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Motivations
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The Traditional Paradigm: One Model per Dataset

Learn fp, on aggregated load curves Learn fg, on road occupancies

Learn fg, on heartbeat electrical activity Learn fg, on solar power generation
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Motivations
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A New Paradigm with Foundation Models: Joint Training on Multiple Datasets

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

Train Inference

At inference time, we aim for two generalizations:
(i) In-Domain: perform well for new time series from the training datasets (D C Dyyain).

(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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Motivations
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Extensively Studied in Forecasting, Limited in Imputation

Foundation models for forecasting
e Moirai [9], TimesFM [4], Chronos [1], ...

Foundation models for imputation are less explored
e NuwaTs [3], Moment [6]

e Learning jointly from multiple TS datasets presents several challenges, incl.: (i) varying
sampling rates, (ii) unaligned timestamps
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Motivations
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Introducing MoTM

e 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] v X X
NuwaTS [3], MOMENT [6] 4 X v
TimeFlow [7], ImputeINR [8] v v X
MoTM (Ours) v v/ v/
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MoTM:
Mixture of TimeFlow Models




MoTM:,Mixture of TimeFlow Models
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Vanilla Implicit Neural Representations (INRs)

. TeR g

ONTNTZ |

| OO0
OSGee OGO
P = AN
AR

[ e Vanilla INRs are designed to fit a single instance ]
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MoTM:,Mixture of TimeFlow Models
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How to Deal with Datasets? — Generalizable INRs
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[ e TimeFlow [7] is a generalizable implicit neural representation that rapidly adapts to new time series ]
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MoTM:,Mixture of TimeFlow Models
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MoTM Training: Pretraining a Basis of TimeFlow Models on Each Dataset in
Dtrain
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Learn TimeFlow 1 Learn TimeFlow 2
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MoTM:,Mixture of TimeFlow Models
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MoTM Inference: (i) Adapt, (ii) Orchestrate and (iii) Predict

Let us consider a new

(incomplete) time series Xpew

(i) Adapt TimeFlows in the basis : retrieve
Jo, wyew, fo, wyew based on the observed
context

(i) Orchestrate the TimeFlow's together: fit a
ridge regressor on top of the extracted
representations

(i) Predict for unobserved timestamps

X X X

[Extract Adapted TimeFlow Basis|  [Retrieve the Ridge Orchestrator |

RY 0]
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Experiments
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Training and In Domain Results

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

e Evaluation of MoTM and baseline models across four imputation scenarios.

| Zero-shot | Supervised ‘ Statistical
|MoTM MOMENT | TimeFlow BRITS SAITS |Linear Repeat
MoTM In-Domain

Point 1| 0.196 0.861 0.274 0.324 0211 | 0.306 0.334

Electricity Foit 2| 0.229 0.863 0.322 0.465 0.258 | 0.435  0.357
Y Block 1| 0.257 0.478 0.291 0522 0296 | 1.025 0.312

Block 2| 0.259 0.538 0.298 0465 0292 | 1.027 0.313

Point 1| 0.083 0.857 0.085 0.072  0.077 | 0.086 0.265

Solar Point 2| 0.092 0.858 0.097 0.083  0.130 | 0.055 0.281
Block 1| 0.253 0.755 0.257 0.308  0.361 | 0.883 0.244

Block 2| 0.256 0.781 0.258 0.314  0.355 | 0.889 0.244

Point 1| 0.214 0.835 0.283 0.373  0.205 | 0.169  0.520

Spanish W.p Foint 2| 0.253 0.838 0.309 0473 0295 | 0277  0.585
P Block 1| 0.402 0.511 0.391  0.685 0444 | 0.889  0.484
Block 2| 0.404 0.548 0.396 0.689 0451 | 0.898  0.470

MoTM improvement | 0.0% 62.8% | 10.8%  30.6% 12.6% |22.5% 32.2%
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Experiments
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Out of Domain Results

‘ Zero-shot | Supervised ‘ Statistical
‘MOTM MOMENT | TimeFlow BRITS SAITS ‘Linear Repeat
MoTM Out-of-Domain

Point 1| 0.246 0.770 0.240 0.267  0.201 | 0.287  0.379

Traffl Point 2| 0.294 0.774 0.291 0374  0.241 | 0421  0.416
E Block 1| 0.313 0.478 0.389 0415  0.227 | 0.983  0.340
Block 2| 0.318 0.521 0.395 0431  0.231 | 0.985  0.341

Point 1| 0.340 0.812 0.410 0539 0.347 | 0.334 0.594

ETTh1  Foint 2| 0.389 0.814 0.482 0.633 0421 | 0426  0.635
Block 1| 0.490 0.633 0.553 0723  0.535 | 0.845  0.558

Block 2 | 0.488 0.664 0.557 0.730  0.536 | 0.834  0.559

Point 1| 0.442 0.806 0.489 0533 0422 | 0.406 0.763

ETThz  Foint 2| 0496 0.806 0.521 0610 0486 | 0.471  0.805
Block 1| 0.609 0.704 0.631 0.691  0.602 | 0.761  0.738

Block 2 | 0.600 0.704 0.619 0.722  0.610 | 0.760  0.716

Point 1| 0.326 0.816 0.330 0389 0.287 | 0.260  0.739

Weather  Foit 2| 0375 0.819 0.383 0484 0351 | 0.323 0.803
Block 1| 0.524 0.640 0.627 0.689  0.584 | 0.621  0.677

Block 2| 0.527 0.669 0.633 0.691  0.582 | 0.620  0.682

Point 1| 0.235 0.818 0.329 0311  0.189 | 0.164 0.678

Spanish E Foint 2| 0286 0.823 0.376 0425 0285 | 0.253 0.738
P Block 1| 0.507 0.622 0.503  0.675 0.536 | 0.606 0.644
Block 2| 0.503 0.649 0.499 0675 0535 | 0604 0.633

MoTM improvement | 0.0% 40.3% | 10.2%  24.0% -5.7% |13.2% 31.1%
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Experiments
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Visual results on OoD datasets
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OoD SpanishE dataset. Pointwise MoTM imputation on four one-day missing blocks.
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Experiments
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Visual results on OoD datasets
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OoD Hog dataset. Quantiles MoTM imputations on four one-day missing blocks.
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Mixture of TimeFlow Models Experiments Conclusion
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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

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

Potential improvements: stronger orchestrator /regressor
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Thank you for listening

Link to the paper Link to TimeFlow's paper
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