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Abstract—TIrregular multivariate time series (IMTS) are ubiq-
uitous in clinical settings, where observations are asynchronously
recorded at non-uniform intervals across variables. Most exist-
ing methods mitigate temporal irregularity through resampling,
interpolation, or alignment, implicitly treating sampling density
as a nuisance rather than an informative signal. However, in
clinical practice, measurement frequency itself reflects patient
state, giving rise to alternating dense and sparse sampling regimes
along the timeline. In this paper, we propose TD-Hyper, a density-
conditioned hypergraph framework that treats sampling density
as a first-class structural variable governing both temporal neigh-
borhood construction and information propagation. TD-Hyper
models asynchronous observations with soft adaptive temporal
hyperedges and introduces a density-gated dual-mode message
passing mechanism to differentiate dense and sparse sampling
regimes without resampling or explicit temporal alignment.
Experiments on multiple clinical IMTS benchmarks demonstrate
that TD-Hyper consistently outperforms strong baselines while
maintaining a moderate computational footprint.

Index Terms—Irregular Multivariate Time Series, Time-
Density, Density-Aware Hypergraph, Soft Temporal Hyperedges,
Clinical Time Series

I. INTRODUCTION

With the rapid digitalization of healthcare systems, large-
scale clinical time series play an important role in tasks such
as early warning, risk stratification, and outcome prediction.
In practice, these data are typically collected as irregular
multivariate time series (IMTS), where observations occur
at non-uniform time intervals and different variables are
measured asynchronously. This dual irregularity challenges
conventional temporal models that assume regularly sampled
and temporally aligned inputs. Existing approaches address
irregularity through resampling, interpolation, discretization,
or continuous-time attention mechanisms. Although these
methods mitigate temporal misalignment, they generally treat
irregularity—especially sampling density—as a nuisance to be
compensated for, aiming to reconstruct a latent regular timeline
or suppress artifacts caused by non-uniform sampling.

However, in clinical practice, sampling density is rarely
random. Measurement frequency is often driven by patient
condition: unstable states trigger dense monitoring, while
stable periods are sparsely observed. Consequently, sampling
density encodes meaningful signals about physiological dy-
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namics and clinical decision processes, and induces heteroge-
neous information regimes. Dense regions provide abundant
but potentially redundant temporal evidence, where excessive
aggregation may lead to oversmoothing, whereas sparse re-
gions suffer from weak temporal support and require stronger
cross-variable corroboration. Treating these regimes uniformly
may therefore result in suboptimal temporal representations.

Motivated by this observation, we propose TD-Hyper, a
time-density guided hypergraph learning framework for
clinical IMTS. Instead of enforcing hard temporal align-
ment, TD-Hyper represents each observation as a node and
constructs a density-aware hypergraph with two complemen-
tary structures: (i) variable hyperedges capturing within-
variable temporal continuity, and (ii) soft temporal hyper-
edges that form overlapping temporal neighborhoods across
asynchronous observations, enabling continuous temporal ag-
gregation without resampling. TD-Hyper further treats sam-
pling density as a first-class structural signal: local density
parameterizes both the memberships and the importance of
temporal hyperedges, allowing aggregation scopes to adapt to
heterogeneous sampling regimes. To account for the asymmet-
ric information conditions between dense and sparse regions,
we additionally introduce a density-gated dual-mode message
passing mechanism, which balances time-centric aggregation
in dense regions with enhanced cross-variable reasoning in
sparse regions.

Our main contributions are summarized as follows:

e We reconceptualize sampling density in IMTS as a
structural signal that defines heterogeneous information
regimes rather than a nuisance factor.

o We propose soft adaptive temporal hyperedges for con-
tinuous and uncertainty-aware temporal aggregation over
irregular and asynchronous observations.

o We introduce density-aware temporal hyperedge param-
eterization that embeds local sampling density into the
hypergraph structure.

e We design a density-gated dual-mode message passing
strategy to balance temporal and cross-variable informa-
tion propagation under heterogeneous sampling regimes.



