 0.06%, respectively. Compared to MemKD, DM-GRD delivers com-
petitive results, while our dual memory networks are designed in an efficient
manner, reducing the inference time to less than 318 milliseconds.

Table 2 and Table 3 depict the anomaly localization performance of DM-
GRD and other advanced models on the MVTec dataset in P-AUC and PRO
metrics. In terms of P-AUC, our technique outperforms all other models except
for PRNet, which is trained in a supervised setting. For the PRO criterion, DM-
GRD surpasses its competitors by a significant margin while keeping an inference
time adequate for real-time anomaly detection in the industrial sector.

Table 4, Table 5, and Table 6 reflect the anomaly detection and localization
results of DM-GRD and other cutting-edge approaches on the BTAD dataset.
According to our observations, most approaches produce competitive -AUC and
P-AUC values. However, since this is a small dataset with relatively small surface
abnormalities, most methods perform poorly on the PRO measure. Meanwhile,
with two memory modules to retain crucial areas on the surface of objects, DM-
GRD has little difficulty accurately segmenting small aberrant regions.

Table 7 summarizes the anomaly detection and localization performance of
memory bank and KD methods in terms of I-AUC and PRO. Except for SPADE
and PaDiM, most approaches performed well on I-AUC. Nonetheless, most mem-
ory bank models scored poorly on the PRO criterion. Similarly, RD struggled to
segment anomalies on a large and demanding dataset like VisA due to not be-
ing trained on bogus anomaly samples. These observations further corroborate
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Table 1: Anomaly detection results in terms of I-AUC on the MVTec dataset.
The best results are bolded, and the second-best are underlined.

Memory Bank Supervised Knowledge Distillation
Category ReconFA [20] PaDiM [4] PatchCore [14] CFA [8] DevNet [13] DRA [6] PRNet [18] RD [5] RD++ [16] MKD [15] MemKD [7] Ours
Carpet 98.10 99.80 98.70 97.30 82.50 92.50 99.70 98.90 100.0 79.25 99.60 100.0
Grid 98.70 96.70 98.20 99.20 90.60 98.60 99.40 100.0 100.0 78.01 100.0 100.0
Leather 100.0 100.0 100.0 100.0 92.20 98.90 100.0 100.0 100.0 95.05 100.0 100.0
Tile 98.90 98.10 98.70 99.40 99.90 100.0 100.0 99.30 99.70 91.57 100.0 99.70
Wood 99.90 99.20 99.20 99.70 97.90 99.10 100.0 99.20 99.30 94.29 99.50 99.91
Bottle 100.0 99.90 100.0 100.0 99.70 100.0 100.0 100.0 100.0 99.39 100 100.0
Cable 98.10 92.70 99.50 99.80 98.70 94.20 98.90  95.00  99.20 89.19 99.20  99.68
Capsule 93.90 91.30 98.10 97.30 71.90 95.10 98.00 96.30 99.00 80.46 98.80 97.30
Hazelnut 98.00 92.00 100.0 100.0 99.70 100.0 100.0 99.90 100.0 98.37 100.0 100.0
Metal nut 99.60 98.70 100.0 100.0 98.80 99.10 100.0 100.0 100.0 73.58 100.0 100.0
Pill 98.70 93.30 96.60 97.90 87.10 88.30 99.30  96.60  98.40 82.70 98.30  97.46
Screw 94.50 85.80 98.10 97.30 97.20 99.50 95.90 97.00 98.90 83.31 99.10 98.54
Toothbrush 100.0 96.10 100.0 100.0 79.20 87.50 100.0 99.50 100.0 92.17 100.0 100.0
Transistor 100.0 97.40 100.0 100.0 89.10 88.30 99.70  96.70  98.50 85.55 100.0  99.96
Zipper 96.40 90.30 99.40 99.60 99.10 99.70 99.70 98.50 98.60 93.24 99.30 99.89
Average 98.30 95.50 99.10 99.17 92.20 96.10 99.40 98.46 99.44 87.74 99.60 99.50

Table 2: Anomaly localization performance in terms of P-AUC on MVTec AD.

