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Abstract: Time series anomaly detection plays an important role in many real-world applications, such as monitoring key metrics (e.g.,
CPU and memory usage) in cloud-native database systems to detect system failures timely. Although many advanced time series anomaly
detection algorithms have been proposed in recent years, it has been shown that different algorithms excel in different application scenarios
in terms of anomaly detection accuracy, and there is no universally optimal method. Therefore, studying the problem of automatically

selecting the most suitable time series anomaly detection algorithm based on the data characteristics of various scenarios is crucial to
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achieving higher detection accuracy. Existing studies typically address this problem using time series classification (TSC) techniques,
training a classifier on data from historical tasks, where the input is a time series, and the output is the predicted most accurate anomaly
detection algorithm for that time series. Although TSC-based solutions improve detection accuracy, existing standard TSC algorithms fail
to fully utilize the knowledge from historical anomaly detection tasks. This study proposes a knowledge-enhanced time series anomaly
detection framework. Specifically, in addition to training the TSC model with hard labels that represent the best detection algorithm for
each historical time series, the accuracy of all candidate algorithms evaluated on historical data is used to estimate the class distribution of
the input time series. The distribution is treated as a soft label, providing the algorithm selector (i.e., the TSC model) with more
knowledge about the relationships between the anomaly detection algorithms. Meanwhile, a module is designed to flexibly integrate various
types of external knowledge (e.g., descriptions of the domain, characteristics of time series, and anomalies) into the TSC model. The
proposed method is designed as a plugin that can be seamlessly integrated into any TSC model to enhance its performance in anomaly
detection algorithm selection, regardless of the model architecture. Extensive experiments on various types of time series datasets validate
the effectiveness of this approach.

Key words: time series anomaly detection; automatic algorithm selection; time-series data analysis; knowledge-enhanced system; artificial

intelligence for database
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AL P R R AE. e, 26T 0 18] 7 210 5 400 AR TR R Ee 2 23 B4, R AR [8] 7 51 3R AE 5 R AE ) LA
A2, TR P e ) P 0 S5 5 A A 5 (K S 38 R 3 I 18] e SURFALE K27 2. RS 2RI 18] 32 51 0 SRR £ 4
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T KVE S RS H Transformer 4244 B2 (14245 4 B Ky (9(N1.‘.ye,(lfqu,epr +lsqufcpr)), Fo Ny ATEREIZ W
BH, Leg NEINKSE, Dy NIRANTILERE. BT BIRAUVE RS S RE S Y, B Transformer 2244 B A ik
BIFAT THBLRE 100, BB 5 VA0 SERRIRBE R BN SR 18] 5 B J5 VAR 25 M (B LSS 4.5 7). e (BB Y
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AV AL G a8 25 ST BT 1 Ry S5 G 0 Bk g 1 4 1. WL 382 31 5 0B K IR A (KININ) P70 Sz el v o 2 88
(SVO)PY. B BEHETF SR (AdaBoost) ™ FIBEHL AR (RF),

(2) ST B 7%, ST B AV UM A B 8] 7 91 40 KB 5 — ANl 3 EBRUZE . Kb E R 2%

© TEBREEEEIEDT  htp/ www. jos. org. cn



808 HAFFIR 2026 F5F 37 AF 2 B

JEHE B T B BB Z N 4% ConvNet (I fE CNYI; A5 4 7k 22 % B2 (1 3R 25 X 4% ResNet™; DL At AN A R~ 5 R
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FAE R GRS 42 FIE AT, 08 A B 95464 GTX 3090 GPU. 5 Sylligardos %5 A Wi % 8 — 8, S8R H 12 4
AR A I 1) e 200 S o A U SR04 o fieisk, 4% 8 A58 4= o i Bf J5 i TForest. IForestl. LOF. MP. NormA.
PCA. HBOS. POLY #1 4 A 2E Wi B J79%: OC-SVM. AE. LSTM-AD. CNN. BEfai/) W3 4.
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IForest BT BEALAS 8] 7 M 38 = SO, BRI BR AR BUE T A (AU 77 51) A SRR N e
IForestl 5 1Forestfl FIAR FISLI%, HEA T FURI D1, B LA 6] 252 O (D9 A AT A6 0
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HBOS F R Y L7 P, FFE T ALER (Bin) e L IR D B8iE sl 1 52 70 B
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b, ASCTTERIE AT 9 DN EUE A AR B S A 2 HE 44 Daphnet 425 4. GHL #4355 2. NAB
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