PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

H?SCAN: Adaptive Time Series Representation Learning via Heterogeneous
Hypergraph Structure-aware Contrasts

Biao Chen'*, Zijie Tang"*, Junhua Fang'', Feng Lu?, Lang Zhang? and Pengpeng Zhao'
1School of Computer Science and Technology, Soochow University, Suzhou, China
2AlSpeech Ltd, Suzhou, China
{bcheny, zjtang1} @stu.suda.edu.cn, {jhfang, ppzhao} @suda.edu.cn, {feng.lu,
lang.zhang } @aispeech.com

Abstract

Learning universal representations for time series is
fundamental for diverse downstream tasks. How-
ever, current approaches largely rely on hand-
crafted data augmentations, which may distort in-
trinsic temporal dynamics and structural regulari-
ties. In addition, most static representation learn-
ing frameworks struggle to cope with the non-
stationary nature of real-world time series. To
address these issues, we propose Heterogeneous
Hypergraph Structure-aware Contrastive Adaptive
Network (H?2SCAN), a novel augmentation-free
framework that derives contrastive supervision di-
rectly from graph topology. Specifically, HSCAN
constructs a heterogeneous hypergraph with three
node types to capture multi-scale temporal charac-
teristics. Building upon this representation, a meta-
adaptation network is introduced to dynamically
reweight heterogeneous hyperedges, enabling the
model to adapt to distribution shifts in real-time.
Finally, a structure-aware contrastive learning ob-
jective is employed to align latent representation
similarity with the intrinsic hypergraph topology.
Experiments on multiple benchmarks and cloud
Kafka cluster datasets demonstrate that H*SCAN
outperforms existing methods by modeling high-
order multi-domain dependencies and preserving
the semantic integrity of time series data.

1 Introduction

Time series (TS) data pervades diverse domains, including
industrial systems, healthcare monitoring, financial markets,
and climate science [Yang er al., 2023; Liang ef al., 2024].
Learning effective representations from TS is fundamental to
enabling downstream tasks such as classification, forecast-
ing, and anomaly detection [Wilifiski et al., 2024; Germain
et al., 2025]. Nevertheless, labeled TS data remain inher-
ently limited: annotation is often costly, time-consuming,
and dependent on specialized domain expertise. This has
spurred interest in self-supervised learning (SSL) for learn-
ing representations from unlabeled data [Eldele er al., 2023;
Zhang et al., 2024; Wang et al., 2024; Cai et al., 2025].

Recent advances in SSL have been dominated by two

paradigms: contrastive learning [Chen ez al., 2020] and gen-
erative modeling [Zerveas et al., 2021; He et al., 2022]. Con-
trastive methods learn representations by maximizing agree-
ment between differently augmented views of the same sam-
ple while distinguishing them from other samples. Genera-
tive methods, such as masked reconstruction, learn to predict
missing or corrupted portions of the input [Nie, 2022]. While
both approaches have shown promise, they face multiple lim-
itations when applied to TS data [Wu et al., 2022].
L1: Non-Stationary Dynamics. TS data often exhibit pro-
nounced non-stationarity with their distinctive multi-scale
temporal dynamics and frequency-domain periodicity. As
a typical TS example, the electrocardiogram (ECG) signal
shown in Figure 1 (a) contains three distinct segments with
dramatically different characteristics: Segment A exhibits
high-frequency oscillations with low variance, Segment B dis-
plays low-frequency patterns with high amplitude, and Seg-
ment C shows mixed dynamics with trend shifts. However,
existing approaches rely on monolithic or fixed architectures,
limiting their adaptability to diverse temporal patterns and dy-
namic variations in the data.
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Figure 1: Illustration of major limitations in time series representa-
tion learning. (a): Multi-scale temporal dynamics in real-world time
series. (b): Effects of different data augmentation strategies.

L2: Augmentation Dependency. Current contrastive meth-
ods rely heavily on data augmentation to construct posi-
tive/negative pairs. As illustrated in Figure 1 (b), strong aug-
mentations (red line), such as temporal permutation, destroy
the sequential order and temporal dependencies that define
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meaningful patterns. In our ECG example, permuting time
steps scrambles the cardiac cycle structure, producing se-
mantically invalid signals; Weak augmentations (purple line),
such as additive noise, generate views too similar to the orig-
inal, providing minimal contrastive signal for learning dis-
criminative representations. These imposed artificial repre-
sentational invariances may not align with the true invariances
in the data, limiting generalization [Demirel and Holz, 2025].

