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Time-series anomaly detection is critical across various domains. Despite advances in neural networks and
foundation models, recent studies show that traditional data mining methods remain highly competitive
due to their effectiveness and scalability. However, these approaches suffer from distinct limitations: discord-
based methods fail in the presence of repeated anomalies, whereas clustering-based techniques, though
mitigating this issue, struggle to capture fine-grained deviations. Moreover, both approaches rely on distance
computation, whose effectiveness fundamentally depends on data normalization, with z-score serving as
the de facto standard. However, we observe that while normalization reduces scale bias and can enhance
anomaly detectability, it may also suppress amplitude-driven anomalies, making the choice of an appropriate
normalization scheme both critical and non-trivial. To address these challenges, we propose HYDRA, a multi-
level hierarchical and unsupervised approach that integrates the strengths of distance-based methods while
reducing reliance on explicit normalization. HYDRA (i) employs a lightweight approximate nearest-neighbor
detector with graph-based selection to identify representative subsequences; (ii) constructs multi-resolution
representations of the time series and aggregates anomaly evidence from fine to coarse scales; and (iii)
introduces a hierarchical ensemble mechanism that fuses level-wise scores to improve robustness against
contamination and scale imbalance. This design allows HYDRA to detect diverse anomaly types, from short,
isolated discords to long, persistent deviations, allowing it to detect patterns overlooked by single-scale
methods. Extensive evaluation on 40 univariate and multivariate time-series anomaly detection datasets from
the TSB-AD benchmark demonstrates that HYDRA achieves state-of-the-art performance, ranking first among
40 competing algorithms, while maintaining scalability to ultra-long sequences. We open-source our code at
https://github.com/thedatumorg/HYDRA to facilitate reproducibility.
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1 Introduction
Time-series data arise in a wide range of real-world applications [32, 69, 73, 90, 91] and support
many fundamental analysis tasks, including clustering [10, 31, 52, 81, 82, 88, 89, 93], similarity
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(a) Snippet of a server machine recording: Single anomaly
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(b) Snippet of an ECG recording: Multiple similar anomalies
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Fig. 1. HYDRA versus state-of-the-art models NormA [13] andMatrix Profile [119] on two time series [33, 106]

from TSB-AD benchmark [63]. HYDRA successfully detects anomalies in both cases where either NormA or

Matrix Profile fails, highlighting the effectiveness of our proposed multi-level hierarchy-driven strategy.

search [28, 79, 87, 92, 115], forecasting [48, 55], and anomaly detection [14, 16–19, 21, 77, 107, 108].
Among them, time-series anomaly detection (TSAD) plays a particularly vital role, as anomalous
patterns often correspond to rare but critical events. In industrial monitoring, early detection of
abnormal signals can prevent and explain equipment failures [36, 37, 72, 105, 106]; in financial
systems, robust detection mechanisms can uncover fraud and systemic risks [99]; and in healthcare,
timely identification of irregular physiological patterns can enable early intervention for severe
conditions [23, 38]. Moreover, the proliferation of large-scale sensing and IoT applications [41, 44–
46, 49, 56, 57, 64, 74, 75, 85] has led to massive and increasingly heterogeneous time-series data,
making TSAD challenging in terms of accuracy, robustness, and evaluation [11, 61, 76, 121].
Motivation. Despite substantial progress in time-series anomaly detection, driven recently by
advanced neural networks and foundation models [27, 54, 59, 60], recent benchmark studies [63,
83, 102] reveal that traditional data mining methods remain highly competitive due to their effec-
tiveness and scalability. Among these, distance-based approaches such as Matrix Profile (MP) [119],
KMeansAD [65, 114], and NormA [13] often rank among the top-performing methods. However,
their underlying assumptions about what constitutes an anomaly introduce structural limitations
that hinder robustness in real-world scenarios where anomaly behaviors can be diverse.

Discord-based methods like MP define anomalies as subsequences that are most dissimilar to the
rest of the series. This assumption works well for isolated fine-grained anomalies, as illustrated in
Figure 1(a). However, when anomalies exhibit similar structure, they become each other’s nearest
neighbors (i.e., the “twin-freak” problem), leading to reduced distances and suppressed anomaly
scores, thereby concealing repeated abnormal patterns (Figure 2(b)).
To mitigate this, clustering-based approaches such as KMeansAD and NormA shift the focus

from discord computation to cluster formation. These methods effectively detect repeated or shape-
consistent anomalies, as shown in Figure 1(b), and alleviate twin-freak suppression. However,
this paradigm assumes anomalies are sparse and well-separated. When anomalies are frequent
or shape-consistent, they are absorbed into normal clusters and thus overlooked, leading to false
negatives (Figure 2(c)). NormA introduces cluster-level weighting to partially address this issue, yet
its coarse cluster abstraction fails to capture fine-grained discords (e.g., subsequence 6 in Figure 2)
and remains sensitive to the choice of cluster number, which may induce centroid distortion and
contamination by outliers as shown in Figure 2(d).

Collectively, these observations point to two core limitations: (i) both methods are vulnerable to
anomaly-induced contamination (as shown in Figure 2), and (ii) reliance on a single anomaly
semantic assumption limits the ability of existing models to generalize across different anomaly
behaviors. This contrast highlights the necessity of a unified framework that inherits the strengths
of both paradigms, and motivates a contamination-free selection mechanism within amulti-level
framework that integrates their complementary advantages.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 197. Publication date: June 2026.



HYDRA: A Multi-Level Hierarchy-Driven Approach for Robust Anomaly Detection in Time Series 197:3

Centroid

Centroid

Centroid

Contaminated  Cluster(d)

Centroid

Euclidean 
Distance

Anomalous Subsequence

Anomaly Cluster

① ②

③ ④

⑤ ⑥

⑦ ⑧

①

②

⑦

⑧

⑤

③

④

⑥

Anomalies
(a)

Anomalous Subsequence
Nearest

Neighbor

Euclidean 
Distance

Twin-freak
⑦

⑧Anomalous Subsequence

(b)

(c)

A
n

om
al

y 
C

on
ta

m
in

at
io

n

Fig. 2. (a) Two-dimensional subsequence embedding with outliers and duplicate anomalies: the yellow

triangles and curves mark anomalies; all other points/curves are normal. (b) Anomalies are not always top

discords. (c) Concentrated anomalies are grouped into a single cluster. (d) Misspecified cluster number distorts

centroids (red stars/lines), whose shapes deviate from normal subsequences.

A Largely Overlooked Aspect in Data Preprocessing. At the core of distance-based approaches
lies normalization, a standard preprocessing step used to reduce scale variance in time-series data.
Among available techniques, z-score normalization, which subtracts the mean and divides by the
standard deviation, has become a de facto standard in the time-series community [26, 63, 84, 86, 116].
However, when anomalies are amplitude-driven (e.g., spikes), such normalization inadvertently
attenuates the large magnitude deviations that signal anomalous behavior. Conversely, for shape-
based anomalies (e.g., mean shift, gradual drift), normalization can improve detectability by mitigat-
ing scale bias and facilitating more consistent distance comparisons. Since no single normalization
strategy is universally effective, committing to a fixed policy such as z-score introduces instability
across datasets and anomaly characteristics, motivating the development of methods that reduce
reliance on explicit normalization choices.

Table 1. Comparison of state-of-the-art time-series anomaly detection methods across key properties. ✓

denotes support and ✗ denotes lack of support. Uni and Multi indicate applicability to univariate and

multivariate time series. Unsupervised denotes label-free operation. Contamination indicates resilience to

anomaly contamination.

Method Uni Multi Unsupervised HP-Light Contamination

MP [119] ✓ ✓ ✓ ✓ ✗
NormA [13] ✓ ✗ ✓ ✗ ✗
LSTMAD [66] ✓ ✓ ✗ ✗ ✗
MOMENT [34] ✓ ✓ ✓/✗ ✓/✗ ✗

HYDRA (Ours) ✓ ✓ ✓ ✓ ✓

Our Proposed Approach. To address the aforementioned limitations, we introduce theHierarchY-
Driven Approach for Robust Anomaly Detection (HYDRA), a novel hierarchical method for time
series anomaly detection. HYDRA performs level-wise subsequence selection that retains a subset
of candidates to form next-level representatives. This progressive selection induces a hierarchy of
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representative subsequences whose upper levels are increasingly purified, ultimately approaching
a contamination-free representative set. In parallel, HYDRA constructs multi-resolution represen-
tations of the input and, at each level, runs a lightweight approximate-nearest-neighbor detector
to produce resolution-specific scores. Fine levels target short, isolated discords, whereas coarse
levels capture persistent or clustered deviations. Rather than relying solely on post-hoc score
fusion, HYDRA aggregates level-specific, standardized evidence at its native resolution, preserving
attribution and maintaining semantic consistency across scales. This cross-resolution consensus
enables the detector to reconcile fine-grained local deviations with broader structural irregularities,
thereby compensating for scale variation without committing to any single normalization view. In
addition, the hierarchical selection process progressively suppresses nearest-neighbor masking
among similar anomalies, reduces sensitivity to clustering assumptions, and lessens reliance on
clean data by constructing increasingly purified representative sets as the hierarchy ascends.