II. RELATED WORK

A. Irregular Multivariate Time Series Modeling

Existing research on irregular multivariate time series
(IMTS) focuses on tasks such as classification [1]-[3], in-
terpolation [1], and forecasting [4], [5]. From a modeling
perspective, existing approaches can be broadly categorized
into resampling-based methods and raw-time methods.

Resampling-based approaches normalize irregular observa-
tions onto a uniform grid through interpolation or kernel-based
aggregation [6], [7]. While effective, these operations may
smooth or distort the original sampling patterns and weaken
the density information inherent in raw sequences.

Raw-time methods instead operate directly on irregular
observations. Representative approaches include RNN variants
designed for uneven time gaps [8], attention models with
continuous-time embeddings [1], [3], and neural ODE-based
frameworks for modeling continuous dynamics [9]. To further
capture cross-variable dependencies, recent studies incorporate
attention mechanisms [10] or graph-based structures [4], [5],
[11]. Despite strong empirical performance, most existing
IMTS models treat sampling density mainly as an artifact
reflected by time gaps or missing values, rather than an
explicit structural signal governing temporal aggregation and
information propagation.

III. PROBLEM DEFINITION

Let D = {(S;,v:)}Y, denote an irregular multivariate time
series (IMTS) dataset for classification, where y;, € Y =
{1,...,C}. Each sample is a set of timestamped observations
S, = {(tij,zij,uij)}ﬁ’il, where ¢;; € R, is the timestamp,
zi; € R the observed value, and u;; € {1,...,U} the
variable index. IMTS are irregular (non-uniform time gaps)
and asynchronous (variables have distinct timestamp sets).
The goal is to learn a classifier Fjp that predicts ¢; =
arg max.cy (softmax(Fy(S;))) .

c

IV. METHODOLOGY

We now present TD-Hyper, a time-density guided hy-
pergraph framework for clinical IMTS that elevates sam-
pling density to a structural signal governing both tempo-
ral neighborhood construction and information propagation.
Sec. IV-A formalizes the density-aware hypergraph represen-
tation and its basic components. Sec. IV-B introduces soft
temporal hyperedges that replace hard binary time windows
with graded, overlapping temporal neighborhoods, enabling
continuous temporal aggregation over irregular time axes, as
illustrated in Fig. 1(a). Sec. IV-C then defines a normalized
time-density signal p(¢) that conditions temporal neighbor-
hood scale and strength, inducing adaptive kernel bandwidths
under heterogeneous sampling patterns. Sec. [V-D details how
this density signal further shapes hyperedge weighting and
updating, embedding sampling density directly into the struc-
tural learning process. Finally, Sec. IV-E presents a density-
gated message passing mechanism that conditions information
routing on local sampling density, as illustrated in Fig. 1(b).

A. Density-Aware Hypergraph for IMTS

Instead of relying on padding or patch-based discretiza-
tion, TD-Hyper reframes irregular observations as nodes in
a density-aware hypergraph, preserving intrinsic sampling-
density cues while enabling structured and efficient repre-
sentation learning. As illustrated in Fig. 1, for each IMTS
sample S; = {(ti;, zij, uij)}?iil, we construct a density-aware
hypergraph G; := (Vi,&-,Wi), where the observation set
Vi = {v; | j = 1,...,M;} forms the node space and
is connected by two complementary families of hyperedges:
temporal hyperedges £!™¢, which encode local temporal
structure, and variable hyperedges £*", which capture within-
variable dependencies.

a) Variable hyperedges: TD-Hyper groups observations
associated with the same variable into a variable hyperedge e,,,
which serves as a structural carrier of within-variable depen-
dencies across irregular time. Formally, variable hyperedges
are encoded through a binary incidence relation:

(H ) = {

1, Vj € €y,

U a
07 Uy ¢ Cus ( )

u=1,...

