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5.2.3 Discriminator
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V(D) = Expux[102(Dryn (X, Ernn(X)))]
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5.2 ffi® Encoder, Generator, Discriminator % 1E % 72352 IR
RINDHD SRR S NN T — 5 2 TEE L7k, K8
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ARNN(X) = aLgpyy (X) + (1 = @)Lpgyy (X) )
Ly (X) = [IX = Gryn (Ernn (X)) (10)
Lppyy (X) = 0(Dran (X, Ervn(X)), 1) (1)
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AT, S TORMDASIERHERS] X 120 LT HREE 25
L, EAL NN RS % B L HET 5.

MARU-GAN 2 & 2 BEBRAIO 7V 3 X 4% Algorithm 1
e



Algorithm 1 MARU-GAN based anomaly detection
Require: K,Z,X,a,N

1: for K epochs do
2: Training:
3 Generate time-series subsequences from the latent variables
4 Z, <START> = Ggyn(Z)
5 Map from time-series subsequences to the latent space
6: X = Egyn(X)
7 Discriminate time-series subsequences
8 Drnn(GrNN(Z), Z)
9 Dryn(X, Egnn(X))
10: Update the parameters by maximizing V(D)
11 V(D) = Ex-ppx10g(DryN (X, ERvn(X))] + Ez~p,z)[log(1 -
Drnn(GryN(Z), Z))] (Equation (8))
12: Update the parameters by minimizing V(G)
13: V(G) = Ez~p,z)llog(1 — Dryn(Gryn(Z), Z))] (Equation (7))
14: Update the parameters by minimizing V(E)
15: V(E) = Ex~pyux) [102(Dryn (X, Ernn(X)))] (Equation (6))
16: Save the parameters of Encoder, Generator, and Discriminator in the
current epoch
17: Validating:
18: Compute anomaly scores Agyy(X) using validation dataset
19: Lgyny (X) = IX = Gryn(Ervn (X))l (Equation (10))
20: Lpgyy (X) = 0(Dryn (X, Egyn (X)), 1) (Equation (11))
21: ARNN(X) = aLgpyy (X) + (1 = @)Lppy, (X) (Equation (9))
22: Define N% of the time-series subsequences with the highest
Agrnn(X) as anomalous
23: Compute F-value using the anomaly detection results
24: end for
25: Testing:
26: Restore the model with the highest F-value in K epochs
27: Compute anomaly scores Agyy(X) using test dataset based on the above
model
28: Lgpyy (X) = [1X — Grun(Ernn(X))Il1 (Equation (10))
29: Lpgyy (X) = o(Dran(X, Eryn(X)), 1) (Equation (11))
30: ARvn(X) = a@Lgyyy (X) + (1 = @)Lpgy,y (X) (Equation (9))
31: Define N% of the time-series subsequences with the highest Agyn(X)
as anomalous
32: Compute F-value, accuracy, and false positive rate using the anomaly

detection results
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Encoder
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Generator
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Discriminator
D(X): RNN 100 1 0.2
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RS F fifi | Accuracy | False positive ¥
Efficient GAN [4] | 0.20 0.68 0.20
EncDec-AD[19] | 0.19 0.68 0.20
LSTM-AD[18] | 0.50 0.80 0.12
MARU-GAN 0.72 0.89 0.07
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