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Motivations

Why Irregular Time Series?
▶ In many domains, observations are often recorded at irregular intervals [5, 6, 2]

⋆ Healthcare(medical interventions), finance(non-periodic transactions), sensor failures, etc.

▶ In multivariate time series,
⋆ Observations across variables may not be aligned.
⋆ The number of observations in each variable can differ.

▶ These irregularities hinder the capture of intrinsic patterns.
⇒ Standard deep learning models often perform poorly in classification tasks [7].
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Proposed Method

Main Contributions
▶ Designing a novel interpolation-based encoder-classifier framework that learns effective
representations for irregular multivariate time-series classification

▶ Directly learning optimal reference points to capture underlying patterns within time series
▶ Incorporating temporal and intervariable consistency regularization terms to explicitly
consider intricate temporal dynamics and relationships across variables

▶ Achieving state-of-the-art performance with high computational efficiency
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Proposed Method
Learnable Reference Time Points

▶ Learning a globally shared set of reference points, which are not fixed but jointly optimized
with model parameters to capture task-relevant temporal structures across training data

⋆ These reference points serve as soft anchors that reflect representative temporal patterns, such
as common event timings, even when sequences are irregular or misaligned.

▶ While the reference points are shared, the attention-based interpolation is computed
individually for each sample.

Adaptive alignment of irregular time series to shared temporal structures for robust and
efficient representation learning
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Proposed Method
Learnable time embedding function:

𝜙h (tv 𝜏) [ℓ] =
{
whℓ · tv 𝜏 + bhℓ , if ℓ = 1

sin(whℓ · tv 𝜏 + bhℓ ) otherwise

Attention mechanism:

𝜅h (rk , tv 𝜏) =
e𝜙h (rk )𝜙h (tv 𝜏 )⊤/

√
𝜖∑Tv

𝜏′ e𝜙h (rk )𝜙h (tv 𝜏′ )⊤/
√
𝜖

Univariate time function:

𝜓hv (rk ,Xv ) =
Tv∑︁
𝜏=1

𝜅h (rk , tv 𝜏) · xv 𝜏

Linear combination:

zk [v ′] =
H∑︁
h=1

V∑︁
v=1

𝜓hv (rk ,X) ·Whvv ′

Following these procedures for all reference points in parallel, we obtain the final representation:

z = {z1, · · · , zK } for X.
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Proposed Method
Temporal Consistency Regularization

Random masking-based temporal contrastive loss for capturing intricate temporal patterns

Instance-wise contrastive loss function:

LTCIn = − 1

K

K∑︁
k=1

log
eznk ·z ′nk∑B

b=1

(
eznk ·z ′bk + 𝟙[n≠b]eznk ·zbk

)
Point-wise contrastive loss function:

LTCPn = − 1

K

K∑︁
k=1

log
eznk ·z ′nk∑K

k ′=1

(
eznk ·z ′nk′ + 𝟙[k≠k′ ]eznk ·znk′

)
Temporal consistency regularization:

LTCn =
1

2

(
LTCIn + LTCPn

)
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Proposed Method
Intervariable Consistency Regularization

Efficient preservation of cross-variable dependencies via outer product

Two outer product matrices:
Pn = ⌈𝜎(xnx⊤

n )⌋, Qn = 𝜎(znz⊤
n )

Intervariable consistency regularization:

LVCn =
∑︁

(pij ,qij ) ∈ (Pn ,Qn )
pij log qij + (1 − pij ) log(1 − qij )
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Proposed Method
Optimization

L =
1

N

N∑︁
n=1

(
LCLn + 𝛼LTCn + 𝛽LVCn

)
▶ LCL: Classification loss (cross-entropy loss)
▶ LTC : Temporal consistency regularization
▶ LVC : Intervariable consistency regularization

⋆ 𝛼 and 𝛽 control the temporal and intervariable regularization.
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Experiments
Classification Performance

▶ How well does ATENet perform compared to existing methods on irregular multivariate
time-series classification?

Robustness to Missing Variables
▶ Can ATENet maintain stable performance even when some variables are missing?
▶ Does intervariable consistency help capture structural relationships under missingness?
▶ The results on robustness to missing observations, which demonstrate the effectiveness of
capturing temporal patterns via temporal consistency, are provided in the manuscript.

Computational Efficiency
▶ Is ATENet more computationally efficient than baselines that rely on graph neural networks
or complex attention mechanisms?

▶ How do its parameter size and processing time compare?

Ablation Studies
▶ How much does each key component contribute to ATENet’s overall performance?

⋆ What is the effect of the learnable reference time points?
⋆ How does temporal consistency regularization affect temporal stability?
⋆ How does intervariable consistency regularization enhance robustness?
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Experimental Settings

Datasets
▶ P12-M (In-hospital mortality) [3], P12-L (Hospitalization length) [3]
▶ P19 (Occurrence of sepsis) [9]
▶ PAM (Human activity recognition) [8]

Evaluation metrics
▶ AUROC: Area under the receiver operating characteristic curve
▶ AUPRC: Area under the precision-recall curve

Baselines
▶ mTAND [10], DGM2 [12], GRU-D [1], MTGNN [13], Transformer [11], Trans-mean, SeFT
[4], Raindrop [15], Warpformer [14], and MTSformer [16]

* We repeated each experiment five times and reported the averages and standard deviations.

* Further details and results of our experiments are provided in the manuscript.
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Experimental Results

Classification Performance
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Experimental Results

Robustness to Missing Variables
▶ Leave-fixed-sensors-out: The most informative variables determined by information gain
analysis are dropped. The dropped variables are fixed across every sample.

▶ Leave-random-sensors-out: Missing variables are not fixed but are selected randomly from
each sample.
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Experimental Results

Computational Efficiency
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Experimental Results
Ablation Studies

▶ Fixed reference point vs. Learnable reference points
▶ w/o Temporal consistency regularization
▶ w/o Intervariable consistency regularization
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Conclusion

ATENet: Adaptive Time Encoding Network
▶ A novel end-to-end framework designed to enhance classification performance on irregular
multivariate time series by learning their effective representations

⋆ Directly learning reference time points and generating representations at these reference points
→ Successfully capturing missingness patterns without information loss caused by disregarding
uneven time intervals
→ Finding optimal reference points without the need for an expensive tuning process

⋆ Introducing temporal and intervariable consistency regularization terms
→ Ensuring the enrichment of temporal information
→ Efficiently reflecting intervariable relationships

▶ Achieving state-of-the-art performance with high computational efficiency
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