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Abstract

Multivariate Time-Series (MTS) analysis is crucial across
various domains. Considering the spatial and temporal con-
sistency of MTS, existing methods leverage graph struc-
tures with temporal augmentation and contrastive learning to
achieve robust learning of spatial dependencies and temporal
patterns. Given the inherent high-order correlations in MTS,
hypergraphs present a promising approach. However, two key
challenges limit their further development: 1) Feature-based
perspectives capture limited spatial information, while struc-
tural perspectives encode richer spatial consistency and evo-
lution dependency; 2) Various semantic patterns (e.g., syn-
ergy, inhibition) entangle in sensor correlations, leading to se-
mantic ambiguity. The underlying reason is that conventional
hypergraph structures cannot distinguish specific semantic
roles within or across hyperedges. Thus, we propose Role
Hypergraph Contrastive Learning for MTS analysis. Specif-
ically, we introduce the concept of role to generalize hyper-
graphs to Role Hypergraphs, enabling precise modeling of
sensor correlations by assigning each vertex-hyperedge pair
with a semantic role. Building on this structure, we design a
role hypergraph contrastive learning paradigm to comprehen-
sively capture the spatial and temporal dependencies: From a
structural perspective, role hypergraph structural contrasting
captures spatial short-term consistency and long-term evolu-
tion; from a feature perspective, alignment of complementary
role information ensures sensor-level temporal consistency.
Experiments on classification and forecasting tasks demon-
strate the effectiveness and interpretability of our method.

Introduction
Multivariate Time-Series (MTS) data play an important
role in diverse domains, including clinical diagnosis, trans-
portation analysis, climate science, and energy management
(Wang et al. 2023; Cirstea et al. 2022; Xue et al. 2025b).
However, the inherent complexity and high dimensional-
ity of MTS make label acquisition more challenging com-
pared to other data, limiting its applicability in the real
world (Pöppelbaum, Chadha, and Schwung 2022). Self-
Supervised Learning (SSL) (Zhang et al. 2024) presents a
promising solution by pre-training models to learn general-
izable representations from unlabeled data, followed by fine-
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Figure 1: (a) Spatial short-term consistency and long-term
evolution under a structural perspective. (b) Semantic ambi-
guity arising from the various entangled role patterns inher-
ent in sensor correlations is eliminated via role hypergraphs.

tuning on downstream tasks. Contrastive learning (Khosla
et al. 2020), as a self-supervised paradigm, leverages in-
herent consistency in data by contrasting augmented views,
thereby improving encoder robustness against perturbations.

Several advances in contrastive learning for time series fo-
cus primarily on temporal consistency (Luo et al. 2023; Liu
and Chen 2024). These methods generate positive and neg-
ative pairs via temporal augmentations (e.g., warping, crop-
ping) (Othman et al. 2020) to learn representations robust
to temporal perturbations using contrastive learning. These
approaches largely neglect spatial correlations among sen-
sors within MTS (Wang et al. 2024d). Recent graph methods
have incorporated spatial information into graph contrastive
frameworks by modeling sensor correlations as graphs from
a feature perspective (Wang et al. 2024c). However, rely-
ing solely on feature-level representations to capture the nu-
anced spatial structural variations in MTS evolution may be
inadequate (Ye et al. 2022; Xue et al. 2025a). As illustrated
in Fig. 1 (a), during activity transitions (e.g., from standing
to walking), new edges may emerge between sensors (torso-
foot connections), reflecting structural changes not evident
at the feature level. Given that the spatial structure of MTS
is stable in short time but changeable over long periods (Bao
et al. 2024), necessitating approaches that characterize spa-
tial dependency from a structural perspective to measure
short-term consistency and long-term evolution.

Graph-based methods effectively model pairwise sensor
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relationships (Chen and Eldardiry 2024) but fail to capture
higher-order correlations inherent in MTS. Hypergraphs, as
an extension of graphs, address this limitation by enabling
hyperedges to connect multiple vertices, thus capturing be-
yond pairwise correlations (Feng et al. 2019). However,
conventional hypergraphs suffer from semantic ambiguity:
they cannot differentiate distinct semantic patterns among
hyperedges within a hypergraph or vertices within a hy-
peredge (shown in Fig. 1 (b)). Specifically, existing meth-
ods for modeling sensor correlations into hypergraphs, e.g.,
kNN, sparse representation (SR), rely solely on the abso-
lute correlation magnitude to construct hyperedges, ignor-
ing the critical distinction between positive (synergy) and
negative (inhibition) relationships. For instance, in SR, the
resulting sparse solution includes both positive and negative
coefficients, yet traditional methods group all non-zero coef-
ficients indiscriminately into a single hyperedge (Chen et al.
2023a). Consequently, semantically contradictory vertices
(synergy versus inhibition) may coexist within a single hy-
peredge, leading to semantic ambiguity. Even if some meth-
ods attempt to differentiate the semantic roles, conventional
hypergraph convolution (HGNN) operations treat all hyper-
edges uniformly regardless of their roles (Ji et al. 2025).
In summary, conventional hypergraph methods struggle to
represent the diverse semantic relationships among sensors,
limiting their capacity to model complex sensor interactions.