where HY € {0,1}M:*V denotes the variable-incidence
matrix.

b) Soft temporal hyperedges: Each observed timestamp
7¢ anchors a temporal hyperedge e; that induces a local tem-
poral context by connecting nearby observations with graded
memberships. Formally, the soft temporal incidence is defined
as

(HT);, € [0,1], )

where multiple nonzero entries in each row allow an observa-
tion v; to participate in several overlapping temporal hyper-
edges with different strengths. Unlike hard binary incidence
relations, this construction yields continuous and uncertainty-
aware temporal neighborhoods, which form the structural
substrate for density-conditioned temporal aggregation. The
detailed construction is described in Sec. IV-B.

¢) Embedding initialization.: Observation nodes are ini-
tialized from raw values Z; through a shallow nonlinear
projection, yielding initial node representations

V; = ReLU(FFop5(Z;)) € RMi>*Fovs, 3)

Temporal hyperedges are endowed with both positional
and density-aware embeddings. Specifically, each temporal
hyperedge is encoded using a sinusoidal time representation
(after a linear projection) to capture its temporal location,
concatenated with a learned density embedding that encodes
local sampling regimes:

B = [ sin(FRuna(r.) | FF(p,)] € R Ponei )
“4)
Variable hyperedges are initialized as learnable embeddings,
allowing the model to capture latent variable-specific factors:

E/* = ReLU(W,,,) € RU*Prar, 5)
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Fig. 1. The architecture of TD-Hyper. It first converts the input IMTS sample into a valid hypergraph representation. (a) The Gaussian kernel density is
calculated by computing the local variance of each observation point, which is used to update the hyperedge weights and generate soft temporal hyperedges.
(b) Hyperedge embeddings and node embeddings are updated through Dual-mode message passing.

B. Soft Temporal Hyperedges

To model temporal neighborhoods under irregular sam-
pling, TD-Hyper replaces binary temporal incidence with soft
temporal hyperedges that provide continuous, distance-aware
memberships.

Given 5;, let observed timestamps serve as anchors T; =
{71,...,7r,}. For each 7 € T;, we define a temporal hyper-
edge with Gaussian-decayed memberships:

I (G.r) = e = 3(325)") Mty — 7l < A),

M; ~
Y HI(G,7) =1,
j=1

(6)

This yields a soft temporal incidence matrix IjIzT € [0, 1]MixT:

with column-wise normalization.

Each node can participate in multiple hyperedges with
different strengths, inducing overlapping temporal neighbor-
hoods. A temporal hyperedge anchored at 7 performs local
aggregation:

M;
h, =Y H(j,7)X;. (7)
j=1
The bandwidth o;(7) controls neighborhood locality, while
normalization ensures stable and comparable aggregation
across anchors.

C. Density-Aware Parameterization of Temporal Hyperedges

While soft temporal hyperedges define continuous tempo-
ral neighborhoods, they do not account for heterogeneous

sampling density. TD-Hyper addresses this by introducing a
density signal to parameterize both temporal memberships and
hyperedge strengths.

For each anchor 7, we estimate local density by com-
bining sampling rate and value variability within a window
[T — A, T+A:

| M
ri(T) = E;H(\tzj -7 <A))

si(1) = Var({Z; :

®
ti; — 7l < Ap})

pi(1) = (L= a,) ri(T) + ap B 5i(7), ©)

We normalize p;(7) and map it to a density-dependent
bandwidth:

_ pi(T) — ming pi(7’)

Pi (T) = (! B (! ’
max, p;(7") — min. p;(7') + €

ox (T) = Omin + (Umax - Umin) (1 - ﬁz(T))

(10)

Thus, dense regions yield smaller bandwidths, while sparse
regions induce wider temporal neighborhoods. In addition,
temporal hyperedge weights are defined as

(time)

w™ (1) = pi(r), WT = diag({w"™(7)}).

K3

(1)

Hence, density jointly controls membership sharpness (via
0;(7)) and aggregation strength (via wgtlme) (7).



