
TimeFlow: an Implicit Neural Representation 
Approach for Continuous Time Series Modeling

Context
1.Real data challenges: In real-life applications, time series suffer from irregular sampling and 

missing data.
2.Limitations of existing models: Current models, such as transformers or convolution 

networks, have difficulty handling irregular data, resulting in a loss of performance and 
applicability.

3.Proposed approach: We propose TimeFlow, a method using conditional implicit neural 
representations coupled with meta-learning to continuously model time series and manage 
imputation and forecasting with irregular observations.

4.Key contributions: TimeFlow outperforms existing models for imputation and forecasting, 
offering a flexible solution for diverse real-life scenarios. 
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TimeFlow

• TimeFlow is a unified framework for imputation and forecasting..
• TimeFlow models time-continuous functions based on implicit neural networks (INR) to 

represent series.
• INRs are conditioned by modulations to adapt to different series/contexts.
• Time series encoding is achieved through meta-learning optimization.
• Inference is achieved by optimizing codes according to the observed context.

Optimization et meta-learning

TimeFlow training is performed by optimizing shared INR parameters and hypernetwork 
parameters, as well as series-specific codes, using a meta-learning optimization approach. 
Individual contexts are used to adjust codes in an inner loop, while shared parameters are 
updated in an outer loop.  

Imputation experiment

TimeFlow inference adjusts series-specific codes according to observed data, while keeping the 
shared model parameters fixed. This enables efficient prediction of time series values over new 
periods.

Forecasting experiment
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