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TR AR A e, B g (TS <[ YKL Spac Temp')
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F ADAM 1E AL 2%, W16 21 F o 1x1074 ik K
NN 64, IR FEAE 10 MR ST 1L
55 LERFL
55.1 w4 (RQL:S A LARA Hig)
ANFERRIYALE 5 AN A TF R B b 1) 53 A ) 45
mFE AR, HIH T RIGRE s =, B
F bR IR G SR . AR 5] 2 AU B 0 L F1L A5
SRRV R P PERE, TSI FL A3 R AR
PERE
) AFFEIRSE: ESD AL L5214
SRS RLEAT T2 X LEsEe . fERTE A TR S

£ I, MAD-Transformer [¥]°F35 F1 55> £ Ge L T 62
+% ATransformer 7£ N R 2 B HER A, B0 0F T 2
HBLEN [8] 7 271 w2 ) ARG R 21042 4 R 1) SR IR St A
WA RE

HAAT &, € SMAP. SWAT. PSM % ¥ 4
I, MAD-Transformer HX 15 &% 5 F1 75 4, 7E MSL
Mt Lk E S ATUAD MY, HB &0 T HAh
A, 7E SMD %45 4E I, MAD-Transformer [ 4
BE B% X T ATransformer. ATUAD 1 GDN. MAD-
Transformer [ I P4 B 75 K 6 70 % dis 4 HAR T B
AR, R A P A1 DG L IR A SRR AN 4 ]

*1 ESNAFHIBEE LS ERNITLER
SMD MSL SMAP SWAT PSM Ty

F1A350 R AR FIA2 BIE 4R FUS2 BHF AR FLE2 KR AR P2 R A BR FLE

RRCEE

OCSVM 56.19% 44.34% 76.72% 70.82% 59.78% 86.87% 56.34% 53.85% 59.07% 47.23% 45.39% 49.22% 70.67% 62.75% 80.89% 60.25%
IF 53.64% 42.31% 73.29% 66.45% 53.94% 86.54% 55.53% 52.39% 59.07% 47.02% 49.29% 44.95% 83.48% 76.09% 92.45% 61.22%
LOF 46.68% 56.34% 39.86% 61.18% 47.72% 85.25% 57.60% 58.93% 56.33% 68.62% 72.15% 65.43% 70.61% 57.89% 90.49% 60.94%
Deep-SVDD  79.10% 78.54% 79.67% 83.58% 91.92% 76.63% 69.04% 89.93% 56.02% 82.39% 80.42% 84.45% 90.73% 95.41% 86.49% 80.97%
DAGMM 57.30% 67.30% 49.89% 74.62% 89.60% 63.93% 68.51% 86.45% 56.73% 70.40% 89.92% 57.84% 80.08% 93.49% 70.03% 70.18%
MPPCACD  75.02% 71.20% 79.28% 69.95% 81.42% 61.31% 81.73% 88.61% 75.84% 74.73% 82.52% 68.29% 77.29% 76.26% 78.35% 75.74%
VAR 74.08% 78.35% 70.26% 77.90% 74.68% 81.42% 64.83% 81.38% 53.88% 69.34% 81.59% 60.29% 87.13% 90.71% 83.82% 74.66%
LSTM 81.78% 78.55% 85.28% 83.95% 85.45% 82.50% 83.39% 89.41% 78.13% 84.69% 86.15% 83.27% 82.80% 76.93% 89.64% 83.32%
CL-MPPCA  79.09% 82.36% 76.07% 80.44% 73.71% 88.54% 72.88% 86.13% 63.16% 79.07% 76.78% 81.50% 71.80% 56.02% 99.93% 76.66%
ITAD 79.48% 86.22% 73.71% 76.07% 69.44% 84.09% 73.85% 82.42% 66.89% 57.08% 63.13% 52.08% 68.13% 72.80% 64.02% 70.92%
LSTM-VAE  82.30% 75.76% 90.08% 82.62% 85.49% 79.94% 78.10% 92.20% 67.75% 82.20% 76.00% 89.50% 80.96% 73.62% 89.92% 81.24%
BeatGAN 78.10% 72.90% 84.09% 87.53% 89.75% 85.42% 69.61% 92.38% 55.85% 73.92% 64.01% 87.46% 92.04% 90.30% 93.84% 80.24%

