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Figure 7: Multimodal anomaly detection model
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Table 3: Precision (P), recall (R), F1-score (F1) and MTTD

(minutes) comparison between SCWarn and baselines

Dataset A Dataset 8

Approaches P R F1 MTTD | P R F1 MTTD
SCWarn 0.91 0.95 0.93 5.1 0.97 0.98 0.97 2.3
Gandalf-AD | 0.68 0.95 0.79 6.2 0.77 0.99 0.87 3.1
Funnel 0.77 0.69 0.73 14.0 0.76 0.87 0.81 6.4
Lumos 0.66 0.94 0.78 10.0 0.77 0.93 0.82 10.0
mFunnel 0.69 093 0.79 9.0 0.82 0.79 0.80 3.0
mLumos 0.85 0.83 0.84 10.0 0.72 0.99 0.83 10.0
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Table 4: Effectiveness of multimodal LSTM algorithm compared with existing anomaly detection approaches

Dataset A Dataset B
Data source Approaches P R F1 MTID | P R F1 MTID
Business KPIs Donut 0.65 092 0.76 7.3 0.94 075 0.83 5.4
B-LSTM 0.86 0.75 0.80 8.2 099 0.88 0.93 6.6
Machine KPIs LSTM-NDT 0.80 0.71 0.76 5.2 0.85 0.83 086 3.5
OmniAnomaly 0.71 099 0.83 54 0.88 0.87 0.87 3.2
Logs DeepLog 0.57 096 0.71 11.2 0.55 0.83 0.66 8.9
M-AE 0.79 0.85 0.81 5.1 0.82 090 0.86 2.6
Multi-source M-LSTM 0.80 0.95 0.87 53 099 094 096 3.2
data Multimodal AE 0.94 0.83 0.88 6.1 095 093 094 4.0
Multimodal LSTM 0.91 0.95 0.93 5.1 0.97 0.98 0.97 2.3
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Table 5: Training time (minutes) and detection time (sec-
onds) comparison

Dataset A Dataset 8
Approaches Training | Detection | Training | Detection
SCWarn 4.84 0.94 3.43 0.86
Gandalf—AD 6.28 0.78 6.03 0.74
Funnel = 1.44 5 1.04
Lumos B 1.23 - 1.08
Donut 11.57 1.01 8.32 0.84
B-LSTM 3.45 0.55 2.89 0.49
LSTM-NDT 3.89 0.61 3.01 0.52
OmniAnomaly 28.11 1.34 24.89 1.88
DeepLog 50.65 2.43 46.23 2.77
M-AE 3.11 0.40 2.80 0.26
M-LSTM 4.42 0.49 4.19 0.44
Multimodal AE 3.65 0.67 3.20 0.60
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