Although existing methods have made notable progress in
addressing L1 or L2 under specific scenarios, their reliance on
fixed modeling paradigms leads to a limited domain perspec-
tive [Kara et al., 2025; Cheng et al., 2025]. As a result, global
periodic structures in the frequency domain and distributional
shifts in the statistical domain are often overlooked. For in-
stance, in cloud Kafka clusters, monitoring models can nei-
ther distinguish transient spikes from systemic failures, thus
falling into ““alert fatigue”, nor detect routine periodic features
visible only in the frequency domain, such as scheduled batch
jobs or log rotations. Moreover, critical distributional shifts,
including data skew or hot partitions, often remain undetected
due to limited statistical awareness.

To overcome these intertwined challenges, we propose
H2SCAN, a unified framework that naturally captures the
multi-faceted nature of TS while providing structural sim-
ilarity for contrastive learning. Specifically, H*SCAN be-
gins by constructing a heterogeneous hypergraph that inte-
grates time, frequency, and statistics-aware nodes to cap-
ture multi-domain characteristics, with hyperedges modeling
higher-order interactions beyond standard pairwise relation-
ships. For LI, we introduce a meta-learning network that
leverages segment-level statistics to adaptively reweight het-
erogeneous hyperedges, allowing the model to emphasize rel-
evant cross-domain information under non-stationary dynam-
ics without manual intervention. Moreover, these compo-
nents are unified through a message passing mechanism that
facilitates effective information propagation across the hyper-
graph, enabling rich multi-scale representation. For L2, we
eliminate augmentation dependency by deriving soft similar-
ity targets directly from hypergraph topology, where samples
with similar structural patterns are naturally aligned, enabling
the encoder to be trained with continuous similarity scores in-
stead of hard positive/negative pairs.

Our main contributions are summarized as follows:

* We introduce a hypergraph architecture that simultane-
ously models temporal, frequency, and statistical char-
acteristics of time series.

* We propose a meta-adaptation mechanism that generates
instance-specific weights for hypergraph message pass-
ing, enabling real-time adaptation to distribution shifts.

* We design a soft contrastive objective that uses hyper-
graph topological similarity as a natural supervision sig-
nal, bypassing the pitfalls of manual data augmentation.

» Extensive experiments on various datasets demonstrate
H2SCAN outperforms state-of-the-art methods, show-
casing the benefits of multi-domain structural modeling.
Additionally, we construct four cloud cluster datasets to
explore TSRL in elastic message-queue scaling.

2 Related Work

Time Series Representation Learning. Traditional methods
focused on learning instance-level representations using re-
current architectures, but recent advances have shifted toward
self-supervised contrastive learning paradigms. TS-TCC [El-
dele et al., 2021] proposes a temporal and contextual con-
trasting framework that learns robust representations by uti-
lizing strong and weak augmentations. To capture multi-
scale features, TS2Vec [Yue et al., 2022] introduces a hier-
archical contrastive framework capable of learning improved
representations across various semantic levels. Addressing
the frequency domain, CoST [Woo et al., 2022] and TF-C
[Zhang et al., 2022] leverage spectral information to disentan-
gle seasonal and trend components, thereby preserving com-
plex temporal dynamics. Beyond contrastive methods, gen-
erative approaches inspired by masked image modeling have
gained traction. Ti-MAE [Li et al., 2023] applies a masked
autoencoder architecture to TS, demonstrating strong gen-
eralization capabilities. To mitigate the difficulty of recon-
struction in high-noise environments, SimMTM [Dong et al.,
2023] proposes a manifold-aware masked modeling strategy
that reconstructs the original series by aggregating informa-
tion from multiple neighbors, effectively guiding the learning
process in a low-dimensional manifold.