As shown in Table 1, which summarizes top-performingmodels from recent benchmarks [63, 102],
MP [119] has demonstrated strong detection performance across awide range of scenarios over years
of development and extensive empirical validation, and has evolved from its original univariate
formulation to variants that support multivariate settings [118]. However, MP may fail when
anomalies recur with similar patterns, revealing a limited tolerance to anomaly contamination.
NormA [13] addresses the twin-freak issue but requires an accurate choice of the number of
clusters and still struggles to detect subtle deviations. Furthermore, representative neural network-
based solutions such as LSTMAD [66] and foundation models like MOMENT [34] have both
zero-shot and fine-tuned variants: the zero-shot version is unsupervised and HP-light, whereas
the fine-tuned version requires training and hyperparameter tuning. In both cases, however, such
models typically assume clean training data and are susceptible to anomaly leakage [39], whereas
HYDRA is training-free, parameter-light, and robust under anomaly contamination. Comprehensive
evaluation with rigorous statistical analysis on 40 univariate and multivariate datasets from the TSB-
AD benchmark [63] demonstrates that HYDRA consistently achieves state-of-the-art performance
while maintaining superior scalability on ultra-long time series. A companion demo paper further
presents an interactive system for exploring HYDRA and its hierarchical anomaly evidence [42].
Overall, the paper is organized as follows. We first discuss the preliminaries and related work

(Section 2) and then present our main contributions as follows:
• We revisit the role of normalization and demonstrate that no single strategy generalizes across
anomaly types, motivating a hierarchy-driven alternative (Section 3.1).
• We introduce the concept of multi-level representations of time series and formalize key prop-
erties of hierarchical structure and level-wise score aggregation (Section 3.2).
• We present HYDRA, an unsupervised hierarchical approach that constructs representative sub-
sequence sets and fuses level-wise scores through a hierarchical ensemble to detect both subtle
discords and persistent deviations without assuming specific anomaly semantics (Section 4).
• We conduct extensive experiments on a recent large-scale, heterogeneous, and curated bench-
mark, accompanied by systematic ablation studies, to validate the robustness and design effec-
tiveness of the proposed approach (Section 5).

Finally, we conclude with the implications of our work (Section 6).

2 Preliminaries and Related Work
We first present the preliminaries of time-series anomaly detection (Section 2.1), followed by a
review of related work (Section 2.2).

2.1 Preliminaries
We summarize key concepts and definitions relevant to time-series anomaly detection as follows.
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Time Series. Let y = (𝑦1, . . . , 𝑦𝑇 ) ∈ R𝑇 denote a time series of length 𝑇 , where 𝑦𝑡 represents the
observation at time step 𝑡 .
Windowing. Given a window length𝑚 with 1 < 𝑚 ≤ 𝑇 , the 𝑖-th subsequence1 starts at index
𝑡𝑖 = 1 + (𝑖 − 1)𝑠 and is defined as x𝑖 = (𝑦𝑡𝑖 , 𝑦𝑡𝑖+1, . . . , 𝑦𝑡𝑖+𝑚−1) ∈ R𝑚 , for each valid 𝑖 such that
𝑡𝑖 +𝑚 − 1 ≤ 𝑇 , where 𝑠 is the stride, defined as follows.
Stride.We use ⌊·⌋ for floor. The stride 𝑠 ∈ N controls the overlap between adjacent windows; 𝑠 = 1
yields fully overlapping windows. The total number of windows is 𝑁 = ⌊(𝑇 −𝑚)/𝑠⌋ + 1. We denote
the collection of all windows by X = {x𝑖 }𝑁𝑖=1. When a per-window score must be aligned back to
the timeline, we map x𝑖 to its center index 𝑐𝑖 = 𝑡𝑖 + ⌊(𝑚 − 1)/2⌋, unless stated otherwise.
Distance Measure. We use the unnormalized Euclidean distance on raw windows: 𝑑 (x, z) = ∥x −
z∥2. We deliberately avoid per-window normalization so as to preserve absolute magnitude, which
is crucial when the discriminative signal lies in amplitude (e.g., spike depth), where normalization
can compress the gap between ordinary fluctuations and large spikes, as discussed in Section 3.1.

2.2 Related Work
2.2.1 Time-Series Anomaly Detection. Time-series anomaly detection methods can be broadly
categorized according to their underlying detection strategy [14, 76]: (i) distance-based methods,
which operate on subsequences and detect anomalies by computing deviations from a reference
model or representative set [13, 20, 22]; (ii) density-based methods, which identify anomalies as
points residing in low-density regions of the data distribution, rather than relying solely on nearest-
neighbor distances [3, 58]; and (iii) prediction-based methods, which train a model on presumed
normal data to either reconstruct the input or forecast future observations, flagging anomalies
based on reconstruction or prediction residuals [70, 101].
Alternatively, time-series anomaly detection approaches can also be grouped by the underly-

ing learning paradigm they employ: (i) statistical methods, which rely on explicit probabilistic
assumptions and treat anomalies as statistical deviations from an expected distribution [2, 103];
(ii) neural network-based methods, which learn implicit representations of normal behavior from
anomaly-free training sequences and detect deviations at inference time [66, 106]; and (iii) foun-
dation model-based methods, which leverage large pretrained models, either on time-series data
or via cross-modal transfer from other modalities such as texts, to enable generalized anomaly
detection without task-specific training [25, 34].
Most existing methods, regardless of their detection strategy or learning paradigm, can be

reformulated within a subsequence scoring approach, where overlapping windows are evaluated
and assigned abnormality scores. This perspective provides a common view for understanding
methods, enables clearer comparison across approaches, and motivates the following discussion.

2.2.2 Subsequence-based Approaches. We assume a sliding-window extraction X = {x𝑖 }𝑁𝑖=1 from y
with stride 1 and window length𝑚, as defined in the preliminaries. Most methods first compute a
window-level score 𝑠𝑖 for each x𝑖 and then align these scores with the original timeline using an
averaging rule defined as follows:

𝑆 (𝑡) = 1
|I(𝑡) |

∑︁
𝑖∈I(𝑡 )

𝑠𝑖 . (1)

Here, I(𝑡) denotes the indices of windows that cover time point 𝑡 , which can be written as:
I(𝑡) =

{
𝑖 : max(1, 𝑡 −𝑚 + 1) ≤ 𝑖 ≤ min(𝑡, 𝑁 )

}
.We consider two broad types of approaches: (1)

methods developed for tabular data and adapted to time series through sliding-window techniques,
and (2) algorithms specifically designed for sequential data that exploit temporal structure.

1In this paper, we use subsequence and window interchangeably.
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Note that the length 𝑚 is a user-defined parameter for all subsequence anomaly detection
methods [13, 15, 119]. It can be set by the domain expert (e.g., cardiologists, who are interested in
analyzing heartbeats with a known length) or automatically with the Auto-Correlation Function
(ACF). We evaluate the importance of this parameter in Section 5.5. For the rest of this paper, we
refer to a method as hyperparameter-light if it requires no manual hyperparameter tuning beyond
setting the subsequence length𝑚.
Treating Windows as Raw High-Dimensional Points x𝑖 ∈ R𝑚

. In this setting, subsequences
are embedded directly in R𝑚 , allowing the use of off-the-shelf vector-based anomaly detectors with
the distance measure 𝑑 (·, ·) defined earlier.
(i) Proximity-based methods detect anomalies by measuring the distance between a window and its
nearest neighbors. A common example is 𝑘NN detector [96], where the anomaly score is defined
as 𝑠𝑖 = min𝑗≠𝑖 𝑑 (x𝑖 , x𝑗 ) or as the average distance to the 𝑘 nearest neighbors. While conceptually
simple, these methods are highly sensitive to local density fluctuations and overlapping clusters.
(ii) Clustering-based methods assume that normal subsequences form coherent clusters, and anom-
alies deviate from these cluster structures. For example, KMeansAD [114] computes scores as
𝑠𝑖 = 𝑑 (x𝑖 , 𝝁cluster(x𝑖 ) ), where 𝝁cluster(x𝑖 ) is the assigned cluster centroid. These approaches capture
coarse distributional patterns but often fail to isolate subtle or localized deviations.
(iii) Tree-based methods partition the subsequence space recursively and flag windows that are
isolated early in the partitioning process. IForest [58] identifies anomalies by their shorter expected
partition depth, which offers scalability but relies on axis-aligned separability assumptions that
may not hold for complex time-series structures.
These methods produce a sequence of scores {𝑠𝑖 }𝑁𝑖=1, which are subsequently projected back to

the temporal domain via 𝑆 (𝑡) for evaluation and comparison.
Time-Series-Specific Subsequence Methods. Methods in this category are explicitly designed
for time-series data, leveraging temporal overlap, recurrence, or transition structure.
(i) MP [119] defines discord as a subsequence with the largest non-overlapping nearest-neighbor
distance. However, MP is prone to the “twin-freak” problem: when multiple anomalous windows
exhibit similar patterns, they become nearest neighbors to each other, leading to reduced pairwise
distances, and consequently failing to be identified as discords despite being collectively abnormal.
Although the Top-𝑘 𝑚th-discord strategy, which labels a window as anomalous if it ranks among
the 𝑘 largest𝑚th-nearest distances, can partially mitigate this issue, it assumes prior knowledge of
the anomaly count, which is rarely available in practice.
(ii) Series2Graph (S2G) [15] embeds subsequences into a shape-preserving low-dimensional graph
where anomaly scores reflect node or transition rarity, effectively handling near-duplicate anom-
alies and multiple subsequence lengths without supervision. However, S2G assumes structural
stationarity, that the time series exhibits stable recurrence patterns such as seasonality or consistent
state transitions. When this assumption is violated (e.g., under strong nonstationarity, transient
events, weak periodicity, or regime shifts), the graph-based rarity criterion becomes unreliable.
(iii) NormA [13] builds a weighted normal model from representative subsequence clusters and
scores anomalies by their weighted distance to this model. While this method captures global data
structure, its cluster-level abstraction can obscure fine-grained, localized anomalies that do not
significantly influence cluster centroids but remain salient in the raw signal.
Overall, while these time-series–aware methods improve detection accuracy in time series

context, they either require structural stationarity, hyperparameter tuning (e.g., cluster count,
motif lengths), or assume limited types of anomaly behaviors, which constrains their robustness in
heterogeneous real-world scenarios.
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Fig. 3. Effect of normalization on detection performance.