To address the above limitations, we propose Role Hy-
pergraph Contrastive Learning (RHCL) for MTS analysis.
Specifically, we introduce a role concept to generalize hy-
pergraph, forming a novel Role Hypergraph structure. The
core idea is to assign a specific semantic role (e.g., synergy
or inhibition) to each vertex-hyperedge pair, enabling pre-
cise modeling of sensor interactions. Based on this structure,
we design a Role HGNN to facilitate information propaga-
tion among sensors within and across roles. With updated
sensor role features, we propose role hypergraph contrastive
learning to achieve robust learning of spatial and temporal
dependencies with the role view: Role hypergraph struc-
tural contrasting from a structural perspective to measure
the short-term consistency and long-term evolution of the
spatial role hypergraph; Considering sensor temporal evo-
lution patterns in MTS, we align the complementary role
information of each sensor across time windows from a fea-
ture perspective, ensuring sensor-level temporal consistency.
The main contributions are summarized as follows:

1) We propose a generalized hypergraph structure that
adapts and transfers the concept of semantic differenti-
ation, enabling precise modeling of various roles by as-
signing each vertex-hyperedge pair with a semantic role.

2) To achieve robust learning of spatial and temporal depen-
dence, we propose RHCL: From a structural perspective,
we adopt role hypergraph structural contrasting to cap-
ture spatial short-term consistency and long-term evolu-
tion. From a feature perspective, alignment of comple-
mentary role information ensures temporal consistency.

3) Experimental results demonstrate the superiority of
our methods. Moreover, RHCL offers enhanced inter-
pretability through its ability to capture spatial dependen-

cies and temporal consistency under the role perspective.

Related Work
Contrastive Learning for MTS Contrastive learning, as
a self-supervised paradigm, aims to learn robust represen-
tations by minimizing the distance between positive pairs
while maximizing it for negative pairs (Khosla et al. 2020;
Chen et al. 2020). This approach offers a distinct alternative
to pretext-task-dependent methods for robust learning from
unlabeled data. Recent work has adapted contrastive frame-
works to MTS, primarily focusing on achieving temporal
consistency (Zhang et al. 2022; Hao et al. 2023; Yue et al.
2022). These methods create view pairs by temporal aug-
mentations (e.g., warping, flipping, and cropping) to perturb
time series, and then employ contrastive learning to learn
robust representations under temporal perturbations.

While the above works advance temporal consistency
through contrastive learning, they overlook spatial consis-
tency in MTS data. Some studies have incorporated spatial
correlations into contrastive approaches. For instance, TS-
GAC (Wang et al. 2024d) proposes a graph contrast learning
method that aligns spatial features derived from strong and
weak augmentation views. In summary, existing methods
primarily achieve spatial consistency by minimizing spatial
feature distance from the perspective of features. However,
relying solely on feature-level consistency to represent spa-
tial consistency may be insufficient. A promising direction
is to characterize spatial information from a structural per-
spective (e.g., graph structure) to measure graph structural
consistency. Building on this, considering the nature of MTS
data (the evolution of spatial structures), incorporating short-
term spatial consistency in this long-term evolutionary pro-
cess offers potential for achieving robust learning on MTS.

Graph and Hypergraph for MTS Graphs are increas-
ingly popular in time series analysis (Chen et al. 2023b;
Wang et al. 2024b), representing variables as vertices and
correlations as edges. While effective for pairwise relation-
ships, this graph-based approach faces limitations in rep-
resenting higher-order, more complex correlations inherent
in MTS. Hypergraphs (Feng et al. 2019), an extension of
graphs, address this by allowing hyperedges to connect mul-
tiple vertices, thereby capturing high-order correlations be-
yond pairwise interactions. This capability has made HGNN
a versatile tool adopted in diverse research fields (Han et al.
2024; Feng et al. 2024). However, hypergraph-based meth-
ods remain nascent in time series analysis (Shang et al. 2024;
Han et al. 2025). A critical limitation of conventional hyper-
graphs is their inability to represent differences in seman-
tic roles. In a hypergraph, there are varying semantic roles
among hyperedges within a hypergraph and vertices within
a hyperedge (e.g., cooperative or inhibitory patterns in sen-
sor correlations). However, these differences in roles cannot
be adequately captured by standard hypergraphs.