Using Graphs for Time Series. Modeling TS as graphs cap-
tures complex inter-dependencies between variables. Early
works like DCRNN [Li et al., 2017] and STGCN [Yu et al.,
2017] integrate Graph Neural Networks (GNNs) with recur-
rent or convolutional layers to model spatial and temporal de-
pendencies simultaneously, primarily relying on pre-defined
graph structures. Recent research focuses on capturing dy-
namic correlations. GTS [Han et al., 2021] utilizes a discrete
graph structure learning mechanism to infer probabilistic de-
pendencies between TS online.

3 Problem Definition

Consider a TS dataset D = {7;}}¥,, where each sample
T; € RT*C consists of C' variables recorded over 1" times-
tamps. To capture the complex interactions across different
domains, HXSCAN formally map each sample 7; to a hetero-
geneous hypergraph G; = (V;, £;, W), where V; denotes the
set of multi-domain nodes, &; represents the set of multi-type
hyperedges, and W; contains the adaptive hyperedge weights
predicted by a meta-learner.

Our goal is to learn a universal encoder fy : RT*¢ — R¢
that maps an input series 7; to a d-dimensional latent rep-
resentation Z;. This encoder is optimized via a two-stage
paradigm: @ In the pre-training phase, we aim to optimize
fo by minimizing a joint loss £ = L. + AL,c.. Here, L.
is a reconstruction loss, £.; is a structural contrastive loss
that aligns the representation similarity Sy.cp-(Z;, Z;) with
the hypergraph structural similarity Ssipyct(Gi, G):

arg HgnZKL(Pstruct(,ﬂi)‘|Prepr(j‘i))a (1)
i#]
where Pyt /repr(j]2) is the normalized similarity distribu-
tion. @ In the fine-tuning phase, the pre-trained encoder fjy is
adapted to specific tasks using a task-specific head g4.
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4 Methodology

Figure 2 shows the framework of H2SCAN, which consists of
the following four major modules:

¢ Multi-domain Heterogeneous Hypergraph Model-
ing, which represents TS across complementary infor-
mation spaces by explicitly encoding time, frequency,
and statistical domains as heterogeneous nodes con-
nected via multi-type hyperedges (Section 4.1).

* Dynamic Non-stationary Adaptation, which learns
data-driven hyperedge weighting functions to model di-
verse temporal dynamics beyond fixed architectures, en-
abling the hypergraph structure to adjust to evolving TS
characteristics (Section 4.2).

* Heterogeneous Message Passing, which propagates in-
formation across multi-domain hypergraph structures
through structure-aware attention and cross-type inter-
actions (Section 4.3).

 Structure-aware Contrastive Learning, which re-
places augmentation-dependent similarity construction
with topology-driven supervision by deriving soft sim-
ilarity targets directly from the intrinsic multi-domain
hypergraph structure (Section 4.4).

4.1 Multi-Domain Heterogeneous Hypergraph
Construction

This work proposes a heterogeneous hypergraph architecture
that explicitly models TS across multiple information do-
mains, as shown in Figure 2 (a).

Heterogeneous Node Types. Instead of embedding TS into
a single latent space, we project each sample 7 into three dis-
tinct feature spaces. i) Time-Domain Nodes. For the capture
of local temporal patterns, we encode each observation using
a convolutional encoder:

Vtime = ¢til1l€(T) S ]RLXdy (2)

where ¢y, consists of 1D convolutions with batch normal-
ization. This produces L time-domain nodes v/™ for t =
1,..., L. ii) Frequency-Domain Nodes. In order to capture
global periodic patterns, we extract frequency components
via the FFT: F = FFT(T). Complex coefficients are then
decomposed into real and imaginary parts and encoded:

Vel = bpoo(Re(F), Im(F)]) € RN x4 (3)

where Ny = L/2 + 1 represents the number of frequency
modes, and ¢y, : R? — R? is a linear projection.

iii) Statistical Nodes. Summary statistics are computed to
capture distributional properties and high-level characteris-
tics: S = [u(7T),o(T), min(T ), max(7)], where y and o
denote mean and standard deviation across the entire series.
Statistical nodes are encoded as:

V= Guar(S) € RV “)

The complete heterogeneous node set is: V = Ve U Vfrea y
V¥ with total N = L + Ny + 4 nodes.