3 Motivation and Problem Formulation
In this section, we outline the motivation behind developing a hierarchical approach for time-
series anomaly detection. Specifically, we first discuss the challenges of selecting an appropriate
normalization strategy (Section 3.1) and then present empirical and conceptual evidence motivating
a hierarchical solution (Section 3.2).

3.1 Normalization: A Holy Grail Problem
Normalization refers to the rescaling of time-series data as a preprocessing step to mitigate distor-
tions arising from scale imbalances or offset shifts. In the context of sliding-window-based anomaly
detection, normalization is typically applied per window rather than over the entire sequence.
Let X = {x𝑖 }𝑁𝑖=1 denote the set of time-series windows, where each window is represented as
x𝑖 = (𝑦𝑡𝑖 , . . . , 𝑦𝑡𝑖+𝑚−1) ∈ R𝑚 . Normalization operates on each x𝑖 to produce a transformed window
x̃𝑖 . Among various techniques, the Z-score normalization is the most commonly used, transform-
ing a time series so that the resulting sequence has zero mean and unit variance. Formally, the
z-normalized point 𝑥𝑖,𝑡 is computed as:

𝑥𝑖,𝑡 =
𝑥𝑖,𝑡 − 𝜇x𝑖
𝜎x𝑖

, with 𝜇x𝑖 =
𝑚∑︁
𝑡=1

𝑥𝑖,𝑡

𝑚
,𝜎x𝑖 =

√√
𝑚∑︁
𝑡=1

(𝑥𝑖,𝑡 − 𝜇x𝑖 )2
𝑚

(2)

An alternative approach,Min–Max normalization, rescales values to the [0, 1] range:

𝑥𝑖,𝑡 =
𝑥𝑖,𝑡 −minx𝑖

maxx𝑖 −minx𝑖
(3)

Unit-length normalization scales the series such that its Euclidean norm equals one:
𝑥𝑖,𝑡 =

𝑥𝑖,𝑡

∥x𝑖 ∥2
=

𝑥𝑖,𝑡√︁∑𝑚
𝑡=1 x𝑖

(4)

However, as illustrated in Figure 3, selecting an appropriate normalization method remains a
non-trivial challenge. In some cases (Figure 3(a)), normalization backfires by distorting amplitude
information, where high-magnitude spike anomalies are suppressed, reducing their detectability.
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In contrast, as shown in Figure 3(b), normalization can enhance anomaly detection by rescaling
sequences to a comparable range, thereby facilitating more reliable distance computations among
window pairs. This dual effect makes normalization inherently ambiguous, motivating the need
for an approach that does not rely on a single normalization choice but instead leverages multi-
resolution evidence across hierarchical levels.

In the next section, we demonstrate how our proposed hierarchical approach mitigates the need
for explicit normalization. Instead of numerically rescaling values, the multi-level structure induces
a form of implicit normalization through consensus across levels, allowing dominant anomaly
semantics to emerge naturally without manual preprocessing choices.

3.2 A Hierarchical TSAD Approach
In this section, we present a novel formulation for time-series anomaly detection that eliminates
anomaly contamination (Section 3.2.1) and captures diverse types of anomalies (Section 3.2.2).

3.2.1 Multi-level Representation. In this section, we formulate subsequence anomaly detection from
a reference-driven perspective. The goal is to construct a compact set of representative windows
that capture the typical patterns of the series and to assign anomaly scores to other windows based
on their deviation from this reference set. We formalize the problem of robust representative selec-
tion under data contamination, introduce a coarse-to-fine hierarchical mechanism that gradually
suppresses anomalous representatives, and show that, under mild rarity and majority-consistency
assumptions, the procedure converges to an all-normal reference set (without any anomalies). We
further define level-wise scoring and develop a scale-stable aggregation strategy that ensures both
fine-grained, transient deviations and coarse, persistent irregularities contribute meaningfully to
the final anomaly ranking.
Reference-driven formulation. Given a set of windows X, the goal is to select a subset of
representative normal windows R ⊆ X and score each window by its deviation from R (i.e.,
computing the distance to the nearest representative). This design avoids centroid distortion due
to misspecified clustering, eliminates the 1-NN suppression effect that plagues MP under near-
duplicate anomalies, and removes any dependency on knowing the number of anomalies a priori. As
long as R captures the dominant behavioral patterns, deviations from this reference are detectable
without requiring strong stationarity assumptions.
Robust selection under contamination. The key challenge lies in identifying an uncontaminated
set of representative normal windows. Equivalently, the task reduces to selecting R from the set of
windows X in a way that is resilient to the presence of anomalous windows. Contamination can
diminish the contrast between normal and abnormal behavior, leading to suppressed anomaly scores
and masked outliers. Therefore, the selection process must be conservative, redundancy-aware,
and robust to repeated or clustered anomalies as well as mild regime shifts.
Hierarchical screening of representative windows. Building on the above formulation, we
introduce a representative-based hierarchical construction. Let X (0) = X. At level ℓ ≥ 0, we first
partition X (ℓ ) into local groups, which we call micro-groups. Each micro-group contains a small set
of neighboring windows, forming a compact cluster, so that windows are partitioned into many
small groups and progressively anomalous windows, typically a minority in each group, are filtered
out (see Section 4.2 for group building). Formally, we partition the set X (ℓ ) into𝑀ℓ micro-groups
denoted as C (ℓ ) = {𝐶 (ℓ )

𝑗
}𝑀ℓ

𝑗=1, with progressively coarser resolution as ℓ increases. From each group,
a representative is selected using the following rule:

𝑟
(ℓ+1)
𝑗

= Select
(
𝐶
(ℓ )
𝑗

)
∈ 𝐶 (ℓ )

𝑗
, 𝑗 = 1, . . . , 𝑀ℓ (5)

The next-level candidate set X (ℓ+1) consists of the representatives selected at level ℓ , formally
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defined as:
X (ℓ+1) = R (ℓ+1) = { 𝑟 (ℓ+1)

𝑗
: 𝑗 = 1, . . . , 𝑀ℓ } (6)

Overall, this process iterates across levels until a single representative remains. Therefore, the
challenge is to define a Select function that produces an appropriate set of representatives.
Key Assumption. More precisely, an appropriate Select function should satisfy the following
majority-consistent selection property. Formally, let each window be associated with a latent label
𝑎𝑖 ∈ {0, 1}, indicating normal (0) or anomalous (1). We define the set of normal and abnormal
windows as follows:

N = { x𝑖 : 𝑎𝑖 = 0 } A = { x𝑖 : 𝑎𝑖 = 1 } (7)
Moreover, we assume anomaly rarity, i.e., |A|/|X| ≤ 𝜂 for some small 𝜂 ≤ 0.5, and a majority-
consistent selection rule such that, for a given group 𝐶 , we have the following property:

if |𝐶 ∩ N | > |𝐶 ∩ A| then Select(𝐶) ∈ 𝐶 ∩ N (8)

Under these assumptions, the first hierarchical level produces predominantly normal representa-
tives with only a small number of anomalous ones. As resolution becomes coarser with increasing
ℓ , anomalous representatives are absorbed into groups dominated by normal windows and, by
the majority-consistency property, are unlikely to be re-selected; consequently, the number of
anomalous representatives is monotonically non-increasing across levels and there exists a finite
level 𝐿 such that X (𝐿) = R (𝐿−1) ⊆ N , yielding a fully normal representative set suitable for
reference-driven scoring. Intuitively, near-duplicate windows tend to fall into the same micro-group,
and each group contributes one representative. Even if nearby anomalies yield an anomalous repre-
sentative, it is re-grouped at the next level with other (mostly normal) representatives and becomes
a minority, so it is unlikely to be selected again, yielding progressively purified representative sets.
This purification prevents anomalous windows from contaminating the reference set, in contrast
to clustering methods that may group nearby anomalies into a cluster and use its centroid as a
prototype (avoid centroid smearing). Moreover, because our scores are computed from windows
to representatives (rather than window to window), an anomalous window is unlikely to have
another anomaly as its nearest reference (avoiding nearest-neighbor suppression).

