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® 2 approaches to learn from irregular data: L=nLcr + (1 — 77)£Reco MTAND
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o Discretization followed by interpolation
o Explicitly model irregularity - Neural ODE, Set, PrimeNet
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e Fixing the bin size is problematic: 5 Ablation
o Narrow bins: high missing %, sequence explodes ® Time-Embedding Layer (Shukla 21)
o Wide bins - data aggregation, lose of LTV — wor-T + app, if 2 =0 _Ablations on PrimeNet with classification on
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® Ignores irregularity pattern that may be usefulto e Time-Feature Attention (TFA) (Shukla 21) WO_pretrain

TimeCL
end task, harming performance TFA(Qr, K7, M, X) = (M ® A7)X, 06 oo™ o TimeReco
e Neural ODE, Set, Time Attention take sampling A1 = softmax(QrKr/d,) W PrimeNet
time as input and explicitly encode irregularity e Feature-Feature Attention (FFA) (Vaswani 17) e
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e Self-supervised models need regular intervals. / cl':)l:elr, ~~~~~ pthe Interpolation
e Irregular models are fully- or semi-supervised. - X . mepeson__
® Goal: Learn fully self-supervised representation away |~<ensn \ i

from unlabeled irregular multivariate time series? ‘=/>gnchor X, Xy ® Pre-trained model for irregular time series
® Two self-supervision tasks for irregular series: .k - ! e 2 time-sensitive self-supervision tasks:

o0 Contrastive Learning In-bai(clx ,. 4 o TimeCL: preserve original sampling density

o Masked Reconstruction negative - while augmenting irregular samples

o TimeReco: adjust mask length based on
sampling density to solve reconstruction
® Pre-trained model fine-tuned on labeled data

® Beats SOTA on Healthcare,
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