OMNIANOMALY 85.22% 83.68% 86.82% 87.67% 89.02% 86.37% 86.92% 92.49% 81.99% 82.83% 81.42% 84.30% 80.83% 88.39% 74.46% 84.69%

InterFusion ~ 86.22% 87.02% 85.43% 86.62% 81.28% 92.70% 89.14% 89.77% 88.52% 83.01% 80.59% 85.58% 83.52% 83.61% 83.45% 85.70%
THOC 84.99% 79.76% 90.95% 89.69% 88.45% 90.97% 90.68% 92.06% 89.34% 85.13% 83.94% 86.36% 89.54% 88.14% 90.99% 88.01%
MAD-GAN  85.10% 85.96% 84.25% 91.38% 85.55% 98.07% 88.14% 94.22% 82.79% 86.53% 90.85% 82.60% 87.90% 88.25% 87.56% 87.81%
MSCRED 78.75% 84.73% 79.11% 82.05% 87.37% 77.34% 69.33% 94.11% 54.88% 84.59% 92.69% 77.80% 83.78% 87.23% 80.60% 79.70%
MTAD-GAT  91.29% 90.24% 92.36% 90.84% 87.54% 94.40% 90.13% 89.06% 91.23% 85.50% 98.24% 75.69% 88.41% 97.95% 80.56% 89.23%
GDN 92.59% 91.08% 94.16% 94.62% 94.91% 94.34% 92.31% 91.64% 92.98% 89.57% 96.14% 83.84% 93.59% 95.67% 91.59% 92.54%
USAD 91.62% 89.14% 94.25% 92.72% 88.10% 97.86% 86.34% 76.97% 98.31% 84.60% 98.70% 74.02% 86.99% 96.89% 78.92% 88.45%

ATransformer  92.33% 89.40% 95.45% 93.35% 92.00% 94.73% 96.25% 93.61% 99.05% 94.07% 91.55% 96.73% 97.89% 96.91% 98.90% 94.78%
MGDRF 92.03% 88.64% 95.69% 89.99% 89.43% 90.56% 87.37% 80.45% 95.59% 82.70% 98.32% 71.35% 88.03% 94.56% 82.35% 88.02%

ATUAD 95.02% 90.72% 99.74% 94.96% 90.41% 99.99% 89.85% 81.57% 99.99% 81.01% 96.96% 69.57% 94.91% 96.63% 93.25% 91.15%

MAD-Transformer 92.00% 90.15% 93.93% 94.92% 91.98% 98.06% 96.94% 95.02% 98.96% 95.83% 94.65% 97.04% 98.18% 97.45% 98.92% 95.57%
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23— B9 T MAD-Transformer % /™ 15 it i
BIsZm, 3 A MBI b e BRI [R) 0 32 ZeBRas () 4y &
X EBRTFA SO FEBRASFR, FF5 40 Trans- T 40%}
former HEATHEREXT L. MR 2 AT LLE H, MAD-
Transformer [ & AL B &R 0] DLk — 0 el b B A 20% 1
HARM S, @R R E T T 5.01 40N E 0 . :
(90.56%—95.57%), AR [ I . E 2T 1 3.88 ALV
ANEE (91.69%— 95.57%), VAR EAR T 51 ek B7 6 /MR L5 s R
*w2 MAD-Transformer 7£ 5 ™A FF 8RS FRYHRSLIR AR
it MAD-Transformer EBRETE] 7352 ENSe Ea LERIFH 3 ERRAFFLR 4{i Transformer
SMD 92.00% 88.25% 89.65% 86.39% 90.96% 76.89%
MSL 94.92% 89.06% 90.98% 88.56% 92.85% 80.66%
SMAP 96.94% 90.89% 92.31% 90.68% 94.64% 79.53%
SWAT 95.83% 90.25% 91.56% 90.05% 92.89% 78.72%
PSM 98.18% 94.34% 93.97% 92.61% 95.59% 76.94%
THIF11535 95.57% 90.56% 91.69% 89.66% 93.39% 78.55%
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