D. Hyperedge Update

After initializing node, temporal-hyperedge, and variable-
hyperedge embeddings, TD-Hyper updates hyperedges via
attention-based message passing. For temporal hyperedges,
queries are instantiated from the current temporal-hyperedge
embeddings, while keys and values are formed by con-
catenating observation-node features with variable-hyperedge
embeddings. A logarithmic bias derived from the column-
normalized soft temporal incidence encodes the local temporal
neighborhood structure and is added to the attention logits.

Formally, multi-head attention is applied to update temporal
hyperedges, followed by a residual connection and a feed-
forward projection:

E("® = E"™) 4 ReLU(FFO(O(™))).  (12)

Variable hyperedges are updated analogously, with queries
drawn from variable-hyperedge embeddings and keys and val-
ues formed by concatenating observation-node features with
the updated temporal-hyperedge embeddings. The correspond-
ing structural prior is provided by the variable—observation
incidence matrix, which biases attention toward valid mem-
berships.

E. Dual-Mode Message Passing

TD-Hyper employs a density-gated dual-mode message
passing mechanism to adapt aggregation under heterogeneous
sampling patterns.

For each node at time ?,,, a density-dependent gate is defined
as

gn = U(appi(tn))7 (13)

which balances contributions from temporal and variable hy-
peredges.

Temporal and variable messages are first aggregated from
their respective hyperedges, and then fused with the node
representation via gated integration:

XD = (XO 4 ReLU (Wi 0O TONTO)) ) & m.
(14
Here, g,, adaptively controls the relative influence of tem-
poral versus variable information, enabling density-dependent
routing of message passing.

V. EXPERIMENT

A. Experimental Setting

1) DATASETS: Five widely studied medical IMTS datasets
are used in the experiments, namely P19 [12], PhysioNet
[13], MIMIC-1V [14] , MIMIC-III [15] and P12 [16] where
PhysioNet is a reduced version of P12 considered by prior
work [1].

2) BASELINES: We compare our approach with state-of-
the-art methods for irregular time series, including HyperIMTS
[17], HI-Patch [18], GRU-D [8], mTAN [1], SeFT [3], GraFITi
[4], Raindrop [19], tPatchGNN [5], Warpformer [2]. In addi-
tion, we compare our approach with state-of-the-art methods
for regular time series, namely MICN [20], Ada_MSHyper

[21], TiDE [22], TimeMixer [23]. The baselines are im-
plemented using the official codebases whenever available.
We follow the recommended hyperparameter settings in the
original papers and further tune key hyperparameters on the
validation sets to ensure fair comparison.

3) EVALUATION SETUP: For the classification task, we
follow the method described in Harutyunyan et al. [24] and
divide the dataset into three parts for training, validation, and
testing with the ratio of 70%,15%,15% on the MIMIC-III
and MIMIC-IV datasets. For the remaining three datasets, we
adhered to Zhang et al’s approaches [19], and the ratio of
training, validation, and testing set is 8:1:1. We measure the
classification performance with the Area Under the Receiver
Operating Characteristic Curve (AUROC) and Area Under the
Precision-Recall Curve (AUPRC) since all the five datasets
are binary classification datasets with highly imbalanced class
distribution.

B. Implementation Details

We adopt the Adam optimizer with an initial learning rate
of 0.001. We apply early stopping and terminate training if the
validation loss does not improve for 10 consecutive epochs. All
experiments are conducted using five random seeds, and the
results are reported as the mean and standard deviation across
these runs. The models are implemented using the PyTorch
library and trained on a single GeForce RTX-4090 24GB GPU.