Figure 4 illustrates this process: at Level 0, all windows are initially considered as representatives.
At Level 1, a stricter selection criterion retains only a reduced subset of representative windows,
and due to anomaly rarity, only a single anomalous element persists. After one further hierarchical
reduction, this remaining anomalous representative is eliminated at Level 2, resulting in an
all-normal reference set. With such a clean reference established, deviation-based scoring (e.g.,
nearest-representative distance) effectively separates anomalous windows from normal behavior.

3.2.2 Score Aggregation. Although there is a level 𝐿 such that the set of representatives contains
only normal windows, relying on a single hierarchy level 𝐿 is suboptimal for the following two
reasons. First, the optimal resolution for detection is unknown a priori in unsupervised settings,
making a fixed-level choice prone to failure. Second, a single representative may be insufficient to
capture the full spectrum of anomalies. For instance, anomalies with higher amplitude can dominate
distance-based scores, suppressing subtle but semantically meaningful deviations.

The hierarchical construction naturally yields multiple levels of representatives: (i) fine-resolution
levels, containing many representatives, are sensitive to localized and low-magnitude deviations,
while (ii) coarse-resolution levels, with fewer representatives, emphasize persistent or aggregated
irregularities. Ensembling both fine and coarse-resolution levels is the only viable solution to
accurately identify all types of anomalies. As an example, Figure 4(b) depicts the score (i.e., distance
to the nearest representative) for levels 0 and 3. While the score for level 0 (in blue) accurately
identifies small and isolated anomalies, the score of level 3 (in orange) correctly identifies the
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Fig. 4. Hierarchical anomaly detection on a univariate time series. Level 0 and 3 scores are depicted in (b),

and the aggregated score of all levels in (c). Single levels suffer scale mismatches that create false negatives.

Aggregating scores across levels recovers all anomalies.

large-scale anomaly. Only the aggregation of all levels (in green in Figure 4(c)) identifies both types
of anomalies. These observations suggest that results should be combined across levels to capitalize
on the strengths of each resolution.
Indeed, a growing body of work in time-series anomaly detection employs score-ensemble

strategies to combine the complementary strengths of diverse detectors [62]. However, these
approaches typically interact only at the final anomaly scores—a common format that facilitates
combination but confines aggregation to the very last stage. This late fusion substantially limits
the attainable gains. In contrast, we propose (see Section 4.5) an aggregation mechanism that
is native to—and exploits—the internal structure of our algorithm. This allows integration at
earlier, semantically richer stages, thereby yielding a more effective and robust aggregation than
conventional ensemble methods. In the next section, we detail the hierarchical construction and its
score-aggregation mechanism, along with its approximate and multivariate extensions.

4 HYDRA: Proposed Approach
Building on the motivation outlined earlier, we present HYDRA, a hierarchical, unsupervised,
and parameter-light framework that integrates multi-resolution evidence for time-series anomaly
detection. Section 4.1 provides an overview of the pipeline, followed by detailed descriptions of
each component: group construction (Section 4.2), representative selection (Section 4.3), score
computation and aggregation (Sections 4.4 and 4.5), approximate solution for scaling (Section 4.6),
and multivariate extension (Section 4.7)

4.1 Overview
As depicted in Figure 5, starting from the windowed collection X, HYDRA iteratively (i) forms
conservative, redundancy-aware groups of windows at the current resolution; (ii) selects a sin-
gle representative per group to produce a coarser reference set; (iii) computes reference-driven,
distance-based scores against that set; and (iv) aggregates scores to capture anomalies across multi-
ple temporal resolutions. Repeating (i)–(ii) yields a sequence of levels that progressively suppress
anomalous influence while preserving prevalent structure, thus exposing complementary signals
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Fig. 5. Overview of HYDRA steps. HYDRA constructs multi-level representative sets via (i) grouping and (ii)

selection, (iii) computes reference-based anomaly scores at each level, followed by (iv) robust aggregation to

capture anomalies across multiple temporal resolutions.

from fine to coarse scales. The resulting level-wise scores are subsequently normalized and aggre-
gated to balance heterogeneous anomaly types without prespecifying their number. This design
counteracts nearest-neighbor suppression among near-duplicate anomalies, reduces sensitivity
to degraded cluster representatives caused by anomaly contamination or by grouping multiple
anomalies together, and scales to long series under minimal assumptions.

4.2 Group Building
As motivated in Section 3, we first form conservative groups at each level to attenuate anomalous
influence before selecting representative windows. We denote the total number of levels by 𝐿 (auto-
matically determined by HYDRA ), index levels by ℓ = {0, . . . , 𝐿}, and the number of representatives
in level ℓ by 𝑁ℓ . Given the current index set Iℓ ⊆ {1, . . . , 𝑁ℓ } and the distance 𝑑 (·, ·), we define:

𝜙 (ℓ ) (𝑖) = arg min
𝑗∈Iℓ \{𝑖 }

𝑑 (x𝑖 , x𝑗 ), 𝑖 ∈ Iℓ (9)

𝜙 (𝑙 ) (𝑖) denotes the index of the nearest neighbor of 𝑥𝑖 within layer ℓ . The corresponding in-degree
counts are defined as:

𝜅 (ℓ ) ( 𝑗) =
��{ 𝑖 ∈ Iℓ : 𝜙 (ℓ ) (𝑖) = 𝑗 }

�� (10)
For each pair (𝑖, 𝜙 (ℓ ) (𝑖)), we apply the following mapping:

𝜓 (ℓ ) (𝑖) =


𝜙 (ℓ ) (𝑖), if 𝜅 (ℓ ) (𝜙 (ℓ ) (𝑖)) > 𝜅 (ℓ ) (𝑖),
𝑖, if 𝜅 (ℓ ) (𝜙 (ℓ ) (𝑖)) < 𝜅 (ℓ ) (𝑖),
min{𝑖, 𝜙 (ℓ ) (𝑖)}, if ties occur.

(11)
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nearest-neighbor relationships, and labels denote the in-degree counts.

The mapping 𝜓 (ℓ ) defines pairwise associations between samples. By repeatedly applying 𝜓 (ℓ ) ,
elements connected through these associations converge to the same representative index 𝑝 (ℓ ) (𝑖),
which serves as the group label for 𝑖 . The resulting equivalence classes form the following disjoint
micro-groups:

C (ℓ ) =

{
𝐶
(ℓ )
𝑢 = { 𝑖 ∈ Iℓ : 𝑝 (ℓ ) (𝑖) = 𝑢 } : 𝑢 ∈ 𝑝 (ℓ ) (Iℓ )

}
(12)

This construction is parameter-free (relying on nearest neighbor distance calculation), computa-
tionally scalable, and under the anomaly rarity assumption, forms groups that are predominantly
normal, providing a stable foundation for conservative reference selection. Algorithm 1 depicts
the overall group building process.

Algorithm 1: BuildGroups(𝑊,I) ;
(self-excluding 1-NN, majority-favoring unions)

Input: Window matrix𝑊 ∈ R𝑁×𝑚 ; current index set I ⊆ {1, . . . , 𝑁 }
Output: Parent map 𝑝 : I → I (global indices)

1 Compute self-excluding 1-NN indices 𝑛𝑛[𝑖] ∈ I \ {𝑖} for all 𝑖 ∈ I w.r.t. 𝑑 (·, ·);
2 Compute in-degrees 𝑐 [ 𝑗] ← |{ 𝑖 ∈ I : 𝑛𝑛[𝑖] = 𝑗 }| for all 𝑗 ∈ I;
3 for 𝑖 ∈ I do

4 𝑗 ← 𝑛𝑛[𝑖];
5 if 𝑐 [ 𝑗] > 𝑐 [𝑖] then 𝑝 [𝑖] ← 𝑗 ;
6 else if 𝑐 [ 𝑗] < 𝑐 [𝑖] then 𝑝 [𝑖] ← 𝑖;
7 else 𝑝 [𝑖] ← min{𝑖, 𝑗} ;
8 update group labels until convergence (i.e., 𝑝 [𝑖] ← 𝑝 [𝑝 [𝑖]]);
9 return 𝑝;

4.3 Representative Selection
We initialize the hierarchy at level 0 with the full set of windows: the index set I0 contains all
windows and the representative set equals it, i.e., R (0) = I0. From each group 𝐶 (ℓ )𝑢 introduced in
the previous section, we select exactly one representative to form the representative set R (ℓ+1) ,
formally defined as follows:

R (ℓ+1) =
{
𝑟
(ℓ+1)
𝑢 ∈ 𝐶 (ℓ )𝑢 : 𝑢 ∈ 𝑝 (ℓ ) (Iℓ )

}
, Iℓ+1 = R (ℓ+1) (13)

The one-per-group rule retains coverage while limiting redundancy so that |Iℓ+1 | ≤ | Iℓ |2 . Under
the majority-consistency assumption, anomalous representatives become non-increasing across
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levels; early levels preserve fine structure (i.e., many reps), whereas deeper levels retain only
persistent, widely supported patterns (i.e., few reps). This stratification exposes heterogeneous
anomaly evidence across resolutions. The selection process is illustrated in Figure 6 and detailed in
Algorithm 2.