Memory Bank Supervised Knowledge Distillation
Category SPADE [3] PaDiM [4] PatchCore [14] CFA 8] DevNet [13] DRA [6] PRNet [18] RD [5| RD++ [16] MKD [15] MemKD [7] Ours
Carpet 96.50 99.10 99.00 99.28 97.20 98.20 99.00 98.90 95.64 99.10  99.31
Grid 92.70 97.30 98.70 98.12 87.90 86.00 98.40 91.78 99.20 99.32
Leather 96.60 99.20 99.30 99.37 94.20 93.80 99.70 98.05 99.50 99.62
Tile 86.40 94.10 95.40 95.25 92.70 92.30 99.60 82.77 95.70  97.13
Wood 87.50 94.90 95.00 91.53 86.40 82.90 97.80 84.80 95.30  96.68
Bottle 97.40 98.30 98.60 98.84 93.90 91.30 99.40 96.32 98.80 98.84
Cable 96.20 96.70 98.40 98.97 88.80 86.60 98.80 82.40 98.30 98.15
Capsule 98.00 98.50 98.80 99.11 91.80 89.30 98.50 95.86 98.80 98.85
Hazelnut 98.10 98.20 98.70 98.85 91.10 89.60 99.70 94.62 99.10  99.30
Metal nut 97.10 97.20 98.40 99.15 77.80 79.50 99.70 86.38 97.20 97.14
Pill 95.50 95.70 97.40 98.93 82.60 84.50 99.50 89.63 98.30 98.51
Screw 97.90 98.50 99.40 98.91 60.30 54.00 97.50 95.96 99.60 99.50
Toothbrush ~ 96.90 98.80 98.70 98.96 84.60 75.50 99.60 96.12 98.90 99.40
Transistor 93.10 97.50 96.30 98.06 56.00 79.10 98.40 76.45 96.40 96.30
Zipper 95.50 98.50 98.80 99.02 93.70 96.90 98.80 93.90 98.50 98.03
Average 95.50 97.50 98.06 98.15 85.30 85.30 99.00 90.71 98.20 9841

Table 3: Anomaly localization results in terms of PRO on the MV Tec dataset.

Memory Bank Supervised Knowledge Distillation
Category SPADE [3] PaDiM [4] PatchCore [14] CFA [8] DevNet [13] DRA [6] PRNet [18] RD [5] RD++ [16] MKD [15] MemKD [7] Ours
Carpet 93.70 96.20 96.60 96.54 85.80 92.20 97.00 97.00  97.70 92.50 97.50  99.22
Grid 85.70 94.60 96.00 94.04 79.80 71.50 95.90 97.60  97.70 72.90 96.90  99.29
Leather 96.20 97.80 98.90 97.43 88.50 84.00 99.20 99.10 99.20 97.50 99.20 99.64
Tile 74.90 86.00 87.30 89.26 78.90 81.50 98.20  90.60 92.40 74.30 91.10  97.81
Wood 86.40 91.10 89.40 90.54 75.40 69.70 95.90  90.90 93.30 76.50 91.20 97.98
Bottle 91.50 94.80 96.20 95.76 83.50 7.6 97.00  96.60  97.00 88.60 97.10  98.97
Cable 89.90 88.80 92.50 94.17 80.90 77.70 97.20 91.00 93.90 66.20 40 98.04
Capsule 92.70 93.50 95.50 93.66 83.60 79.10 92.50 95.80 96.40 90.10 96.20 98.49
Hazelnut 91.40 92.60 93.80 95.75 83.60 79.10 92.50 95.50  96.30 94.30 95.70  99.11
Metal nut 91.40 85.60 91.40 94.54 76.90 76.70 95.80 92.30 93.00 76.90 90.80  97.98
Pill 89.60 92.70 93.20 97.19 69.20 77.00 97.20 96.4 97.00 86.40 96.60 98.84
Screw 90.00 94.40 97.90 95.23 31.10 30.10 92.40 98.20 98.60 85.20 98.20 99.49
Toothbrush ~ 92.50 93.10 91.50 91.14 33.50 56.10 95.60  94.50 94.20 87.30 9220 98.45
Transistor 86.40 84.50 83.70 95.35 39.10 49.00 94.80 78.0 81.80 68.10 85.30  97.56
Zipper 91.60 95.90 97.10 95.95 81.30 91.00 95.50 95.40 96.30 86.50 95.90  98.11
Average 90.70 92.10 93.40 94.44 71.40 73.30 96.10 93.93 94.99 82.90 94.10 98.60

our prediction that training primarily on anomalous samples leads to "over-
generalization", making it harder to handle anomalous samples effectively.
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Table 4: Anomaly detection results on the BTAD dataset at I-AUC.