Multi-Type Hyperedge Design. Hypergraphs model higher-
order interactions where multiple hyperedges participate si-
multaneously. i) Temporal Hyperedges. To capture short-
term dependencies, temporal hyperedges £“P connect time-
domain nodes within local temporal neighborhoods: e} =
{vlime . | —t| < w}, where w is the temporal window
size. The hyperedge representation is then computed via
attention-based aggregation: hiemp = ¢fmr <Evee';mﬁ Oét,vv),
where «y , are learnable attention weights. ii) Frequency
Hyperedges. Frequency hyperedges &7 connect frequency-
domain nodes with coherent spectral characteristics: e’Zeq =

{[*" ;i € N}, where N, contains frequency indices with
similar magnitudes or harmonically related frequencies. This

hyperedge embedding is: ;! = ¢/ (Zveef:q 5k,uv)-

iii) Cross-Modal Hyperedges. . Cross-modal hyperedges
£ bridge different node types to enable information flow

across domains: e = fylime i ysiary - Each £eoss

r m

connects nodes from all three domains, with representation:
h§oss = s (@U@;mswj,vv), where & denotes concatena-

tion, and +; ,, are domain-specific attention weights.

The hypergraph structure is then formally captured by in-
cidence matrices H*vPe) € {0, 1}E""” ¥V for each type
of hyperedge:

1 ifvee
H (tupe) — . 5
&y 0 otherwise )

The complete hypergraph is represented as G = (V, ™ U
gfreq U gcrosx’ {H(type)})

4.2 Dynamic Non-Stationary Adaptation

A dynamic adaptation mechanism that reconfigures the hy-
pergraph’s focus based on the real-time characteristics of the
input data is introduced as shown in Figure 2 (b).
Meta-Adaptation Network. A meta-adaptation network
My acts as a hyper-controller for the model, predicting
instance-specific weights for each hyperedge type condi-
tioned on the input’s statistical signature.

For an input segment 7 € RT*Y we first extract a sta-
tistical feature vector s € R* that encapsulates the segment’s
distributional and spectral properties:

s = Concat (M(T)7 U(T)7 Hspec(T)7 ﬁtrend(T)) ) (6)

where 1(7) and o(T) are the mean and standard deviation,
capturing basic distribution properties. Hspe.(7) is the spec-
tral entropy, computed from the normalized power spectrum
of the FFT, quantifying the signal’s complexity and period-
icity. Birena(T) is the linear trend coefficient, capturing the
directional evolution of the series.

The meta-network processes s through a multi-layer per-
ceptron to generate the adaptive weight vector o:

o = [atimea Qfreq, O‘cross} = Softmax(MLP(s)), @)

which determines the relative importance of temporal, fre-
quency, and cross-modal information.

Segment-Level Dynamically Reweighting. The learned
adaptive weights o are applied directly during the message
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Figure 2: The framework of H*SCAN.

passing phase (detailed in Section 4.3) to modulate informa-
tion flow. This allows the model to dynamically shift its in-
ductive bias: effectively paying attention to frequency coher-
ence when periodicities are strong (high af,.¢q), or focusing
on statistical stability during distribution shifts (high ccross)-

Formally, let Hl(typ ©) denote the aggregated hyperedge rep-
resentations for a specific type at layer [. The dynamic
reweighting is applied prior to node updates as:

7jll(type) H(type

= iy

®)

where type is constrained to the set {time, freq, cross}.

4.3 Heterogeneous Message Passing

For the propagation of information from the cross-
hypergraph, a multi-stage message transmission mechanism
is designed as shown in Figure 2 (c).

Node-to-Hyperedge Attention. First, we aggregate infor-
mation from nodes to their connected hyperedges: A multi-
head attention mechanism that dynamically weighs the con-
tribution of each node based on its semantic relevance is em-
ployed. For a hyperedge e € £ and its connected nodes N (e),
the hyperedge representation h, € R? is updated as:

he = MultiHeadAttn (q =h0 k=Hy,v= Hv) )

where hgo) is the initial hyperedge embedding serving as the
query, and H,, represents the matrix of node features serving
as keys and values.

