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Metrics

e Training Methodology:
o Continual Learning:

No filtering is applied
o Pseudo-Continual Learning:

Only data pseudo-labeled as
normal

o Active Learning:

Human annotators identify
FP among the
pseudo-labeled anomalies

o AL Light:

A variant of active learning
that minimizes annotator
workload

e Metrics
o Error Balance Index:

(o 2% ((1=FNR) x (1= FPR))

(1—FNR)+ (1—FPR)

Model Training Methodology FNR % FPR% FNR% FPR% FNR% FPR %
(2
Continual Learning 34.23 33.00 277.42 56.32 2291 39.36
STG-NF | Pseudo-Continual Learning | 48.46 21.34 3355 28.59 39.21 32.40
Active Learning 42.36 21.54 23.21 51.04 32.29 37.47
AL Light 44.52 21.39 31.05 39.41 29.77 39.28
Continual Learning 27.80 51.29 62.64 17.08 16.09 49.39
TSGAD | Pseudo-Continual Learning | 26.00 42.06 29.28 38.62 37.67 44.19
Active Learning 13.26 5326 54.63 10.93 5183 22.25
AL Light 19.07 46.78 48.34 12.60 46.12 26.68
Continual Learning 27.49 47.59 21.60 54.89 2323 47.16
SPARTA | Pseudo-Continual Learning | 29.63 46.58 23.59 53.08 23.81 46.14
Active Learning 28.98 45.66 2567 al1.12 21.93 48.09
AL Light 28.32 46.67 23.97 50.00 22.37 47.78
C5
Continual Learning 45.11 16.83 40.44 83.33 24.61 10,12
STG-NF | Pseudo-Continual Learning | 37.42 12.46 42.02 40.72 32.14 61.39
Active Learning 40.96 13.47 41.02 80.16 e S 77.14
AL Light 42.69 13.61 41.70 80.68 38.94 68.39
Continual Learning 40.44 35.11 61.23 39.69 43.31 34.97
TSGAD | Pseudo-Continual Learning | 21.75 53.51 42.12 36.32 19.85 5799
Active Learning 47.38 30.65 41.38 51.26 30.43 2552
AL Light 47.90 29.93 40.70 AL 15 29.34 28.02
Continual Learning 2673 15.54 30.44 62.15 16.18 63.85
SPARTA | Pseudo-Continual Learning | 26.36 15.48 5237 61.60 17.81 62.59
Active Learning 26.29 14.53 31.15 59.05 1755 59.99
AL Light 277.74 15.27 31.02 58.94 17.06 61.89

Research Questions and Future Directions

e Challenges:

o Current pose-based anomaly detection performance still leaves room for

improvement.

o0 Need to assess timing, efficiency, and hardware requirements for

real-world use.

o Long-term, real-world monitoring is required to evaluate adaptability

and identify failure modes.
e FKuture:

o Employ meta-learning and reward-based adaptation to generalize across

unseen environments.

o Conduct structured, continuous deployment studies to measure
robustness, efficiency, and real-world viability.
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