Methodology
Problem Formulation Given the input MTS samples
X = {X1, · · · ,Xn}, where each Xi ∈ RN×T is col-
lected from N sensors over T timestamps. The objective
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Figure 2: Overview of RHCL. The central section is Role Hypergraph Contrastive Learning, integrating role hypergraph struc-
tural contrasting (left) and role complementary information alignment (right). Flowchart is depicted in the lower right corner.

is to develop a hypergraph contrastive learning scheme that
learns general representations for X , enabling the training
of an encoder in an unsupervised manner during the pre-
training phase. During the fine-tuning phase, the pre-trained
encoder parameters remain frozen to preserve learned repre-
sentations, while an MLP is employed for downstream tasks.

Hypergraph Hypergraphs model high-order correlations
through hyperedges. A hypergraph H = (V , E) consists of
a vertex set V and a hyperedge set E . The relationships be-
tween V and E can be represented by the incidence matrix
H, where H(v, e) = 1 if v ∈ e, and 0 otherwise.

Due to the dynamic properties of MTS, the correlation
patterns within MTS evolve over time. To capture this tem-
poral evolution, we segment the time series X with length L
into M = T/L windows, i.e., X = {X(t)}Mt=1. The hyper-
graph is formalized as a sequence {H(t) = (V , E(t))}Mt=1.

Overview
Fig. 2 presents an overview of RHCL. Specifically, due to
the local dynamic nature of MTS, each sample is segmented
into multiple windows, within which a hypergraph is con-
structed. Next, we introduce the function Ψ that assigns a
role r to each (v, e), forming a role hypergraph G with its in-
cidence tensor G. Following augmentation and Role HGNN
encoding, role hypergraph contrastive learning is employed
to explore spatial and temporal dependencies. Structurally, it
captures spatial short-term consistency and long-term evo-
lution by measuring role hypergraph structural variations

across adjacent and distant windows. Feature-wise, it sum-
marizes and aligns complementary role information across
windows to preserve sensor-level temporal consistency.

Role Hypergraph Representation
Here, we introduce a role hypergraph representation method
for MTS to fine-grained semantics within high-order rela-
tionships that account for the various role correlations (e.g.,
synergy, inhibition) that exist among sensors.

Hypergraph Construction for MTS For MTS, the N
sensors are defined as the vertex set V = {v1, . . . , vN},
with hyperedges encoding high-order correlations. Given
the hypergraph sequence {H(1), · · · ,H(t), · · · ,H(M)}, the
t-th hypergraph is constructed by sparse representation.

Specifically, X(t) = [x1, . . . , xi, . . . , xN ]⊤, each sensor
time series xi is regarded as a sparse linear combination of
other N -1 sensor time series (Chen et al. 2015):

xi = Aiαi + τi, i = 1, 2, . . . , N, (1)
where Ai = [x1, . . . , xi−1, 0, xi+1, . . . , xN ]⊤ contains all
sensor time series except the i-th one. αi quantifies inter-
action weights, and τi is a noise term. The resulting sparse
coefficients αi can be approximately recovered by solving a
standard l1-norm regularized optimization problem:

min
αi

∥ xi −Aiαi ∥2 +λ ∥ αi ∥1, (2)

where λ is a regularization parameter controlling the sparsity
of the solution. The resulting sparse coefficients αi induce
hyperedge construction through non-zero coefficients.
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Role Hypergraph Representation We observe that αi,
which encodes the high-order correlations among sensors
within a hyperedge, contains both positive and negative val-
ues. This indicates distinct, potentially conflicting semantic
correlation patterns among sensors (e.g., synergy vs. inhibi-
tion) within the same hyperedge. Such semantic ambiguity
reflects diverse semantic relationships among vertices within
a hyperedge or hyperedges within a hypergraph, which con-
ventional GNN/HGNNs fail to differentiate. Thus, we intro-
duce the notion of role to generalize hypergraphs.
Definition 1 The role hypergraph is formally defined as
G = (V , E ,R,Ψ), where V and E denote the sets of ver-
tex and hyperedge, and R = {r1, . . . , rR} represents a set
of semantic roles (e.g., {synergy, inhibition}). The key in-
novation of this structure is the role assignment function
Ψ : V × E → R, which assigns a specific semantic role
Ψ(e, v) ∈ R to each pair of vertex and hyperedge (e, v).
This approach allows for a more detailed modeling of roles,
rather than applying a fixed pattern to an entire hyperedge.