To ensure that only structurally connected nodes contribute
to the hyperedge ‘representation, the attention mechanism
then utilizes the incidence matrix Z to mask irrelevant nodes:

(Wohe) Wiv) T )

Aep = Softmax | ——=2_——""_ ) . I(v € N(e)). (10

o = Sofma (L2220 (v € N(e)- (10)
Hyperedge-to-Hyperedge Interaction. To capture higher-
order dependencies beyond direct node connections, we in-
troduce an interaction layer among hyperedges.

Representations from all hyperedge types are concatenated
into a unified set Hg = [Hiime; Hfreq; Heross)- We then
apply an irregularity-aware attention mechanism to model the
dependencies between these hyperedges:

QSIC:gr>
Ve,
\/a £

He = Softmax ( (11

where Q¢, K¢, Ve are linear projections of Hg.
Hyperedge-to-Node Aggregation. Finally, we propagate the
refined hyperedge information back to the nodes to update
their representations. For anode v, its updated representation
h!, is computed by aggregating information from all hyper-
edges e connected to it, weighted by the incidence matrix Z:

2 ZI(U,@) Wagahl. (12)
ec&
The node update incorporates a residual connection and layer
normalization for training stability:

h!, = LayerNorm (h,, + Dropout(ReLU(m,))).  (13)

This completes one layer of heterogeneous message pass-
ing [Li et al., 2025], fusing multi-domain information into a
unified representation for downstream tasks.

4.4 Structure-aware Contrastive Learning

As shown in Figure 2 (d), a structure-aware contrastive learn-
ing framework leverages the intrinsic connectivity of the het-
erogeneous hypergraph to define pairwise similarities.
Hypergraph Structural Similarity. The structural equiva-
lence between samples is quantified based on their connectiv-
ity patterns within the hypergraph topology. Two TS samples
are similar if they exhibit similar connectivity patterns.

A structural fingerprint f; € RIVI for the i-th sample is
defined based on its node degree distribution across all hy-
peredge types. Let Z € RI€I*VI be the aggregated incidence
matrix. The degree vector d; for sample ¢ is computed by
summing connections across all hyperedges:

di =) Ti(e,)
ec&

The structural fingerprint is obtained by normalizing the de-
gree vector to form a probability distribution:

d;
= Tah e

The structural similarity Sg¢rvct(2,j) between sample ¢ and
sample j is then computed as the cosine similarity between
their fingerprints:

(14)

15)

_fidfi

16
7l fill2” (16)

Sstruct (’L j)
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Representation Similarity. Similarity in the learned latent
space is computed concurrently. Let z; € R? be the global
representation of sample ¢, obtained by aggregating its con-
stituent node embeddings:

2 = Concat (Bi,ti777,ea ;Li,freqa Bi,stat) . (17)

The representation similarity Sy, (7, j) is defined as the co-
sine similarity between the normalized embedding vectors:
Srepr(ivj) = ﬂ (18)
1zill2ll251l2
Soft Contrastive Objective. To align the learned representa-
tion space with the structural topology, we employ a soft con-
trastive objective. The structural similarity distribution serves
as a soft target rather than binary labels.
Both similarity matrices are converted into probability dis-
tributions using a temperature parameter 7:

o exp(sstruct/repr(i7j)/7—)
Zk;ﬁi exp(sstruct/repr (ia k)/T)
The objective is to minimize the Kullback-Leibler divergence

between the predicted representation distribution and the tar-
get structural distribution:

Pstruct/repr(j‘i) . (19)

1 , .
LCL = E ZKL (Pstruct('h) || Pre;m’('h))a (20)

=1

where Pyt (+|) and Prepy(+|¢) represent the structural and
the latent representation similarity distribution, respectively.

5 Experiments

In this section, we conduct comprehensive experiments to
evaluate the effectiveness of H*SCAN:

« RQ1: How does H?SCAN perform compared with ex-
isting TSRL methods?

* RQ2: How does every component that we design con-
tribute to the overall performance?

« RQ3: How sensitive is HXSCAN to variations in key
parameter settings?

* RQ4: How does the computational efficiency of
H2SCAN compare to the baselines?