C. Main Results

Table I summarizes the classification performance across
the five benchmark datasets; the best scores are shown in
bold and the second-best are underlined. TD-Hyper achieves
the strongest overall results, attaining the top AUROC on
every dataset and either the best or a very close second-
best AUPRC. Compared to the HyperIMTS model, which
constructs a hypergraph for the entire irregular sequence, TD-
Hyper demonstrates significant performance improvements by
learning the raw density information in the sequence through
density-aware hyperedges. TD-Hyper also demonstrates sig-
nificant improvement over TimeMixer, a strong regular-time-
series model. In addition, we observe that some models for
regular time series outperform some IMTS models, which also
reflects the necessity of comprehensive evaluation of regular
and irregular time series models.

D. Ablation Study

We evaluate TD-Hyper and three ablated variants on the
P19 and P12 datasets: (i) w/o STE — soft temporal hy-
peredges are disabled and temporal memberships become
hard/binary; (ii) w/o DATH — density-aware hyperedge coef-
ficients are removed and replaced with uniform weights, thus
ignoring raw sampling-density cues; and (iii) w/o DMP —
the Dual-mode message passing is disabled and replaced by a
single shared propagation operator. The results are summarized
in Table II.



TABLE I
METHOD BENCHMARKING ON IMTS CLASSIFICATION. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, AND THE SECOND-BEST RESULTS ARE
UNDERLINED. THE RESULTS ARE IN THE FORM OF (MEAN =+ STD %).

Category | Methods | P19 | PhysioNet | MIMIC-IIT | P12 | MIMIC-1V
| | AUROC ~ AUPRC | AUROC ~ AUPRC | AUROC  AUPRC | AUROC  AUPRC | AUROC  AUPRC
HyperIMTS 922+ 04 662 +09 | 833+1.6 512+18 | 827+10 472+18 | 83+03 496+14 | 829+ 1.1 475 £ 1.7
HI-Patch 922+05 609+24 | 83+£1.1 495+£16 | 829+07 47.1+10 | 862+06 51.6+ 15| 831+£08 473+ 1.1
fﬂ GRU-D 90.8 08 633 +12 | 786 +£24 414+£23 | 762+04 37.14+£07 | 83.0+10 415+£07 | 759+£05 368 £0.8
= mTAN 80.7 £ 1.1 260+22 | 802+ 1.6 444 +27 | 75417 376+22 | 84113 477+£27 | 756+ 1.6 370+ 2.1
Q SeFT 854+ 1.1 599+ 1.1 | 639+22 227+29 | 685+1.1 249+06 | 674+15 202+12 | 68.0+12 251+07
S GraFITi 917+ 10 636+10 | 803 +3.6 475+22 | 8384+03 490+0.7 | 8.6+04 50109 | 83.6+04 4924 0.6
— Raindrop 89.1 £05 6234+04 | 780+22 384+36 | 76605 381+£08 | 822+05 427411 | 763+06 384+09
tPatchGNN 884 +£05 597+ 14 | 750+43 35767 -—= -—= 807 £19 421 +34 | 754+05 371+£10
Warpformer 922+ 06 60.1 =14 | 842+ 1.6 495 +4.1 833+ 10 484+23 | 859+05 51.0+15 | 8.1=£1.1 48.6 +£ 2.2
% MICN 829+ 05 460+32 | 600+19 202+23 | 693+£06 315+£08 | 712+£19 296421 | 696+07 31.2+09
8 Ada_MSHyper | 81.1 =13 369 +21 | 672 £26 253+£34 | 705+10 271 +15 | 743+09 283+10 | 702+£1.1 275+14
9 TiDE 856+ 15 504+£49 | 769 +17 334+15 | 76.7+£06 3554+0.7 | 794+£08 402+16 | 769 +0.7 353 £038
~ TimeMixer 875+0.7 540+06 | 767 +22 346+47 | 771 £08 380+£18 | 826+08 418+ 14 | 768 +09 382+ 17
‘ TD-Hyper ‘ 93.3 £02 65.1+12 ‘ 848 £ 1.5 514 + 2.6 ‘ 84.6 £ 0.8 50.7 + 1.5 ‘ 86.6 £ 0.2 497+ 14 ‘ 847 £ 0.7 51.0 + 14
TABLE 11 P19 P12

ABLATION RESULTS OF TD-HYPER ON TWO DATASETS. THE RESULTS
ARE PRESENTED IN THE FORM OF (MEAN =+ STD).