To represent this structure computationally, we define a
role incidence tensor G ∈ R|R|×|V|×|E|, where:

G(r, v, e) =

{
1 if v ∈ e and Ψ(e, v) = r,

0 otherwise.
(3)

In this paper, we focus exclusively on the two roles of
MTS: synergy and inhibition. Following Definition 1, we
derive the role hypergraph G(t) with G(t) for each window.

Role Hypergraph Augmentation Conventional hyper-
graph augmentation typically randomly replaces or drops
vertices within hyperedges. However, in the case of role hy-
pergraphs G, such indiscriminate operations can disrupt the
semantic roles assigned to vertex-hyperedge pairs, distorting
sensor correlations expressed through synergy and inhibition
roles. Thus, leveraging the role-specific insights, we intro-
duce a two-stage role hypergraph augmentation strategy that
considers sensor specificity and sensor correlations.

Vertex Dropping Strategy: In the first stage, to learn
robust sensor specificity while maintaining MTS semantic
consistency, we employ a vertex-dropping strategy to ran-
domly drop vertices from each role hyperedge er ∈ Er (de-
fined in Definition 2) with a probability p:

E ′
r = {er −D(er; p) | er ∈ Er}, (4)

where D(er; p) is the dropped subset of vertices from er.
Vertex Adding Strategy: In the second stage, to address

potential hyperedge redundancy caused by vertex dropping,
we introduce a constrained vertex-adding strategy. Unlike
naive vertex adding, to avoid semantic conflicts, a candidate
vertex v is added to er only if it is compatible with the hy-
peredge’s existing role r (i.e., Ψ(er, v) = r).
Definition 2 Projection from Role Hypergraph to Role-
Specific Hypergraph: Given a role hypergraph G =
(V , E ,R,Ψ) as defined in Definition 1, we can project it
onto conventional hypergraphs specific to each semantic
role r ∈ R. For a given hyperedge e ∈ E and specific role
r ∈ R, a role-specific hyperedge er is defined as:

er = {v ∈ V | Ψ(e, v) = r}. (5)

This represents the vertices in e assigned to role r. For role
r, the set of role hyperedges can be defined as:

Er = {er | e ∈ E}. (6)

Consequently, the Hr = (V , Er) constitutes a role r-specific
conventional hypergraph, where each role hyperedge is the
projection of the original structure under role r.

Role Hypergraph Network With the augmented role hy-
pergraphs, we redefine the message passing mechanism on
the role hypergraph G to update sensor correlations.

Role-Specific Hypergraph Computation enables mes-
sage propagation within specific roles defined by the inci-
dence tensor G. Following Definition 2, the incidence ten-
sor G can be mapped to the sequence of hypergraph inci-
dence matrix {Hr}Rr=1, where Hr(v, e) = G(r, v, e). For
each role r, we perform hypergraph convolution using its
specific incidence structure with vertex degree matrix Dv,r

and hyperedge degree matrix De,r at layer l:

X(l+1)
r = σ(D−1/2

v,r HrD
−1
e,rH

⊤
r D

−1/2
v,r X(l)

r Θ(l)), (7)

Role-Correlated Hypergraph Computation: Since sensor
correlations often span multiple semantic roles, we intro-
duce the role hyperedge latent representations her to mani-
fest the characteristics of hyperedges assigned with roles. To
model these role-correlated dependencies and facilitate in-
formation propagation across various roles, we adopt a role-
aware hyperedge attention mechanism that operates on her
to learn high-order sensor correlations across roles:

∥|R|
r=1 h

(l+1)
er = softmax(QK⊤

√
DK

)(∥|R|
r=1 D−1

e,rH
⊤
r X

(l+1)
r Θ(l)) (8)

Role Hypergraph Contrastive Learning
The role hypergraph, with its semantic partitioning of sen-
sor correlations, offers a potential advantage for modeling
spatial dependency and temporal consistency: sensors that
share the semantic role across time windows often exhibit
more similar interaction patterns. Motivated by this, we pro-
pose role hypergraph contrastive learning, a framework that
learns generalizable representations by leveraging the prop-
erties of role hypergraphs. It employs role hypergraph struc-
tural contrasting to capture short-term spatial consistency
and long-term structural evolution, while ensuring temporal
consistency via role complementary information alignment.

