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Algorithm1. TKAD Training Algorithm

Requirements:

Kalman Filter K, Positional Encoder E,, Transformer Encoder E;, Transformer Decoder D,
Time-series Dataset W

Learning rate «

Maximum iterations N

1. Initialize weights for K, E,, E;, D,

2.Setn+ 0

3. do

4.  for each time step t in the dataset W:

5. Apply Kalman Filter K to remove noise: K(W,)

6. Encode filtered data and original data using Positional Encoder: E,(K(WJ)+Wy)
7 Learn patterns using Transformer Encoder: H, = EyEp(K(Wy)+W))

8. Predict future states using Transformer Decoder: 0. = D(H,)

9. Compute loss between prediction and actual data: L = [|0,— W]

10.  Update weights of K, Ep, Ey, D; using the loss L and learning rate

1. n+n+1

12. While n < N
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Validation 20243 1& 357,12074 44,640 8 0] 10%
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Window Size 10
Encoder Layers 2
Hidden Units 128
Dropout Rate 0.1
Mumber of Epochs 50
Batch Size 128
Learning Rate 0.001
Optimizer Adam
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Anomaly Score

Threshold (Log Scale)
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Train Period

Model F1

AUC

Precision

Recall

TKAD (Ours)  0.6009

0.9336

0.5995

0.6023

Toain TranAD 05325 08791 0.5312 05337
(Last 3 USAD 02239 06624 0.2234 0.2244
Months) LSTM-AE 0.2761 0.7549 0.2755 0.2767
TadGAN 04698 0.8800 0.4688 04709

TKAD (Ours) 0.5012 0.8602 0.5000 0.5023

Traing TranAD 0.2552 06994 0.2546 0.2558
(Last 6 USAD 0.2390 0.6681 0.2384 0.2395
Months) ™ sr-aE 0.2378 0.7178 0.2373 0.2384
TadGAN 0.2691 07322 0.2685 0.2698

TKAD (Ours) 0.5081 0.8618 0.5069 0.5093

Train TranAD 02947 07124 0.2940 02953
(Last 12 USAD 0.1624 05806 0.1620 0.1628
Months) LSTM-AE 01937 06669 0.1933 01942
TadGAN 02529 07234 0.2523 0.2535
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