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Abstract

Streaming Time Series Anomaly Detection (Streaming TSAD) is essential for monitoring safety-critical
and industrial systems where measurements arrive sequentially and data distributions may evolve over
time. The Streaming TSAD community has focused on developing fast, light and machine learning
adaptive architectures [1, 2] while not considering the works proposed in the general TSAD literature [3],
designed for offline anomaly detection and deemed too computationally heavy [2].

In this work [4], we challenge this premise through StrAD, the first large-scale empirical benchmark com-
paring 19 static TSAD models and 10 state-of-the-art streaming methods across 17 real-world multivariate
datasets. To systematically assess adaptation under data non-stationarity, we introduce TSB-drift , a
curated subset of TSB-AD [3], identifying real-world time series exhibiting diverse drift regime. Our em-
pirical findings reveal a striking result: static models evaluated sequentially without parameter updates
(Online TSAD) significantly outperform native streaming methods, even under substantial concept drift,
although the gap narrows. This performance gap stems from an architectural bias: existing streaming
algorithms historically focus on point-wise outliers and fail to model complex, sequence-level collective
anomalies that high-capacity offline models capture effectively.

While fixed online models currently provide better sequence modeling, relying on a single frozen archi-
tecture remains brittle under long-term non-stationarity. To conclude, we outline our ongoing research
perspective: shifting away from the pursuit of a single universal streaming model toward dynamic unsu-
pervised model selection across a pool of online models.
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