Role Hypergraph Structural Contrasting Existing stud-
ies for spatial consistency often rely on feature-level con-
trastive learning with weak and strong augmented views,
which fail to comprehensively characterize spatial depen-
dencies (Wang et al. 2024d,a). Meanwhile, these vertical
contrast mechanisms overlook the horizontal structural evo-
lution over time. Given that spatial structure is stable in short
time but changeable over long periods for MTS (Bao et al.
2024), we propose a role hypergraph structural contrasting
module that captures the spatial short-term consistency and
long-term evolution from a structural perspective.

Role Hypergraph Structure Estimator: Due to the com-
plexity of the role hypergraph structure, we cannot directly
measure the structural variations between role hypergraph
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pairs. However, we note that role hypergraph structure evo-
lution manifests as changes to specific role hyperedges. In-
tuitively, we can assess structural evolution by measuring
the distances between corresponding role hyperedge pairs
across time windows, ensuring validity while restricting
the distance computation to the relevant role hyperedges,
thereby significantly reducing computational complexity.

Inspired by (Chowdhury and Mémoli 2019; Chowdhury
et al. 2024), we employ optimal transport (OT) to quan-
tify the structural variations between corresponding role hy-
peredges. To generalize the hypergraph structure estimator
to role hypergraphs, we propose the following approach
based on Definition 1 and Definition 2: Given the G(t)

and G(t+1) in two windows, project them onto role-specific
hypergraphs {(H(t)

r ,H(t+1)
r )}r∈R. For each role r ∈ R,

the H(t)
r and H(t+1)

r are transformed into corresponding
measure hypergraphs H

(t)
r = (V , µ(t)

r , E(t)
r , η

(t)
r , κ

(t)
r ) and

H
(t+1)
r = (V , µ(t+1)

r , E(t+1)
r , η

(t+1)
r , κ

(t+1)
r ) via OT, where

µ and η denote Borel probability measures on V and E .
κ : V × E → R is a measurable, bounded hypergraph func-
tion. The structural variations within the corresponding role
hyperedges pairs (e(t)r , e

(t+1)
r ) can be formulated as:

dpr(e
(t)
r , e(t+1)

r ) = inf
π∈Π(µ

(t)
r ,µ

(t+1)
r )

(

∫
V×V

|κ(v, e(t)r )− κ′(v, e(t+1)
r )|pπ(dv × dv))1/p,

(9)

where π are couplings (µ
(t)
r , µ

(t+1)
r ). Following this, the

structural variations for role-r hypergraph pairs is defined
as dpr(H

(t)
r ,H(t+1)

r ). Finally, the variations between role hy-
pergraph pairs (G(t),G(t+1)) via aggregation is defined as:

dp(G(t),G(t+1)) =
∑
r∈R

dpr(H(t)
r ,H(t+1)

r ). (10)

Spatial Structure Contrastive Learning: Built on the varia-
tions under a structural perspective, we employ a role hyper-
graph structural contrasting scheme to capture spatial short-
term consistency and long-term evolution. Specifically, we
quantify the distance between role hypergraph pairs as the
variation of structural information with parameter λ:

I(t,t+1)
r = e−λ·dp(H(t)

r ,H(t+1)
r ). (11)

Within E(t)
r , each pair of corresponding role hyperedges in

adjacent windows (e(t)r , e
(t+1)
r ) forms a positive sample pair.

This reflects the short-term spatial consistency of the sensor
correlation patterns for role r. Conversely, for a given e

(t)
r ,

its corresponding role hyperedges from subsequent windows
Ê(t)
r = {e(t+k)

r |k > 2} are treated as negative samples. This
strategy enables the model to track the long-term evolution
of the spatial structure. The role hypergraph spatial con-
trastive loss for role hyperedge e

(t)
r is formulated as:

l
(t)
er = − log

exp(h(t)
er

·h(t+1)
er

/τ)(−I(t,t+1)
r )∑

ê
(t+k)
r ∈Ê(t)

r
exp(h

(t)
er ·h(t+k)

êr
/τ)(−I(t,t+k)

r )
, (12)

where h(t)
er and h

(t+1)
er are the embeddings of hyperedges ex-

tracted from the encoder (Role HGNN), and τ denotes the

temperature parameter. The spatial contrastive loss L(G(t))
for the t-th window role hypergraph G(t) can be defined as:

L(G(t)) =
∑
r∈R

L(H(t)
r ) =

∑
r∈R

(
1

|E(t)
r |

∑
er∈E(t)

r

l(t)er ). (13)

The overall spatial loss Lspa can be formulated as:

Lspa =
M−1∑
t=1

L(G(t)). (14)

Role Complementary Information Alignment Role hy-
pergraph structural contrasting captures comprehensive spa-
tial dependency, while sensors also exhibit temporal con-
sistency across multiple windows. Within each window, the
role hypergraph encodes semantic information through com-
plementary roles for each sensor. It implies that the com-
plementary role information of each sensor shows temporal
dependence across windows. Based on this, we introduce
a complementary information alignment of the role hyper-
graph to achieve sensor-level temporal consistency.