Algorithm 2: SelectRepsAndScore(𝑊,I) ;
(one-per-group reps & reference-driven scoring)

Input: All windows𝑊 ∈ R𝑁×𝑚 ; current index set I
Output: Rep set R ⊆ I; window scores 𝑞 ∈ R𝑁 ; series score 𝑦 ∈ R𝑇

1 𝑝 ← BuildGroups(𝑊,I) // c.f. Alg. 1 ;
2 LetU ← {𝑢 : 𝑢 = 𝑝 [𝑢] and 𝑢 ∈ I} be the set of roots;
3 R ← { 𝑟𝑢 : 𝑟𝑢 ∈ 𝐶𝑢 = {𝑖 ∈ I : 𝑝 [𝑖] = 𝑢}, ∀𝑢 ∈ U } // e.g., choose 𝑟𝑢 = 𝑢;
4 for 𝑖 ∈ {1, . . . , 𝑁 } do
5 𝑞 [𝑖] ← min𝑟 ∈R ∥𝑊 [𝑖] −𝑊 [𝑟 ] ∥2 // reference-driven distance

6 return (R, 𝑞);

4.4 Per-level Score Computation
Given the level-ℓ representatives R (ℓ ) , each window x𝑖 receives a reference-driven distance score
𝑞
(ℓ )
𝑖

, formally computed as follows:
𝑞
(ℓ )
𝑖

= min
𝑟 ∈R (ℓ )

𝑑 (x𝑖 , x𝑟 ), 𝑖 = 1, . . . , 𝑁 . (14)

Compared with all-pairs or global-prototype scoring, reference-based scores (i) avoid nearest-
neighbor suppression among near-duplicate anomalies—windows compete against a stable refer-
ence set—and (ii) reduce sensitivity to misspecified cluster numbers or centroid smearing, since
references arise from conservative grouping rather than global prototype fitting. The per-level
scoring computation is incorporated in Algorithm 2.
Beyond the reference-driven mode, we introduce a complementary setting: We continue until

a single representative remains (|R (𝐿) | = 1) and then combine {𝑞 (ℓ ) }𝐿ℓ=0 across levels (i.e., score
aggregation, further described in the following section). In practice, early levels highlight fine-
grained discords, middle levels surface small, localized clusters of deviations, and the deepest
levels—retaining only a few representatives—approximate a global baseline, which is effective for
detecting pronounced departures.

A key design choice is to compute distances on unnormalized windows. Normalizing can suppress
amplitude-driven anomalies and thus weaken sensitivity to spikes; conversely, it can help in explicit
mean-shift scenarios. Our hierarchy reduces reliance on such preprocessing: in HYDRA, early
levels retain many locally sampled representatives, so each query window is compared primarily
against representatives drawn from similar local mean regions (as determined by the 1-NN and in-
degree–based grouping). As a simple example, consider a series with two normal regimes that differ
mainly by a constant offset: global comparisons may over-emphasize the offset, whereas HYDRA’s
local grouping makes the offset largely shared within each micro-group, thereby reducing the need
for explicit per-window normalization. This intuition is also supported by the empirical results in
Section 5.4. The full-hierarchy mode is typically more robust across heterogeneous anomaly types,
at the cost of additional computation. We next introduce the aggregation mechanism.

4.5 Score Aggregation
Having constructed the hierarchy and obtained per-level window scores, we summarize each
window across levels—rather than aggregating only at the final timeline—to preserve evidence
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visible at any resolution. Let 𝑞 (ℓ )
𝑖

denote the score of window 𝑖 at level ℓ = 0, . . . , 𝐿, with windows
aligned across levels to a common index 𝑖 = 1, . . . , 𝑁 . To balance scale disparities between levels,
we standardize scores within each level:

𝑞
(ℓ )
𝑖

=
𝑞
(ℓ )
𝑖
− 𝜇ℓ

𝜎ℓ + 𝛿
, 𝜇ℓ =

1
𝑁

𝑁∑︁
𝑖=1

𝑞
(ℓ )
𝑖
, 𝜎2ℓ =

1
𝑁

𝑁∑︁
𝑖=1

(
𝑞
(ℓ )
𝑖
− 𝜇ℓ

)2 (15)

We introduce a small 𝛿 > 0 for numerical stability (levels with 𝜎ℓ ≈ 0 contribute nearly neutrally).
We then aggregate across levels by applying a maximum selection per window and per level:

𝑠★𝑖 = max
ℓ=0,...,𝐿

𝑞
(ℓ )
𝑖

(16)

Thus, a window that is strongly anomalous at any level is retained. This mitigates dominance by
high-amplitude patterns, improves sensitivity to heterogeneous anomaly types, and preserves per-
level interpretability. Finally, we map the fused window scores {𝑠★𝑖 }𝑁𝑖=1 back to the timeline using the
averaging rule 𝑆 (𝑡), yielding the final anomaly curve. The overall computational steps of HYDRA
are summarized inAlgorithm 3. Taken together, this design transforms normalization from a brittle
data preprocessing choice into a structurally emergent property of its hierarchy. By combining
raw-scale distances, level-wise score normalization, and hierarchical reference consensus, HYDRA
achieves normalization-free robustness across both amplitude- and shape-driven anomalies.

Algorithm 3: HYDRA;
(training-free, parameter-light)
Input: Series 𝑋 ; window size𝑚; stride 𝑠; target 𝐾 ; flag includeL0
Output: Final series score 𝑧 ∈ R𝑇

1 𝑊 ← sliding windows of 𝑋 with (𝑚, 𝑠); 𝑁 ← #rows of𝑊 ; I0 ← {1, . . . , 𝑁 };
2 Initialize lists Q ← [ ] // per-level window-score vectors

3 if includeL0 then
4 Compute 𝑞 (0) [𝑖] ← 1-NN distance in𝑊 for 𝑖 = 1..𝑁 ; // In practice, it is done

during Algorithm 1

5 append 𝑞 (0) to Q;
6 ℓ ← 0;
7 while |Iℓ | > 𝐾 do

8 (Rℓ+1, 𝑞 (ℓ+1) ) ← SelectRepsAndScore(𝑊,Iℓ );
9 Append 𝑞 (ℓ+1) to Q;

10 Iℓ+1 ← Rℓ+1; ℓ ← ℓ + 1;

11 Level-wise normalization & aggregation;
12 Stack Q into matrix 𝑄 ∈ R𝐿×𝑁 (rows = levels);
13 for ℓ = 1..𝐿 do

14 if 𝜎ℓ > 0 then 𝑄ℓ𝑖 ← (𝑄ℓ𝑖 − 𝜇ℓ )/𝜎ℓ for all 𝑖;
15 else 𝑄ℓ𝑖 ← 0 for all 𝑖 // levels with 𝜎ℓ = 0;
16 𝑠★𝑖 ← maxℓ=1..𝐿 𝑄ℓ𝑖 for 𝑖 = 1..𝑁 // Aggregate levels

17 𝑧 ← AvgOverlapMap(𝑠★) // fused window scores

18 return 𝑧;
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4.6 HYDRA at Scale: An Approximate Solution
As introduced in Section 4.2, our detector uses the 1-NN distance as anomaly score. The exact
version,HYDRA_exact, computes pairwise dissimilarities among𝑛 windows of length𝑚, requiring
O(𝑛2𝑚) time at the first level. Although one could precompute an 𝑛 × 𝑛 distance matrix to reuse
across hierarchy levels, this quickly becomes infeasible for long sequences, as storing O(𝑛2) entries
exceeds memory limits. Hence, distances are recomputed at each level, since the total work across
levels differs from the first level only by a constant factor, the overall complexity remains O(𝑛2𝑚).
However, the key intuition lies in the representative-based hierarchy: at each level, adjacent

or highly similar windows are grouped together, and only one representative is lifted to the next
level. As shown in Section 3.2, this design gradually filters out anomalous windows. As anomalies
are rare, they become minorities within mixed groups when the resolution coarsens. Therefore,
the selection rule remains valid even when the neighborhood structure is only approximate—the
anomalous representatives converge faster, while the normal representatives persist.
Based on this observation, we replace the exact KNN computation with approximate nearest

neighbor search (ANNS), such as hierarchical navigable small-world (HNSW) [67, 80, 110], yielding
the variant HYDRA_approx. In our implementation, we index the current representatives with
HNSW and reuse the same index for both selection and scoring queries, reducing the end-to-end
cost from O(𝑛2𝑚) to O(𝑛 log𝑛 ·𝑚) and yielding clear wall-clock speedups. We show in Section 5.5.6
that HYDRA_approx matches the accuracy of HYDRA_exact while being significantly faster on
long time series. In this paper, we primarily use HYDRA_approx, as it achieves scalability on long
time series while maintaining comparable accuracy. Unless otherwise specified, all instances of
HYDRA in our experiments refer to HYDRA_approx.

