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Preliminaries

ü Time series forecasting is a task to predict future horizons from past observations.
Note. 𝑓! is a function that best explains the data.
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Preliminaries

ü In general, the standard formulation is aligned with time-series forecasting objective.
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Motivation

ü A unified approach that can handle extrapolation, interpolation, and imputation may help 
the model understand time series more deeply.
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Motivation

ü A unified approach that can handle extrapolation, interpolation, and imputation may help 
the model understand time series more deeply.
Note. A time-series forecasting objective is a special case of the generalized formulation.
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Architecture

ü The model need to handle arbitrary segments.
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Architecture

ü We propose TimePerceiver, an attention-based encoder-decoder architecture that enables 
flexible forecasting at arbitrary target positions.
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ü Split time series into patches and randomly assign them as input or target patches.
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Input Tokens

ü Embed the input patches and add positional embeddings to each one.
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ü Define a learnable latent bottleneck to capture temporal and cross-channel dependencies.
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ü Aggregate information from the input tokens into the latent tokens via cross-attention.
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ü Refine the aggregated information via self-attention within the latent space.
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ü Write the refined information back to the input space via cross-attention.
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ü Define queries with positional embeddings to perceive which target patches to predict.
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ü Use these queries to aggregate information from the input through cross-attention.
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ü Predict the output through a patch-to-patch linear layer.
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Experiment

ü In the main results, our model achieves the best performance in 55 out of 80 settings and 
achieves the second best performance in 17 settings.
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Ablation Study

ü We compare different design choices for each component of our model.
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Ablation Study

ü To better understand how our model processes information throughout encoding and 
decoding, we visualize the cross-attention maps.
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Conclusion

ü We propose a unified framework that tightly integrates an attention-based architecture with 
a generalized training strategy that enables flexible forecasting at arbitrary target positions.

• Extensive experiments demonstrate that our framework consistently and significantly outperforms 
prior state-of-the-art baselines across a wide range of benchmark datasets.

• Through ablation studies on how the model is designed and operates, we demonstrate the validity 
of our architectural choices.

ü We hope our work encourages the community to explore holistic modeling approaches that 
align architectural choices more closely with the underlying forecasting objectives.
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Thank you.

Poster: Session 2, Dec 3(Wed), 16:30

San Diego Convention Center
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