Specifically, for each sensor vi, we employ a transformer
to summarize the role-specific embeddings h

(t)
vi,r (obtained

by Role HGNN) in past d windows following (Eldele et al.
2021): hr,d

vi
= F(h

(1)
vi,r, · · · , h

(d)
vi,r). Then, we aggregate its

role complementary embeddings hr,d
vi

across all roles r ∈
R to form a comprehensive sensor representation: ĥd

vi
=∑

r∈R hr,d
vi

. To achieve temporal consistency, we select its
adjacent window s of d to form a positive pair (ĥd

vi
, ĥs

vi
).

The comprehensive representations within the same sensor
should exhibit higher similarity compared to other sensors
ĥd
vj

. Formally, we obtain the temporal consistency loss:

Ltem = − 1

N

N∑
i

log
exp(fsim(ĥd

vi
, ĥs

vi
)/τ)∑

vj∈V̂ exp(fsim(ĥd
vi
, ĥd

vj
)/τ)

(15)

where fsim(·) is used to measure the cosine similarity of
vectors, and V̂ is the set of sensors excluding the sensor i.

Experiments
Experimental Setting
Datasets The proposed RHCL is evaluated on two down-
stream tasks: Classification and Long-term Forecasting, in-
cluding eight MTS classification datasets: Human Activity
Recognition (HAR) dataset (Anguita et al. 2012), the ISRUC
dataset (Khalighi et al. 2016), and six datasets from the UEA
archive: Articulary Word Recognition (AWR), Finger Move-
ments (FM), Face Detection (FD), Insect Wingbeat (IW),
Spoken Arabic Digits Equivalent (SAD), and Self Regula-
tion SCP1 (SRSCP1) and four long-term MTS forecasting
datasets: ETT (Zhou et al. 2021), Traffic (Lai et al. 2018),
Weather (Zeng et al. 2023), and Electricity (Wu et al. 2020).

Baselines We compare our method with several meth-
ods for Classification and Forecasting tasks: Classification:
SVP-T (Zuo et al. 2023), TodyNet (Liu et al. 2024), TS-
GAC (Wang et al. 2024d), ShapeFormer (Le et al. 2024),
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Datasets Metrics SVP-T TodyNet TS-GAC ShapeFormer ST MPTSNet SAGoG RHCL (Our)AAAI’23 Info.’24 AAAI’24 KDD’24 NN’25 AAAI’25 TKDE’25