4.7 HYDRA for Multivariate Time Series
In this section, we introduce a strategy that enables our algorithm to be easily applied to a multivari-
ate scenario. For a𝐶-channel time series𝑌 ∈ R𝐶×𝑇 and a window length𝑚, we first standardize each
channel globally using z-score normalization to ensure cross-channel comparability, denoted as 𝑌̃ .
Importantly, as we discussed, to preserve the windowmagnitude/energy, we do not normalize at the
window level. Given two windows 𝑋𝑖 , 𝑋 𝑗 ∈ R𝐶×𝑚 extracted from 𝑌̃ , we compute the multivariate
distance as follows:

𝑑 (𝑋𝑖 , 𝑋 𝑗 ) =

√√√
𝐶∑︁
𝑐=1

𝑚∑︁
𝜏=1

(
𝑋
𝑐,𝜏
𝑖
− 𝑋𝑐,𝜏

𝑗

)2 (17)

The multivariate distance treats all channels equally after global standardization and preserves
absolute within-channel magnitudes across windows. Although our multivariate extension is
intentionally simple and fully unsupervised, richer alternatives typically demand practitioner
supervision or task-specific preprocessing (e.g., channel weighting, feature fusion, or selection).
We defer the design of adapted multivariate distance measures and channel-aware normalization
to future work. Nevertheless, experimental results show that even this naive extension already
outperforms strong existing baselines, suggesting that the hierarchical design of HYDRA remains
effective beyond the univariate setting.

5 Experimental Evaluation
We conduct a comprehensive set of experiments to evaluate the effectiveness, robustness, and
scalability of our proposed approach. The evaluations are organized as follows.

Section 5.1 describes the experimental setup, including datasets, baselines, and evaluation met-
rics. Section 5.2 reports the overall accuracy results and statistical significance analysis. Section 5.3

examines the performance across different anomaly domains, revealing how the method adapts to
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diverse anomaly types. Section 5.4 investigates the impact of normalization strategies on detection
stability and magnitude sensitivity. Section 5.5 studies the effects of key parameters, including
subsequence length, hierarchical depth, and approximation strategy. Finally, Section 5.6 evaluates
the method’s runtime scalability on large datasets.
Together, these experiments provide a holistic understanding of the framework’s performance,

demonstrating its generality and efficiency under diverse settings, as well as its robustness to
different anomaly characteristics and parameter configurations.

5.1 Experimental Setup
5.1.1 Platform. We conduct our experiments on a server with the following configuration: 2xAMD
EPYC 7713 64-Core. The server has two Nvidia A100 GPUs and runs Ubuntu 22.04.3 LTS (64-bit).
We implemented HYDRA and baselines in Python 3.11 with the main dependencies including:
Pytorch 2.3.0 [94] and scikit-learn 1.3.2 [95]. We open-source the implementation [8].

5.1.2 Datasets. The limitations in the quality and construction of existing time-series anomaly
detection benchmarks, particularly issues such as mislabeling, dataset bias, and lack of practical
feasibility, have substantially impeded progress in evaluation and benchmarking [63, 83, 111]. To
ensure reliable assessment, we evaluate the effectiveness of HYDRA on the recently released,
heterogeneous, and manually curated TSB-AD benchmark [63]. TSB-AD consists of 870 univariate
(TSB-AD-U) and 200 multivariate (TSB-AD-M) time series spanning nine diverse domains, including
web services [5, 111], medical [33, 35], facility monitoring [29, 68], synthetic [50, 51], human
activity [9, 98], sensor [6, 43], environmental [1, 111], finance [104, 109], and traffic [5]. All baselines
are implemented following the official TSB-AD protocol, with their parameters tuned on the tuning
set and evaluated on the corresponding test set to ensure fair comparison and reproducibility.

5.1.3 Baselines. We evaluate HYDRA
2 on both univariate and multivariate time series. For com-

parison, we consider the top half of the best-performing methods reported in TSB-AD, spanning
classical/statistical, neural, and foundation-model baselines. Univariate baselines: KMeansAD [114],
Spectral Residual (SR) [97], NormA [13], Sub-KNN [96], Matrix Profile (MP/STOMP) [119], Se-
ries2Graph [15], POLY [53], Sub-PCA [2], USAD [7], CNN [70], LSTM-AD [66], MOMENT (fine-
tuned; MOMENT-FT) [34], and TimesFM [25]. Multivariate baselines: KMeansAD [114], AutoEn-
coder [101], FITS [113], KNN [96], PCA [2], USAD [7], CNN [70], LSTM-AD [66], Donut [112],
OCSVM [103], MCD [100], CBLOF [40], and OmniAnomaly [106]. In addition, motivated by recent
progress in contrastive learning, several studies inject synthetic anomalies to impose training
constraints and to help models learn a boundary between normal and abnormal patterns [117, 120].
We integrate representative injection-based methods within our evaluation pipeline and report
results for the three strongest performers in our setting, namely CTAD [47], TFAD [122], and
CARLA [24]. Unless otherwise stated, we use the TSB-AD implementations and the same prepro-
cessing, windowing, and evaluation protocol to ensure a fair comparison. Additionally, we do not
apply normalization to any subsequence-based method for fairness, except Series2Graph, which
is inherently designed based on correlation. Notably, foregoing normalization can yield better
results, as shown in Section 5.4. To balance fairness with brevity, all following experiments are
conducted on the top-five methods identified in Table 2 univariate benchmarks. This selection
preserves competitive coverage while keeping the evaluation compact and interpretable.

5.1.4 Multivariate extension. We apply exactly the same preprocessing and distance as Section 4.7
described to all multivariate baselines: (i) Sub-KNN: the 𝑘-NN search uses the above 𝑑 (·, ·) between
2Unless stated otherwise, all accuracy results report HYDRA_approx; HYDRA_exact is used only in the exact-vs-approx
comparison (Fig. 12).
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Table 2. Overall results. Left: Univariate. Right: Multivariate. Best per column in gold and bold, second best

in silver.

TSB-AD-U (univariate) TSB-AD-M (multivariate)

AUC-PR AUC-ROC VUS-PR VUS-ROC F1 AUC-PR AUC-ROC VUS-PR VUS-ROC F1

CARLA 0.2443 0.6753 0.2891 0.7075 0.3017 FITS 0.1539 0.5831 0.2150 0.6591 0.2159
TimesFM 0.2844 0.6741 0.3003 0.7435 0.3356 CARLA 0.1952 0.6056 0.2469 0.6523 0.2534
SR 0.3157 0.7420 0.3238 0.8115 0.3800 Donut 0.2041 0.6438 0.2602 0.7110 0.2802
LSTMAD 0.3147 0.6757 0.3250 0.7560 0.3682 OCSVM 0.2274 0.6090 0.2648 0.6703 0.2793
CNN 0.3301 0.7127 0.3429 0.7872 0.3812 MCD 0.2709 0.6548 0.2711 0.6885 0.3255
TFAD 0.2458 0.6693 0.3462 0.7358 0.3057 CBLOF 0.2763 0.6697 0.2731 0.7026 0.3185
USAD 0.3231 0.6606 0.3612 0.7107 0.3662 AutoEncoder 0.2960 0.6698 0.2950 0.6937 0.3415
MOMENT 0.3010 0.6921 0.3857 0.7625 0.3526 USAD 0.2564 0.6367 0.3041 0.6832 0.3063
Series2Graph 0.3281 0.7574 0.3881 0.8046 0.3762 LSTMAD 0.3118 0.7030 0.3066 0.7370 0.3579
POLY 0.3067 0.7259 0.3898 0.7609 0.3686 OmniAnomaly 0.2662 0.6456 0.3122 0.6879 0.3204
Sub-PCA 0.3625 0.7965 0.4826 0.8400 0.4394 CNN 0.3167 0.7292 0.3130 0.7591 0.3731
NormA 0.4646 0.8127 0.4905 0.8305 0.4897 CTAD 0.3058 0.6752 0.3157 0.7083 0.3555
Sub-KNN 0.4445 0.8291 0.5416 0.8570 0.5103 KMeansAD 0.3015 0.7260 0.3441 0.7657 0.3529
MatrixProfile 0.4454 0.8378 0.5480 0.8693 0.5057 Sub-PCA 0.3100 0.7098 0.3858 0.7591 0.3878
KMeansAD 0.5033 0.8346 0.5576 0.8570 0.5376 Sub-KNN 0.3538 0.6904 0.4296 0.7393 0.4159

HYDRA_exact 0.6102 0.9086 0.6655 0.9276 0.6502 HYDRA_exact 0.4006 0.7636 0.4583 0.8002 0.4570
HYDRA 0.6071 0.9102 0.6620 (+18.7%) 0.9286 0.6466 HYDRA 0.4110 0.7829 0.4691(+9.2%) 0.8181 0.4636

windows; (ii) KMeans: assignment and centroid updates operate on the same window represen-
tation and distance; (iii) Sub-PCA: each window is vectorized by concatenation (R𝐶×𝑚→R𝐶𝑚)
after the global per-channel standardization (with no window re-scaling), and PCA is performed
on these vectors. This ensures a fair, consistent multivariate treatment across methods.

5.1.5 Statistical Validation. To validate the statistical difference of performance among multiple
anomaly detection models across multiple datasets, we apply the Friedman test [30], followed by
the post-hoc Nemenyi test [71] at a 95% confidence level. In the Critical Difference (CD) diagram,
methods that do not exhibit statistical differences are connected by black lines.

