PaAno: Patch-Based Representation Learning for Time-Series Anomaly Detection
Jinju Park, Seokho Kang*

Department of Industrial Engineering, Sungkyunkwan University, Korea ICLR
Apr 2026, International Conference on Learning Representations (ICLR 2026) e e

International Conference On
Learning Representations

[ ]
1. Introduction 2. Proposed Method
1-1. Time-Series Anomaly Detection 2-1. Training Phase 2-2. Anomaly Detection
Time-series Anomaly Detection aims to identify time points or segments within a sequence whose patterns deviate PaAno embeds instance-normalized patches into a discriminative embedding space using a lightweight 1D-CNN encoder. The training objective minimizes a triplet During inference, PaAno computes anomaly scores u.sirmg the trained pa.tch encodetr
significantly from expected normal behavior. loss to ensure that patches with similar temporal patterns are embedded close together while dissimilar ones are pushed apart, creating well-organized clusters of and a reduced memory bank. Each patch containing the query time step is
normal patches. To stabilize this representation learning, a pretext loss is applied during the early stage of training to capture sequential relationships by embedded and compared against its k-nearest neighbors in the memory bank via
Global Point . Context . Shapelet predicting whether two patches are temporally consecutive. This joint optimization encourages the encoder to extract features sensitive to meaningful temporal cosine distance. This patch-level score measures the deviation from learned normal
R B dynamics, resulting in a robust and structured embedding space where unseen anomalies can be effectively identified. clusters, as anomalous embeddings fail to align with normal patterns. The final
E 8 * BN . anomaly score is determined by averaging the scores of all overlapping patches.
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However, recent studies have revealed that common practices in time-series anomaly detection evaluation suffer from I Preceding hih? —/ Cg(hihi ) ) Time =EZdi5t(fg(pf),m[l)
serious flaws. 1) Benchmark datasets contain mislabeled anomalies or unrealistic assumptions about anomaly distributions, -2 ») pl?re Co |
and 2) Evaluation Protocols rely on point-adjustment and method-specific threshold tuning, which can artificially inflate p d'l Pat h;) hPre (5 Get Point-wise Aggregate Patch Scores @) Get Patch-wise
performance. Furthermore, Recent studies also show that, under corrected protocols, recent state-of-the-art transformer- receding Fatc ! Anomaly Score to Each Time Point Anomaly Score
based time-series anomaly detection methods did not provide meaningful improvements over simpler methods. [Figure 2] Training procedure of PaAno. [Figure 3] Anomaly detection procedure of PaAno.

3. Experimental Results

3-1. Univariate Time-Series Anomaly Detection 3-2. Multivariate Time-Series Anomaly Detection 3-3. Comprehensive Experiments
For evaluation metrics, we used three range-based metrics (VUS-PR, VUS-ROC, Range-F1), In multivariate time-series anomaly detection, PaAno again ranked first across all six performance We conducted a comprehensive experiment of PaAno. PaAno relies on all its components, [Figure 4] Sensitivity analysis on Top-k and memory bank size of PaAno across TSB-AD-U/M.
and three point-wise metrics (AUC-PR, AUC-ROC, Point-F1). We used TSB-AD dataset for =~ measures. PaAno showed highly competitive run time, highlighting its practical efficiency for real- and removing or altering any of them leads to a substantial drop in performance, as shown Top-k (TSB-AD-U) __ Toprk (TSE-AD-M) Memory Bank Size (TSB-AD-U)  Memory Bank Size (TSB-AD-M)
evaluation. In univariate time-series anomaly detection, PaAno ranked first across all six  time applications. While majority of recent Transformer-based baselines required significantly longer in Table 3. It is also robust to hyperparameter variations, with Figure 4 presenting results =~ g["—"—2 s Pf————nt om0 Se o) % o
performance measures, outperforming all baseline methods. run times, PaAno was substantially faster with superior performances. for different memory bank sizes and numbers of nearest neighbors used in anomaly ol 76 " 76
scoring, while additional settings (including the patch encoder architecture, loss weight, T ‘ | r ' ' T 7 ‘ ‘ 7 (
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[Table 1] Experiment results of PaAno on TSB-AD-U. [Table 2] Experiment results of PaAno on TSB-AD-M.  patch size, and minibatch size) are detailed in the paper. Furthermore, PaAno achieves ) e —" T —r—y] PR
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