Understanding the Implicit Biases of Design
Choices for Time Series Foundation Models

Annan Yu, Danielle C. Maddix, Boran Han, Xiyuan Zhang,
Abdul Fatir Ansari, Oleksandr Shchur, Christos Faloutsos,
Andrew Gordon Wilson, Michael W. Mahoney, Yuyang Wang

ICLR 2026



Neural Scaling Laws and the Bitter Lesson

We have to learn the bitter lesson that
building in how we think we think
does not work in the long run.

 Patidation ~ fm. D,N) + L, .
ih Va,l]d,ajc 0N f( ; - ) -~ The two methods that seem to scale

arbitrarily ... are learning and search.
¢ e ) | e |

Performance and scale of language models over time = Te bl e SOfan 01/

Log perplexity O wikitext ) Penn Treebank

5.5

L GCRN-M1, dropout Training FLOP

N\ LsT™ LST™ =

© Pythia-1 Qm @

0]
4.5 LSTM-SOOﬁts ¢ RNN+v|veight O @O

4.0 noise+dynamic eval \

LSTM 7
3.5 Large regularized LSTM

3.0

25 GPT-2 (762M)

2.0 .
GPT-2(1542M)  Turing-NLG
1.5 GPT3-6.7B

Chinchilla  /

1.0
Gopher (7.1B) LLaMA-65B

0.5
0.0
2012 2014 2016 2018 2020 2022 2024

Publication date



Neural Scaling Laws and the Bitter Lesson

‘ | | However, £, captures things like
~ f(m,D,N)+ &£, . e Noises, <—implicit regularization

R

‘h gvalidation

e Irreconcilable goals, <—inductive biases
and cannot be neglected.
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Irreducibility of Time Series Foun

Time series are noisy.

MA_measurementl (event A)
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Irreducibility of Time Series Foundation
There are more irreconcilable goals.

How to continue?

A. the worst of times.
It was the best of times, it was ... B. a moderately sized refrigerator doing taxes.
C. three left turns and a whispered pineapple.

Observed history A. Continuation (no spikes) B. Continuation (spike) C. Continuation (spike, different time)
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Time Series Foundation Models

] Each step can be done in several different ways,
,}J but which one is the best?

¢

e Each “way” yields a distinct inductive bias.
e The “best” bias depends on the dataset and task. |
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Input Embedding and Geometry Bias

Quantization Continuous Embedding
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Chronos

Chronos-Bolt

Geometry Bias — Multiscale

Distance of Embedding

Forecasting a Multiscale Signal
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Geometry Bias — Multi-offset

Norm of Embedding
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Forecasting a Multi-Offset Signal

Relative MSE of Forecasting the Two Offsets

1.0
VY ¥V e —————— I
2.5 A context TimesFM (large offset) I
= ground truth X
0.0 + A~ = VAANNN- — — — — NAAANNA— — — — — — = = TimesFM (small offset) |
—2.5 4 0.8 Bolt (large offset) y
' = == Bolt (small offset) //'l
95 Chronos (large offset) // 1
: - ’ I
0.0 4 Chronos (small offset) ’, |
0.6 7/
—2.5 A 7 |
e
// !
- - I
/, !
0.4
i ’ I
2.5 / I
—2.5 1 i I
e I I
1
0.0 WA, - » s T——
e o NN ] - ,
—92.5 g.o_a*v\.______./" i VAR N
T T T T T T T T T T T T T T
100 200 300 400 500 600  10° 2x10° 3x10°4x10° 6 x 10° 101

offset size



Time Series Foundation Models

Geometric
A continuous embedding preserves the geometry more than a quantization-based one.

A quantization-based embedding continuous embedding
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Patch Size = 1

Patch Size = 16

Frequency Bias

Forecast of Chronos-Bolt
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Good News.

Frequency bias prevents a NN from
easily fitting high-frequency noises,
making it good at generalization.

Bad News. |

Frequency bias puts a curse on
learning useful high-frequency
information in the target.
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Time Series Foundation Models

Geometric
A continuous embedding preserves the geometry more than a quantization-based one.
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Temporal
A larger patch size generally hides high-frequency information in the context.
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Regression Bias

Training Loss: Uiz
« L"2-based (regress to mean)
* L"1-based (regress to median)

* Cross-entropy (regress to
mode) B
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Regression Bias
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Time Series Foundation Models

Geometric
A continuous embedding preserves the geometry more than a quantization-based one.
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Temporal Regression-to-the-mean
A larger patch size generally hides high-frequency information in the context. A model trained against an L'/ L?-based loss regresses to the mean when uncertain.
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The Spectrum of Biases
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