5.1 Experimental Setup

Datasets. The experiments are conducted on 12 real-
world datasets, four self-built cloud Kafka cluster datasets
constructed for both classification and regression tasks
across broker-level and topic-level components, with de-
tailed statistics reported in Table 1. The cloud Kafka clus-
ter datasets are collected from a 5-broker cloud cluster
(September—December 2025), comprising KCluster-broker
with seven broker-level metrics and KCluster-topic with
topic-level traffic, storage, and request-handling metrics. In
addition, eight well-established public datasets are used, in-
cluding Gesture [Liu et al., 2009], FD-B [Lessmeier et al.,
20161, EMG [Goldberger et al., 20001, EPI [Andrzejak et al.,
2001], HAR [Anguita et al., 2013], and UCR [Dau et al.,

Tasks Datasets \ Samples Length  Freq. Classes
Clas KCluster-be 2,163 178 2 Hours 5

“ KCluster-tc 2,163 178 2 Hours 7
Re KCluster-br | 1,384/346/433 35 2 Hours -

g KCluster-tr | 1,384/346/433 35 2 Hours -

Table 1: Cloud Kafka cluster dataset descriptions.

2019] for classification, and C-MAPSS [Saxena et al., 2008]
and Bearing [Wang er al., 2018] for regression.

Baselines. To evaluate the effectiveness of the proposed
H2SCAN, we implement in total seven baselines: i) FEI [Fu
and Hu, 2025] leverages frequency-masked prompts to model
continuous semantics without explicit positive/negative pairs.
ii) TimeDRL [Chang et al., 2024] learns dual-level disentan-
gled embeddings for multivariate TS via a token-based strat-
egy. iii) TimesURL [Liu and Chen, 2024] captures segment-
and instance-level information by injecting double Univer-
sums as hard negatives. iv) SImMTM [Dong et al., 2023]
connects masked modeling with manifold learning by recon-
structing series from-aggregated masked variants. v) InfoTS
[Luo et al., 2023] adaptively selects data augmentations us-
ing information-theoretic criteria. vi) TF-C [Zhang et al.,
2022] enforces time—frequency consistency through cross-
space projectors-and a joint loss. vii) TS2Vec [Yue er al.,
2022] performs hierarchical contrastive learning over aug-
mented views to learn robust timestamp representations.
Implementation Details. All experiments were conducted
using PyTorch 2.6.0 on a server with two Tesla V100 GPUs,
128GB RAM, and a 12-core CPU. We optimized the models
using the Adam optimizer with a learning rate of 5e-4 and a
batch size of 512, training for 150 epochs per data batch. For
the specific modules within H*SCAN, the structural similar-
ity threshold in Equation (16) is set to 0.5, and the adaptation
function initial weight is set to 0.3.

5.2 Main Results (RQ1)

We compare H*SCAN with all seven baselines across multi-
ple classification and regression benchmarks. Tables 2 and 3
list the results for two tasks.

Classification.  The first observation is that H?SCAN
achieves the best performance in terms of accuracy across all
eight datasets. This confirms the superior capability of our
framework in learning discriminative representations by in-
tegrating multi-domain nodes during the pre-training phase.
Specifically, H*SCAN achieves an average improvement of
2.89% over the strongest baseline FEI. Moreover, we observe
that augmentation-based methods like TS2Vec, TimeDRL,
and TimesURL perform relatively poorly on datasets with
sensitive periodic signatures, such as EMG and KCluster-
tc. This is likely because their manual perturbations dis-
tort the underlying frequency components and physical laws
of the TS. The third observation is that while frequency-
aware methods like TF-C and FEI capture periodic patterns,
H2SCAN offers a key advantage by using cross-modal hy-
peredges to fuse these patterns with global statistical context,
leading to more robust classifications in complex cloud sce-
narios where data noise is prevalent.
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Datasets Rand. Init. TS2Vec TimeDRL TF-C TimesURL SimMTM InfoTS FEI  H?SCAN
Gesture 68.33 72.50 73.33 70.00 73.33 76.67 71.67 77.50 78.33
FD-B 69.61 48.31 47.97 65.48 54.41 63.49 62.99 70.99 71.38
EMG 95.12 78.05 78.05 92.68 73.17 87.80 97.56 97.56 97.56
EPI 80.21 95.60 94.05 95.28 96.67 96.22 97.07 97.24 97.30
HAR 82.66 64.74 79.88 77.27 77.57 83.61 8249 84.15 84.97
UCR 72.44 67.44 63.36 78.50 79.40 80.42 81.77  82.65 82.71
KCluster-bc 72.02 72.02 77.52 66.51 71.04 74.77 72.02  69.27 83.95
KCluster-tc 64.68 65.60 65.60 61.93 66.51 61.93 61.01 65.59 67.43
Avg. 75.63 70.53 72.47 75.96 74.01 78.11 7832  80.62 82.95

Table 2: The end-to-end fine-tuning accuracy(%) of all methods on classification task. Results of baselines are retrieved from original papers.

