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The Traditional Paradigm: One Model per Dataset

Learn fθ1 on aggregated load curves

Learn fθ2 on heartbeat electrical activity

Learn fθ3 on road occupancies

Learn fθ4 on solar power generation
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A New Paradigm with Foundation Models: Joint Training on Multiple Datasets

Learn a single model fθ on a collection of training datasets
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Generalization at Inference

At inference time, we aim for two generalizations:

(i) In-Domain: perform well for new time series from the training datasets (D ⊂ Dtrain).

(ii) Out-of-Domain (OOD): perform well for entirely new datasets not seen during training

(Dnew ̸⊂ Dtrain) (in a 0-shot manner).
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Extensively Studied in Forecasting, Limited in Imputation

Foundation models for forecasting

• Moirai [9], TimesFM [4], Chronos [1], ...

Foundation models for imputation are less explored

• NuwaTS [3], Moment [6]

• Learning jointly from multiple TS datasets presents several challenges, incl.: (i) varying

sampling rates, (ii) unaligned timestamps
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Introducing MoTM

• We propose MoTM (Mixture of TimeFlow Models), a mixture of continuous neural

representations (implicit neural representations) designed as a foundation model for time

series imputation.

Method
Handles Various Supports Multiple Performs

Missing Patterns Sampling Rates OOD Inference

BRITS [2], SAITS [5] ✓ ✗ ✗

NuwaTS [3], MOMENT [6] ✓ ✗ ✓

TimeFlow [7], ImputeINR [8] ✓ ✓ ✗

MoTM (Ours) ✓ ✓ ✓
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Vanilla Implicit Neural Representations (INRs)

• Vanilla INRs are designed to fit a single instance
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How to Deal with Datasets? → Generalizable INRs

• TimeFlow [7] is a generalizable implicit neural representation that rapidly adapts to new time series
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MoTM Training: Pretraining a Basis of TimeFlow Models on Each Dataset in

Dtrain
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MoTM Inference: (i) Adapt, (ii) Orchestrate and (iii) Predict

Let us consider a new

(incomplete) time series xnew

(i) Adapt TimeFlows in the basis : retrieve

fθ1,Ψnew
1

, fθ2,Ψnew
2

based on the observed

context

(ii) Orchestrate the TimeFlow’s together: fit a

ridge regressor on top of the extracted

representations

(iii) Predict for unobserved timestamps
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Training and In Domain Results

• MoTM was pretrained on three datasets: Electricity, Solar, and Spanish W-T.

• Evaluation of MoTM and baseline models across four imputation scenarios.
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Out of Domain Results
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Visual results on OoD datasets

OoD SpanishE dataset. Pointwise MoTM imputation on four one-day missing blocks.
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Visual results on OoD datasets

OoD Hog dataset. Quantiles MoTM imputations on four one-day missing blocks.
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Conclusion

• Proposed a flexible zero-shot imputation model

• Mixture approach yields consistent performance gains

• Out-of-domain performance comparable to the best supervised model, with major

savings in time and data requirements

• Open question: how to best construct the MoTM training basis

• Potential improvements: stronger orchestrator/regressor
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