HAR
ACC(%) 87.74±0.84 91.75±0.43 92.07±0.12 91.57±0.35 92.94±0.24 92.45±0.27 90.42±0.42 95.14±0.09

MF1(%) 86.82±0.88 91.10±0.50 92.01±0.15 90.83±0.35 92.47±0.28 91.97±0.29 90.02±0.47 94.85±0.12

ISRUC
ACC(%) 78.45±1.24 76.37±2.14 84.43±0.89 79.45±0.82 83.27±0.57 84.02±0.24 81.78±1.04 85.96±0.15

MF1(%) 77.83±1.67 75.86±2.35 83.88±0.96 78.98±0.93 82.76±0.61 83.34±0.30 81.29±1.22 85.16±0.19

AWR
ACC(%) 92.13±2.66 96.11±1.04 97.52±1.02 98.44±0.54 97.80±0.23 97.73±0.82 94.09±3.26 98.85±0.11

MF1(%) 92.00±3.74 95.97±2.18 97.68±1.45 98.44±0.54 97.63±0.45 97.46±1.14 94.01±3.81 98.78±0.13

FM
ACC(%) 57.31±3.45 58.79±2.64 54.46±4.75 59.82±3.54 62.38±1.87 63.11±3.23 61.59±2.41 66.10±2.21

MF1(%) 52.76±5.18 55.75±3.13 48.72±5.26 57.58±4.39 54.94±2.58 57.43±4.72 53.64±2.87 61.98±3.45

FD
ACC(%) 56.71±2.64 66.53±2.74 60.20±1.39 65.72±0.87 59.76±1.41 61.82±1.40 62.47±0.63 67.63±0.42

MF1(%) 56.47±3.17 66.27±4.34 60.05±2.01 65.46±1.14 59.51±2.28 61.60±2.51 62.24±0.98 67.17±0.37

IW
ACC(%) 29.63±5.51 30.65±4.81 60.41±2.27 32.64±2.45 50.15±3.37 51.05±1.07 59.59±1.79 64.71±1.51

MF1(%) 29.36±6.87 30.24±5.14 60.06±3.02 32.22±3.39 50.04±4.64 54.52±1.93 59.08±2.56 64.44±1.28

SAD
ACC(%) 95.66±1.12 96.83±0.36 98.03±0.85 97.53±0.12 98.40±0.17 98.70±1.32 97.19±0.53 98.45±0.07

MF1(%) 95.47±2.43 96.70±0.52 97.90±1.27 97.53±0.12 98.36±0.22 98.51±1.64 97.04±0.89 98.40±0.09

SRSCP1
ACC(%) 78.45±0.76 82.83±2.35 81.58±2.73 84.43±1.54 80.27±0.76 88.18±1.08 88.24±1.35 87.97±0.87

MF1(%) 78.18±0.83 82.66±2.63 81.31±3.15 83.88±1.75 80.04±0.83 88.04±1.42 87.60±1.88 87.89±1.01

Table 1: Quantitative Comparison of MTS Classification

Method Metrics Weather Electric ETTh1 Traffic

MSGNet MSE 0.250 0.191 0.454 0.430
AAAI’24 MAE 0.279 0.283 0.458 0.282

iTransformer MSE 0.254 0.175 0.446 0.428
ICLR’24 MAE 0.274 0.266 0.439 0.279

Ada-Hyper MSE 0.233 0.167 0.418 0.419
NeurIPS’24 MAE 0.259 0.259 0.426 0.267

HyperMixer MSE 0.228 0.165 0.424 0.405
AAAI’25 MAE 0.260 0.257 0.428 0.258

RHCL (Our) MSE 0.217 0.152 0.404 0.408
MAE 0.246 0.246 0.413 0.260

Table 2: Comparison of MTS Forecasting (Length 192)

ST (Du et al. 2025), MPTSNet (Mu, Shahzad, and Zhu
2025), SAGoG (Wang et al. 2025). Forecasting: MSGNet
(Cai et al. 2024), iTransformer (Liu et al. 2023), Ada-Hyper
(Shang et al. 2024), HyperMixer (Tian et al. 2025).

Implementation This study focuses exclusively on two
roles of MTS: synergy and inhibition. For pre-training,
the Role HGNN is utilized as the encoder. During fine-
tuning, the classifier or predictor is employed in down-
stream tasks. The classification performance of the models
is evaluated using the Accuracy (ACC) and Macro-F1 score
(MF1). Mean Squared Error (MSE) and Mean Absolute Er-
ror (MAE) are used for predictive performance.

Experimental Results
Classification Table 1 presents the quantitative classifica-
tion results. The RHCL achieves the best performance on six
out of eight datasets. Notably, RHCL demonstrates substan-

tial improvements on FM and IW, surpassing the best prior
results by 2.99% and 4.30% in accuracy, respectively. In the
remaining cases (SAD and SRSCP1), RHCL attains com-
petitive results. The superior performance of RHCL stems
from its ability to partition semantic roles when constructing
role hypergraphs, along with Role HGNN, enabling detailed
modeling of high-order sensor correlations.

Forecasting Table 2 reveals that RHCL outperforms all
compared baselines across four forecasting datasets. Besides
the inherent advantages of role hypergraphs, the superiority
can be attributed to the spatial structure variations captured
through role hypergraph structural contrasting. Moreover, it
benefits from the alignment of role complementary informa-
tion, capturing temporal continuity and consistency in MTS.

Ablation Study
Three categories of variants of the RHCL are created to eval-
uate core components: 1) Type: Replacing the Role HGNN
with a standard HGNN; 2) Role: Disabling either the syn-
ergy or inhibition roles within RHCL; and 3) Contrast: Re-
moving either the temporal or spatial contrast module.