Datasets Rand. Init. TS2Vec TimeDRL TF-C TimesURL SimMTM InfoTS FEI H2SCAN
C-MAPSS | 0.067/0.206 0.061/0.207 0.083/0.245 0.063/0.215 0.060/0.205 0.086/0.221 0.072/0.213 0.079/0.214  0.060 / 0.199
Bearing 0.0737/0.184 0.184/0.265 0.147/0.289 0.604/0.645 0.164/0.256 0.054/0.140 0.073/0.178 0.033/0.115 0.030/0.109
KCluster-br | 0.063/0.177 0.269/0.481 0.029/0.065 0.529/0.700 0.440/0.646 0.032/0.093- 0.030/0.078 0.024/0.077 0.028/0.055
KCluster-tr | 0.005/0.057 0.317/0.439 0.004/0.054 0.458/0.501 0.672/0.712 0.014/0.109 - 0.001/0.028 0.002/0.032 0.001/0.024
Avg. 0.052/0.156 0.208/0.348 0.066/0.163 0.414/0.515 0.334/0.455 0.047/0.141 0.044/0.124 0.035/0.110 0.030/0.097

Table 3: The average end-to-end fine-tuning results (MSE / MAE) of all methods on regression task. Bold: Best, Underline: Suboptimal.

Metrics | MSE  MAE
H2SCAN 0.0604 0.1987
w/o frequency | 0.0618 0.2078
w/o statistical | 0.0612  0.2100
w/o freq.+stat. | 0.0754 0.2140
w/o meta. 0.0612  0.2093

Table 4: Ablation study results on C-MAPSS dataset.

Regression. H>SCAN also achieves the best regression per-
formance across all datasets. A primary reason for this suc-
cess is the introduction of the Meta-Adaptation Network,
which allows H?SCAN to handle the non-stationary nature
of industrial sensor data and cloud traffic. In remaining use-
ful life prediction tasks, where statistical properties evolve as
machinery degrades, H*SCAN dynamically reweights its hy-
pergraph interactions to maintain predictive stability. Specif-
ically, our model achieves an average error reduction of
16.89% compared to FEI and InfoTS. The performance ad-
vantage is particularly pronounced on the KCluster-tr dataset.
This suggests that the high-order relationships captured by
our hyperedge design are essential for modeling the intricate
dependencies in distributed clusters.

5.3 Ablation Study (RQ2)

In the ablation study, we quantify the contribution of each
H2SCAN component. The results on the C-MAPSS dataset
for regression are shown in Table 4, confirming the necessity
of each module in the framework.

Experimental results of the four variants illustrate that the

most significant performance decline occurs when both the
frequency and statistical domains (w/o freq.+stat.) are ex-
cluded. This drop is due to the model’s inability to capture
global periodicities and distributional properties, forcing it to
rely solely on local temporal sequences. Similarly, the indi-
vidual removal of the frequency domain (wW/o freq.) or the
statistical domain (w/o stat.) leads to a noticeable decrease
in predictive accuracy, highlighting the importance of multi-
domain feature integration for robust representation learn-
ing. Furthermore, excluding the meta-adaptation network
(w/o meta.) results in performance degradation, as it disables
the model’s ability to dynamically reweight hyperedge inter-
actions in response to the non-stationary nature of industrial
sensor data.

5.4 Hyperparameter Sensitivity (RQ3)

Varying Hypergraph Layers. We investigate the impact
of model depth by varying the number of hypergraph layers
from 1 to 5. As shown in Figures 3 (a) and (b), it can be ob-
served that the performance of H*SCAN remains relatively
stable as the depth increases. Specifically, the best results
are achieved with 4 layers for both datasets. H?SCAN cap-
tures high-order dependencies without requiring excessively
deep architectures, demonstrating its robustness across vary-
ing model complexities.