5.1.6 Accuracy Evaluation Measures. We report results on AUC-PR, AUC-ROC, VUS-PR, VUS-
ROC, Standard-F1 (F1). Following TSB-AD’s recommendation, we focus on VUS-PR [12, 78] as
the primary metric due to its threshold-independence and robustness to misalignment and class
imbalance, while the other threshold-based or point-adjusted metrics may suffer from various biases.
Formally, let B be the set of buffer lengths used to extend anomaly ranges; for each 𝑏 ∈ B, compute
the range-aware PR curve and its area 𝐴𝑃𝑏 . Then VUS-PR = 1

| B |
∑

𝑏∈B 𝐴𝑃𝑏, i.e., the volume under
the PR surface obtained by varying both the threshold and the buffer length. Thus, VUS-PR is
threshold-independent and range-aware, averaging performance across tolerance settings to remain
robust to temporal misalignment and severe class imbalance.

5.2 Overall Accuracy Evaluation
5.2.1 Accuracy Evaluation. Table 2 reports results on TSB-AD-U (univariate) and TSB-AD-M (mul-
tivariate). Across both settings,HYDRA attains the best average accuracy across all measures-AUC-
PR, AUC-ROC, VUS-PR, VUS-ROC, and Standard-F1—with the top score in each column highlighted
in gold and the second best in silver. On the primary metric VUS-PR, HYDRA reaches 0.6620 on
TSB-AD-U, improving over the strongest baseline (KMeansAD, 0.5576) by +18.7%. On TSB-AD-M,
HYDRA achieves 0.4691, exceeding the best baseline (Sub-KNN, 0.4296) by +9.2%. Among classical
subsequence baselines on the univariate suite, KMeansAD is the strongest overall; MatrixProfile
ranks well on ROC-type metrics but lags on VUS-PR. In the multivariate suite, CNN often delivers
the strongest AUC-ROC among baselines, whereas Sub-KNN tends to lead on VUS-PR/Standard-F1.
While Sub-KNN attains competitive accuracy in the multivariate case, it also tends to introduce
a higher rate of false positives, which is undesirable for practical deployment (i.e., higher alert
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(a) (b)

(c) (d)

TSB-AD-U

TSB-AD-M

Fig. 7. (a)(c) Critical Difference Diagrams. (b)(d) Domain-wise results on TSB-AD with per-domain max-

scaling—each axis is normalized to that domain’s best.

burden for operators). Overall, HYDRA delivers the most balanced performance across point-based
and range-based metrics while maintaining clear margins on VUS-PR in both the univariate and
multivariate regimes, making it a more reliable choice when both accuracy and stability matter.

5.2.2 Statistical Significance Test. Figure 7(a) and 7(c) presents CD diagrams of average ranks on
VUS-PR (𝛼 = 0.05; Friedman test with Nemenyi post-hoc). On TSB-AD-U, HYDRA attains the
best average rank and its bar is separated from all baselines by more than the CD, indicating a
statistically significant improvement. On TSB-AD-M, we have 2× fewer datasets; hence, the power
to distinguish significance is smaller given the same number of methods. However, HYDRA still
achieves the best average rank, but the gaps to the strongest baselines do not exceed the CD;
consequently, the advantage is not statistically significant at 𝛼 = 0.05 (but significant at 𝛼 = 0.1).
Overall, the CD diagrams corroborate Table 2: HYDRA consistently ranks first, with statistical
significance at 𝛼 = 0.05 on the univariate suite and at 𝛼 = 0.1 on the multivariate suite.
5.3 Evaluation Across Domains
To further examine the generality of our method, we adopt the domain categorization provided
in the TSB-AD benchmark and evaluate models on each domain separately. Beyond the top-five
algorithms identified in Section 5.2, we also include SR, a high-performance method tailored to
point-based anomalies only, to provide a fuller comparison within each domain. As shown in
Figure 7(b), NormA performs particularly well on domains dominated by collective anomalies,
while MP achieves stronger results on datasets characterized by a single anomaly. In contrast,
HYDRA maintains consistently high performance across all domains, demonstrating its robustness
to different anomaly types and domain characteristics. Although certain domains still favor specific
approaches (e.g., NormA in Medical data), the overall balance between multiple collective and single
anomaly detection highlights the adaptability of our framework. Notably, in the Human Activity
domain, there exist anomalies that deviate significantly from the global mean yet share highly
similar temporal shapes with each other. Our method achieves substantially better performance than
other distance-based baselines in this domain, which highlights the advantage of our hierarchical
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(a)

(b) (c)

stum
p based

Fig. 8. (a) Effect of normalization across different methods. (b) Critical Diagram of HYDRA on different

normalizations. (c) Average VUS-PR of non-normalized variants on a filtered TSB-AD-U subset (should

normalize cases), where No-norm typically fails while Z-norm typically succeeds.

structure in capturing diverse types of anomalies—from localized deviations to structurally similar
but globally shifted patterns. These results indicate that our framework effectively integrates local
and global views, leading to superior adaptability across heterogeneous real-world datasets.

5.4 Normalization Impact
Figure 8(b) presents a comprehensive comparison of normalization effects on detection performance.
The CD diagram summarizes the pairwise rankings of four normalization policies applied to
HYDRA, showing that No-norm significantly outperforms Z-score, Unit-length, and Min–Max
normalization at 𝛼 = 0.05. These results indicate that per-window normalization consistently
weakens HYDRA’s ability to preserve discriminative anomaly evidence, leading to a measurable
loss in detection performance.

Figure 8(a) extends this comparison across top-5 sequence-based baselines, including KMeansAD,
MP, Sub-KNN, NormA, and Sub-PCA. A consistent trend emerges: the non-normalized variant
achieves the highest median VUS-PR across all methods, while Z-score and Min-Max normalization
typically degrade performance by suppressing amplitude information. Unit-length normalization
(which preserves more magnitude information; see Figure 3) behaves similarly to NoNorm on a few
datasets but is less stable overall. Taken together, these results demonstrate that normalization will
greatly influence detectability and that distance-based detectors—including HYDRA—are generally
more reliable without per-window normalization.

Although skipping normalization is generally beneficial, some time series still gain from it. Our
proposed HYDRA, however, mitigates the penalty of choosing an ill-suited normalization variant.
To make this concrete, we construct a normalization-sensitive subset by filtering instances on which
multiple baselines fail without normalization (VUS-PR < 0.3) but succeed with Z-score normaliza-
tion (VUS-PR > 0.7). This subset isolates cases where the normalization decision materially changes
outcomes. Figure 8(c) reports, for each method, the average VUS-PR of its non-normalized variant
on these filtered cases. HYDRA attains the highest accuracy by a clear margin, indicating robustness
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Fig. 9. Comparison of fixed window sizes and ACF-adaptive windows across domains. The Overall bar (ACF

setting) compares HYDRA-SL (no aggregation), HYDRA-OE (score ensembling), and the proposed HYDRA.
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Fig. 10. Mean VUS-PR by anomaly type. We group datasets by (a) anomaly type and (b) anomaly multiplicity,

and compare HYDRA with representative baselines.

to normalization choice: even without per-window normalization, it detects many anomalies that
competing methods recover only after normalization.

5.5 Ablation Study
We analyze the effect of key parameters—including subsequence length, hierarchy depth, and other
hyperparameters—on model performance. The results show that deeper hierarchies consistently
improve detection, while the optimal subsequence length can be determined automatically, reducing
the need for manual tuning.

5.5.1 Subsequence length. To investigate the effect of the window size (i.e., subsequence length)𝑚,
we evaluate our model using different fixed window sizes and compare them with the ACF-based
adaptive window selection. While fixed-window methods require manually setting𝑚, the ACF
strategy (i.e., Auto-Correlation Function) automatically determines the window length according
to the temporal correlation structure of each dataset, making our method require no manual
hyperparameter tuning in this aspect.
As shown in Figure 9, the ACF-based version achieves the highest overall VUS-PR score and

maintains relatively stable performance across all domains. Although some fixed window settings
(e.g.,𝑚=64) yield competitive results in certain domains, their performance fluctuates considerably
across datasets. In contrast, the ACF configuration provides a better trade-off between adaptability
and robustness. This result suggests that automatic window selection not only avoids manual
tuning, but also improves consistency across diverse application scenarios.

5.5.2 Aggregation. As shown in Figure 9, the leftmost bars under the ACF-adaptive setting compare
three variants of HYDRA (i) we tuned a best-performing single-level detector, where anomaly
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Scoring on Level 0
≡

Selection for Level 1

0.57 → 0.66
(+16.14% increase)

Fig. 11. Hierarchy depth vs. (a) accuracy and (b) time series length. (c) Per-level and cumulative runtime

timeline (L1–L8) on a synthetic 1M-length time series. All these experiments are based on HYDRA_approx.

scores were computed from an empirically selected level determined by iterative grouping until
the number of representative windows fell below 1% of the total, denoted as HYDRA-SL; (ii) we
adopted the optimal ensemble strategy proposed in TSB-AutoAD [62] (i.e., Outlier Ensemble [4]) to
aggregate scores across levels, denoted as HYDRA-OE; (iii) We applied the aggregation mechanism
introduced in this work. Obviously, multi-level aggregation shows better results than single-level
design, and our proposed mechanism further improves over the previous best method.