The ablation results in Table 3 validate the effectiveness
of our design. Specifically, replacing the Role HGNN with
a standard HGNN results in a notable performance drop,
demonstrating the necessity of incorporating role differen-
tiation in sensor correlations. For roles, while the joint mod-
eling of both achieves the best performance (confirming
their complementary nature), inhibition-only outperforms
synergy-only, suggesting antagonistic relationships may en-
code more discriminative features. Regarding the contrast
mechanisms, the removal of the spatial or temporal contrast
module results in performance deterioration, emphasizing
the significance of capturing the spatial dependencies and
achieving temporal consistency based on the role structure.
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Type Role Contrast HAR ISRUC ETTh1

HGNN RHGNN Synergy Inhibit Spatial Temporal ACC (↑) MF1 (↑) ACC (↑) MF1 (↑) MSE (↓) MAE (↓)
✓ ✓ ✓ 90.68±0.75 90.13±0.78 80.25±0.30 79.76±0.36 0.458 0.462

✓ ✓ ✓ ✓ 91.80±0.34 91.08±0.36 82.86±0.15 82.16±0.23 0.429 0.437
✓ ✓ ✓ ✓ 92.45±0.40 91.97±0.54 83.29±0.36 82.85±0.40 0.432 0.436
✓ ✓ ✓ ✓ 94.14±0.17 93.92±0.24 85.04±0.24 85.00±0.31 0.409 0.419
✓ ✓ ✓ ✓ 93.59±0.13 92.89±0.21 84.55±0.31 84.39±0.34 0.420 0.429
✓ ✓ ✓ ✓ ✓ 95.14±0.09 94.85±0.12 85.96±0.15 85.16±0.19 0.404 0.413

Table 3: Ablation Studies on proposed RHCL

Datasets HAR ISRUC Weather Traffic
ACC (↑) ACC (↑) MSE (↓) MSE (↓)

TodyNet 91.75 76.37 / /
TodyNet+Role 92.34 77.03 / /

Ada-Hyper / / 0.233 0.419
Ada-Hyper+Role / / 0.220 0.410

RHCL w/o Role 90.68 80.25 0.262 0.435
RHCL 95.14 85.96 0.217 0.408

Table 4: Impact of Role Information on Conventional Model

Discussion
Can Role Information Improve Conventional Methods?
To test if role information can improve other (hyper)graph
methods, we incorporate the role information into baselines
(TodyNet and Ada-Hyper) by separately modeling synergy
and inhibition roles across four datasets. Results in Table
4 indicate that introducing role leads to modest improve-
ments over the original versions. However, a notable per-
formance gap remains compared to RHCL. This highlights
that naively modeling roles as separate structures fails to
capture overall role characteristics, underscoring the neces-
sity of modeling roles within a unified framework as RHCL.
Notably, while both graph and hypergraph methods benefit
from role information, the hypergraph-based baseline (Ada-
Hyper) achieves higher gains than the graph-based one. This
divergence aligns with the nature of role interactions, which
exhibit high-order cluster patterns among vertices. Thus, hy-
pergraphs prove more compatible with role structures.

Interpretability of Spatial Dependencies To intuitively
present the spatial dependencies captured by RHCL, we vi-
sualize the sensor correlations from a structural perspective
in the HAR dataset. As shown in Figure 3, the correlation
structure exhibits short-term stability across adjacent win-
dows, which is critical for robust learning (Jia et al. 2020).
As time progresses, the figure also reveals gradual structural
variations corresponding to state transitions. Specifically, the
patterns of synergistic and inhibitory sensor relationships
among sensors progressively adapt in alignment with under-
lying state transitions. Consequently, capturing such struc-
tural variations is essential for identifying state transitions in
tasks such as MTS classification. RHCL adapts to stable and
evolving interaction patterns, allowing it to remain sensitive
to nuanced contextual shifts while preserving robustness.
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Figure 3: Spatial Structural Dependency across Windows
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Figure 4: Comparison of Sensor-level Temporal Consistency

Interpretability of Temporal Consistency To investigate
sensor-level temporal dependency, we visualize the comple-
mentary role information for each sensor across windows
on SRSCP1 from a feature perspective. Figure 4 shows that
RHCL exhibits a more compact feature distribution for the
same sensor compared to baselines, indicating effective cap-
ture of sensor-level temporal consistency by aligning role in-
formation. Interpretively, the compactness of feature distri-
bution signifies that RHCL preserves the semantic stability
of each sensor across temporal contexts, whereas baselines
produce scattered or drifting representations that undermine
temporal integrity. This property is critical in MTS analysis,
as the overall robustness of representations fundamentally
relies on the stability of each sensor (Queen et al. 2023; Li
et al. 2023). Ensuring sensor-level temporal consistency is
essential for robust learning in downstream tasks.

Conclusion
In this paper, we introduce a generalized hypergraph struc-
ture, enabling precise modeling of sensor correlations.
Building on this structure, we propose RHCL for MTS anal-
ysis. This approach captures spatial short-term consistency
and long-term evolution through role hypergraph structural
contrasting. Moreover, aligning complementary role infor-
mation ensures temporal consistency. Experiments demon-
strate the effectiveness and interpretability of RHCL.
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