Memory Bank

Supervised

Knowledge Distillation

Class PaDiM [4] SPADE [3] PatchCore [14] CFA [8] REB [11] DRA [6] PRNet [18] RD [5] RD++ [16] DM-GRD

01 99.80 91.40 96.70 98.10 99.60 - 100.0 96.30 96.80 96.30
02 82.00 71.40 81.38 85.50  88.50 - 84.10 86.60 90.10 88.47
03 99.40 99.90 99.95 99.00  99.80 - 99.90 100.0 100.0 100.0
Average  93.70 87.60 92.68 94.20 96.00  94.20 94.70 94.30 95.63 94.92

Table 5: Anomaly localization results on the BTAD dataset at P-AUC.

Memory Bank

Supervised

Knowledge

Distillation

Class PNI [1] PaDiM [4] SPADE [3] PatchCore [14] CFA [8] REB [11] DRA [6] BGAD [17] PRNet [18] RD [5] RD++ [16] DM-GRD

01 97.40 97.30 97.00 97.03 95.90 94.70 - 98.20 96.60 96.60 96.20 96.73
02 97.00 94.40 96.00 95.83 96.00 95.60 - 97.90 95.10 96.70 96.40 97.18
03 99.00 99.10 98.80 99.19 98.60 99.70 - 99.80 99.60 99.70 99.70 100.0
Average 97.80 96.90 97.30 97.35 96.83 97.20 75.40 98.60 97.10 97.67 97.43 97.97

Table 6: Anomaly localization results on the BTAD dataset at PRO.

Memory Bank

Supervised

Knowledge Distillation

Class PatchCore [14] CFA [8] SemiREST [9] DRA [6] BGAD [17] PRNet [18] RD [5] RD++ [16] DM-GRD

01 64.92 72.00 93.10 - 83.00 81.40 75.30 73.20 91.26
02 47.27 53.20 81.40 - 64.80 54.40 68.20 71.30 84.90
03 67.72 94.10 99.40 - 99.30 98.30 87.80 87.40 99.44
Average 59.97 73.10 91.30 56.20 82.40 78.00 77.10 77.30 91.71

Table 7: AD and localization results on the VisA dataset at L AUC/PRO.

Memory Bank Knowledge Distillation
Category =~ DMAD [10] PatchCore [14] SPADE [3] PaDiM [4] RD [5] RD++ [16] MemKD [7] DM-GRD
Candle 92.70/90.60 98.60/94.00 91.00/93.20 91.60/95.70 92.20/92.20 96.40/93.80 95.90/93.80 95.00/94.91
Capsules 88.00/88.40 81.60/85.50 61.40/36.10 70.70/76.90 90.10/56.90 92.10/95.80 94.70/88.20 92.47/98.43
Cashew 95.00/88.80 97.30/94.50 97.80/57.40 93.00/87.90 99.60/79.00 97.80/91.20 99.40/97.50 95.36/92.40
Chewing gum 97.40/73.90  99.10/84.60 93.90 98.80/83.50 99.70/92.50 96.40/88.10 99.80/98.80 96.70/99.60
Fryum 98.00/92.20  96.20/85.30 88.60/91.30 88.60/80.20 96.60/81.00 95.80/90.00 98.80/96.60 97.16/95.31
Macaronil 94.30/97.10  97.50/95.40  95.20/61.30 87.00/92.10 98.40/71.30 94.00/96.90 98.00/92.70 98.50/95.74
Macaroni2 90.40/98.50  78.10/94.40 87.90/63.40 70.50/75.40 97.60/68.00 88.00/97.70 92.00/84.80 97.60,/98.43
PCB1 95.80/96.20 98.50/94.30 72.10/38.40 94.70/91.30 97.60/43.20 96.90/96.90 93.87/96.97
PCB2 96.90/89.30 97.30/89.20 50.70/42.20 88.50/88.70 91.10/46.40 98.00/94.90 92.99/91.37
PCB3 98.30/93.60 97.90/90.90 90.50/80.30 91.00/84.90 95.50/80.30 96.80, 97.80/96.60 96.44/97.42
PCB4 99.70/91.40  99.60/90.10  83.10/71.60 97.50/81.60 96.50/72.20 99.80/91.90 99.80/99.90 99.34/97.55
Pipe fryum  99.00/95.30 99.80/95.70 81.10/61.70 97.00/92.50 97.00/68.30 99.60/95.60 100.0/99.00 97.80/98.26
Average 95.50/91.30  95.10/91.20 82.10/65.90 89.10/85.90 96.00/70.90 95.90/93.40 97.60/94.90 96.10/96.37