Methods ‘ P19 ‘ P12

\ AUROC AUPRC \ AUROC AUPRC
TD-Hyper \ 933 + 0.2 65.1 + 1.2 \ 86.6 + 0.2 49.7 + 14
w/o STE 928 0.8 649 £ 1.1 | 86.1 =02 49.1 £ 1.1
w/o DATH | 92.8 £ 04 646 +0.3 | 86.2 =05 487 £2.5
w/o DMP 93.0 204 650+£05 | 8.0+ 0.6 484 +24
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Fig. 2. Sampling-density profiles of representative validation samples from the
P12 dataset. The curves show the normalized local sampling density p; (t) over
time, highlighting substantial temporal variation in measurement frequency
across patients and within individual trajectories.

E. Effect of Density

Fig. 2 visualizes the temporal evolution of sampling density
for representative IMTS samples. We observe pronounced
heterogeneity both across subjects and within individual tra-
jectories, with dense bursts interleaved with sparsely sampled
periods. This variability reflects realistic clinical monitoring
patterns and supports our motivation to explicitly model sam-
pling density as a structural signal rather than treating it as
noise.

Fig. 3 examines the sensitivity of TD-Hyper to the local
temporal window size A. We observe a clear interior optimum
on both datasets: overly small windows under-aggregate cross-
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Fig. 3. Effect of the local temporal window size A on model performance.
The figure reports AUROC as a function of A on the P12 and P19 datasets,
illustrating the sensitivity of TD-Hyper to the temporal aggregation scope.

variable context, while overly large windows dilute temporally
local patterns.
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Fig. 4. Hard versus soft temporal hyperedges. Hard windows induce abrupt
neighborhood changes: observations with negligible temporal differences may
be either fully connected or completely disconnected depending on window
boundaries. In contrast, soft temporal hyperedges assign graded memberships
that decay smoothly with temporal distance, allowing overlapping temporal
neighborhoods and avoiding discontinuous structural shifts.

As illustrated in Fig. 4, hard temporal windows enforce
binary memberships based on exact or discretized timestamps,
which can introduce abrupt boundary effects under irregular
sampling. In contrast, the proposed soft adaptive tempo-
ral memberships assign continuous, distance-based weights
within a local window, allowing temporally adjacent but
asynchronous observations to contribute proportionally. This
design preserves temporal uncertainty while facilitating cross-
variable aggregation without resampling.
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F. Computational Complexity

Let M denote the number of observations, 7' the number of
temporal hyperedges (timestamps), and d the embedding di-
mension. TD-Hyper performs attention-based message passing
only within density-adaptive local temporal neighborhoods.
Assuming a bounded average neighborhood size w, the per-
layer complexity is O(T - w -d+ M - d).

which scales linearly with the number of irregular observa-
tions. Therefore, TD-Hyper avoids the O(M?) global attention
cost and remains scalable for long and irregular clinical time
series, consistent with the empirical efficiency results in Fig. 5.

VI. CONCLUSION

This paper introduced TD-Hyper, a density-conditioned hy-
pergraph framework for irregular multivariate time series that
treats sampling density as a first-class structural signal rather
than a byproduct of irregularity. Experiments on multiple clini-
cal benchmarks demonstrate consistent performance improve-
ments with moderate computational cost. Despite its advan-
tages, TD-Hyper introduces additional modeling complexity
and relies on a handcrafted density formulation, which may
limit scalability in extremely long or ultra-dense sequences or
in domains where sampling density is weakly correlated with
information reliability. Future work will explore more scalable
hypergraph constructions, learning-based density representa-
tions, and extensions of the density-conditioned paradigm to
other irregular domains and tasks.
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