5.5.3 Anomaly Types. To better understand performance under heterogeneous anomalies, we
partition the benchmark datasets along two complementary aspects. First, we group datasets by
anomaly type into point, subsequence/pattern anomalies (seq), and mix anomalies. Second, we
group datasets by anomaly multiplicity into multiple distinct anomaly patterns (multiple_different),
repeated/near-duplicate anomalies (multiple_duplicate), and a single dominant anomalous event
(single). Figure 10 summarizes the mean VUS-PR within each group. Across both partitionings,
HYDRA consistently achieves the highest mean VUS-PR, indicating robust performance across
diverse anomaly characteristics. In addition, Figure 14a presents representative successful cases of
HYDRA across different anomaly types, illustrating its robustness under a unified framework. As
shown, HYDRA can consistently detect heterogeneous anomalies, ranging from isolated global
outliers and repeated patterns to trend shifts, periodicity changes, and contextual anomalies,
highlighting the benefit of aggregating anomaly evidence across hierarchical resolutions.
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49.8x
(1.7 orders)

Fig. 12. HYDRA_exact vs. HYDRA_approx for (a) runtime (seconds) and (b) accuracy (VUS-PR).

5.5.4 One versus multiple levels. To examine how performance evolves with increasing levels, we
progressively aggregate windows starting with level 0, then levels (0,1), (0,1,2), and so forth until
maximum depth 𝐿. Because datasets vary in their absolute number of levels, depth is normalized to
[0, 1]. As an example, for a dataset with three levels, the normalized ranges [0, 0.33), [0.33, 0.66),
and [0.66, 1] correspond to levels 0, 1, and 2, respectively.
As shown in Figure 11(a), the x-axis denotes normalized depth and the y-axis reports VUS-PR.

The solid blue curve gives the mean performance across datasets, while the dashed red line marks
the level-0 baseline. We observe a clear upward trend: as relative depth increases, aggregated
accuracy converges to higher values. This demonstrates that multi-level aggregation consistently
improves performance, with stronger gains as deeper levels are included.
Complementing this, Figure 11(c) shows that later levels are lightweight in computational cost,

consistent with our runtime analysis in Section 4.6. Taken together, these two views indicate
that our framework leverages deeper levels that are both (i) increasingly informative for detection
and (ii) inexpensive to compute. Hence, the proposed hierarchical aggregation is well-justified: it
captures complementary temporal structures across scales, yielding robust accuracy improvements
at a modest marginal cost per level.

5.5.5 Length versus Hierarchy Depth. The hierarchy depth 𝐿 is an emergent property automatically
determined by data characteristics rather than a preset hyperparameter. Theoretically, 𝐿 grows
approximately linearly with log𝑛 (where 𝑛 = 𝑇 − 𝑚 + 1), and is at most 𝑙𝑜𝑔2𝑛 in the worst
case, implying that longer sequences naturally yield deeper hierarchies. Empirically, Figure 11(b)
confirms this log–linear trend: sequence length shows the strongest correlation with hierarchy
depth (𝜌 = 0.733), and the smoothed curve reveals a clear monotonic rise with occasional local
plateaus. These plateaus often correspond to datasets with periodic or repetitive structures, where
aggregation saturates early because recurring patterns are already consolidated at shallow levels.
This suggests that hierarchy depth is influenced not only by sequence length, but also by the
amount of new structure that remains to be integrated.

5.5.6 Exact versus Approximate. In Section 4.6 we introduce an approximate version of the pro-
posed HYDRA. Now we compare the accuracy and runtime between HYDRA_exact and HY-
DRA_approx, here, HYDRA_approx builds indices based on HNSW with default hyperparameters.
As demonstrated in Figure 12, this approximate variant achieves up to 50× faster runtime (approxi-
mately 1.7 orders of magnitude faster) on 1-million-length time series, while maintaining nearly
identical (or even slightly superior) detection quality in VUS-PR performance. Additionally, the
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Fig. 13. Runtime (seconds) vs. (a) time series length at a fixed window size, (b) window size at a fixed time

series length. Both panels use log–log axes.

fitted log–log slope for HYDRA_approx is close to 1, indicating nearly linear scaling with length.
This is consistent with our assumption in Section 4.6, and confirms that the hierarchical framework
is inherently robust to approximate neighborhoods and scales efficiently to large datasets. We
also note that on short series, HYDRA_approx can be slower because HNSW index construction
overhead can dominate runtime.

5.6 Scalability Evaluation
To ensure fair and reproducible comparisons, all methods run single-threaded by forcing numerical
backends to use one thread.3 For stump-based approaches (MP and NormA), we perform a one-shot
warm-up prior to timing to amortize JIT/cache initialization. A 4-hour wall-clock limit is set per
configuration; runs beyond it are marked failed. To characterize scaling with data size, we vary the
time-series length 𝑇 from 210 to 223 and set the window size to𝑚 ∈ {16, 32, 64, 128, 256}. Figure 13
shows two representative slices under identical threading constraints at 𝑇 = 1M and𝑚 = 64.
As shown in Figure 13(a), on short sequences, HYDRA_approx may appear slower than brute-

force KNN due to the index construction and conservative ANN parameters chosen for robustness
on small inputs. As the sequence length increases, HYDRA_approx amortizes its indexing cost
and becomes faster, outperforming MP and approaching KMeansAD. Following that, Figure 13(b)
evaluates the runtime for both HYDRA variants, which increases with window size, reflecting
the higher per-query cost at larger𝑚. Among baselines, MP shows stable scaling due to its FFT-
based formulation, while NormA slightly benefits from fewer samples at longer windows. Across
all methods, HYDRA maintains competitive efficiency, ranking second only to Sub-PCA, and
demonstrates strong scalability across increasing series lengths.
5.7 Limitations and Future Work
Figure 14b presents two representative failure cases of HYDRA, alongside SOTA baselines, NormA
and MP. In the upper panel of Figure 14b, the normal behavior exhibits substantial heterogeneity,
while the anomalous pattern remains relatively flat. Under this setting, HYDRA’s representative
window screening may fail to fully purify normal prototypes, leading to inflated pairwise distances
among normal sequences and, consequently, an increased number of false positives. Similar chal-
lenges arise for MP and NormA, whose underlying assumptions are likewise violated, resulting
3We set representative environment variables (e.g., OMP_NUM_THREADS=1, MKL_NUM_THREADS=1, and
OPENBLAS_NUM_THREADS=1), with others configured analogously.
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Fig. 14. Case studies of HYDRA on different anomaly patterns and failure scenarios.

in degraded separation between normal and anomalous score distributions. The lower panel of
Figure 14b illustrates another failure mode, in which anomalies manifest as low-amplitude additive
perturbations accompanied by high-frequency jitter. Such patterns induce only subtle discrepancies
under Euclidean distance, yielding weak anomaly-score contrast across HYDRA, MP, and NormA.
This observation highlights a shared limitation of time-domain, distance-based heuristics when
confronted with spectrally localized or high-frequency anomalies.
Despite these observations, HYDRA’s multi-resolution hierarchical design, grounded in simple

yet effective time-domain heuristics, demonstrates strong potential as a general anomaly detection
framework. A promising direction for future work is to extend HYDRA’s multi-level integration
mechanism to incorporate a broader family of anomaly heuristics. In particular, frequency-domain
discrepancy measures could be naturally integrated to better capture oscillatory or jittering anom-
alies that are more salient in the spectral domain.
5.8 Key Takeaways
Extensive experiments on the curated TSB-AD benchmark demonstrate consistent, state-of-the-art
accuracy: on univariate series, HYDRA improves VUS-PR by +18.7% over the strongest baseline;
on multivariate series, it achieves a +9.2% gain. Ablation studies further show that (i) aggregating
deeper levels monotonically increases accuracy at modest marginal cost, (ii) non-normalized
window distances are generally more reliable than z-score and unit-length normalizations, and
(iii) an ACF-based window selection provides stable performance across domains. These results
suggest that hierarchical reference consensus is effective for subsequence-based detection.
6 Conclusion
In this paper, we introduced HYDRA, a multi-level and unsupervised approach for time-series
anomaly detection that is robust to contamination, hyperparameter-light, and scalable to long
sequences. By hierarchically selecting representative windows and aggregating anomaly scores
across fine-to-coarse resolutions, HYDRA unifies the strengths of discord- and clustering-based
paradigms while implicitly mitigating normalization bias. Unlike prior methods that rely on a
single anomaly assumption or clean training data, HYDRA progressively refines normal references
and detects both subtle discords and persistent deviations. Extensive experiments on 40 datasets
from the TSB-AD benchmark show that HYDRA outperforms state-of-the-art methods, offering
a practical and principled solution to detect anomalies in time series. Future work should extend
the framework to non-Euclidean similarity measures and explore adaptive, uncertainty-aware
methods for streaming deployment. Enhancing multivariate coupling and developing automatic
segmentation for long-duration events also present key opportunities for improvement.
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