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Neural Scaling Laws and the Bitter Lesson
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ℒvalidation ∼ f(m, D, N ) + ℒ∞ .



Neural Scaling Laws and the Bitter Lesson
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ℒvalidation ∼ f(m, D, N ) + ℒ∞ .
However,  captures things like

• Noises, implicit regularization

• Irreconcilable goals, inductive biases

and cannot be neglected.

ℒ∞
←

←



Irreducibility of Time Series Foundation
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Time series are noisy.



Irreducibility of Time Series Foundation
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There are more irreconcilable goals.



Time Series Foundation Models
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Each step can be done in several different ways,

but which one is the best?


• Each “way” yields a distinct inductive bias.

• The “best” bias depends on the dataset and task.



Input Embedding and Geometry Bias
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Quantization Continuous Embedding

• Geometry naturally preserved by ϕ• Geometry learned via training



Geometry Bias — Multiscale
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Geometry Bias — Multi-offset
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Frequency Bias
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Time Series Foundation Models
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Regression Bias
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Training Loss:

• L^2-based (regress to mean)

• L^1-based (regress to median)

• Cross-entropy (regress to 

mode)



Regression Bias
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The Spectrum of Biases
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