Table 8 provides the anomaly detection and localization outcomes on sev-
eral ResNet backbones on the MVTec dataset. In terms of P-AUC and PRO,
DM-GRD beats its KD opponents across all backbones, demonstrating the gener-
alizability of our method to pinpoint anomaly regions of varying sizes. Notably,
most KD techniques perform comparably on smaller backbones, highlighting
their suitability for real-time industrial applications.
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Table 8: Study on different backbones on the MVTec dataset.
-AUC P-AUC PRO
Backbone MemKD RD RD++ DM-GRD MemKD RD RD++ DM-GRD MemKD RD RD+} DM-GRD

ResNet18 98.60 97.90 98.63 98.40 97.30 97.10 97.64 97.82 92.40 91.20 93.65 97.65
ResNet50 99.00 98.40 99.05 98.61 97.90 97.70 98.17 98.21 93.80 93.10 94.78 98.20
WResNet50 99.60 98.46 99.44 99.50 98.20 97.81 98.25 98.41 94.50 93.93 94.99 98.60

2 Anomaly Detection and Localization Visualization

Input

GT

RD

RD++

DMGRD

Fig. 1: Visualization of KD methods for anomaly localization in MVTec AD.
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Fig.2: Visualization of KD methods for anomaly localization in the MVTec
dataset.
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Fig.3: Visualization of KD methods for anomaly localization in the MVTec
dataset.
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Fig.4: Visualization of KD methods for anomaly localization in the BTAD
dataset.
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Fig. 5: Visualization of KD methods for anomaly localization in the VisA dataset.
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Fig. 6: Visualization of KD methods for anomaly localization in the VisA dataset.
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Fig. 7: Visualization of KD methods for anomaly localization in the VisA dataset.
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FARAE

Fig. 11: Simulated anomalous regions MVTec AD with 8 € [0.1,0.2,0.3,0.4,0.5].
From left to right: bottle, cable, capsule, carpet, and grid.

Fig.12: Simulated anomalous regions in MVTec AD with g €
[0.1,0.2,0.3,0.4,0.5]. From left to right: hazelnut, leather, metal nut, pill,
and screw.
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Fig.13: Simulated anomalous regions in MVTec AD with g €
[0.1,0.2,0.3,0.4,0.5]. From left to right: tile, toothbrush, transistor, wood,
and zipper.

Fig.14: Simulated anomalous regions in the BTAD dataset with g €
[0.1,0.2,0.3,0.4,0.5]. From left to right: 01, 02, and 03 classes.
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Fig.15: Simulated anomalous regions in the VisA dataset with [ €
[0.1,0.2,0.3,0.4,0.5]. From left to right: candle, capsules, cashew, and chewing
gum.
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Fig.16: Simulated anomalous regions in the VisA dataset with § €
[0.1,0.2,0.3,0.4,0.5]. From left to right: fryum, macaronil, macaroni2, and pcb1.
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Fig.17: Simulated anomalous regions in the VisA dataset with § €
[0.1,0.2,0.3,0.4,0.5]. From left to right:pcb2, pcb3, pcb4, and pipe fryum.
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