Impact of Attention Heads. We analyze the influence of the
number of attention heads used in the heterogeneous mes-
sage passing module. Figures 3 (c) and (d) show results for
heads in {2, 4, 6, 8, 10}. We observe that the choice of atten-
tion heads has a noticeable impact on the model’s ability to
capture multi-domain correlations. Specifically, the optimal
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Figure 3: Performance of H*SCAN under varying hyperparameters.

performance is achieved when the number of heads is set to
8. This indicates that while multiple heads allow the model
to attend to different semantic subspaces simultaneously, an
excessive number of heads may introduce redundant informa-
tion that slightly degrades the accuracy.

Selecting Frequency Bands b. We examine the parameter b,
which determines the number of top frequency components
selected for the frequency-domain nodes. Figures 3 (e) and (f)
show the results for b values ranging from 4 to 16. We observe
that b is a crucial factor in capturing the periodic signatures
of industrial sensors. The C-MAPSS dataset, which contains
complex turbofan engine data, benefits from a smaller b (set
to 8), whereas the Bearing dataset, characterized by more dis-
tinct vibration frequencies, achieves peak performance with a
larger b (set to 16). This suggests that HYSCAN can be tai-
lored to the spectral complexity of the specific TS.

Effect of Temperature 7. H?SCAN utilizes a temperature
parameter 7 to control the sharpness of the soft contrastive
distribution. We test various levels of 7, and the results are
shown in Figures 3 (g) and (h). The model’s performance is
sensitive to the scale of similarity scores. A temperature of
7 = 0.01 yields the best alignment between the representa-
tion space and the hypergraph topology. However, the impact
of varying T is relatively limited, with performance fluctu-
ations controlled within 9.8%. This robustness is attributed
to our structure-based contrastive objective, which provides a
stable and natural superyision signal compared to traditional
augmentation-based methods.

5.5 Efficiency Analysis (RQ4)

We evaluate the efficiency of each measure in both model pre-
training time (per epoch) and end-to-end fine-tuning time.
The experimental results are shown in Table 5. FEI distin-
guishes itself with the shortest pre-training time, attributed
to its 1D ResNet-based encoder structure and the innova-
tive frequency-masked embedding inference mechanism. In
contrast, other models like TF-C and InfoTS consider ad-
ditional complex contrastive pairs or frequency-time align-
ments that must be computed during pre-training, resulting in

Model | Pre-training time | Fine-tuning time
TS2Vec 17149 s 478 s
TimeDRL 426.95 s 5.63s
TF-C 2120.15 s 9.99 s
TimesURL 650.71 s 445s
SimMTM 517.57 s 5.85s
InfoTS 1267.51 s 19.16 s
FEI 120.51 s 7.61s
H2SCAN 212.09 s 7.53s

(h) Number of Temperature T

Table 5: Pre-training and fine-tuning efficiency on HAR dataset.

longer processing times. Our model, H?SCAN, although it
includes complex components such as heterogeneous hyper-
graph modeling and a meta-adaptation network, still main-
tains high efficiency through optimized design. By utilizing
sparse hypergraph message passing and efficient FFT-based
frequency encoding, its pre-training time is only slightly
longer than FEI and TS2Vec but achieves significantly higher
accuracy in both classification and regression tasks. This
indicates that H*SCAN successfully balances computational
complexity and model effectiveness.

6 Conclusion

In this paper, we propose H*SCAN, a structure-aware frame-
work for time series representation learning. H2SCAN
eliminates augmentation dependency by constructing multi-
domain heterogeneous hypergraphs, and leverages hyper-
graph topology as a natural source of similarity for con-
trastive learning. The meta-adaptation network enables dy-
namic adjustment to non-stationary patterns, while heteroge-
neous message passing captures higher-order multi-scale de-
pendencies. Comprehensive empirical analyses validate that
H2SCAN achieves state-of-the-art performance on twelve
real-world datasets across diverse domains. The robustness
and universality of H*SCAN make it a promising candidate
for various practical applications.
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