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“Method of Differencing”
Box and Jenkins 1970s
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Next Token Prediction
Next Token 
Differences 
Prediction

Observe: 

General Moving 
Average
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A: Of course not…
 yt = N(0,1)
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Q: Is there a family of signals s.t. sequence preconditioning 
provably works? 

A: Linear Dynamical Systems
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Introduction 

Today we are talking about foundational

Linear Dynamical Systems

research.
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Preconditioning the outputs with  chosen to be the coefficients of the n-th monic 
Chebyshev polynomial provably:

1) Improves the regret of several well-known learning algorithms.

2) Extends the class of linear dynamical systems these algorithms can learn.

Informal Theorem (Marsden, Hazan)

Sequence Preconditioning Guarantee
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Train your favorite algorithm on

Get preconditioned predictions 

Preconditioned Target

Step One: Preconditioning

Step Two: Training

Step Three: Convert Predictions to Original Signal 

Target for prediction
Convolution

Deconvolution

Preconditioning Algorithm
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Synthetic Datasets

Experiments

Algorithm: 10-layer DNN

Dataset: 10-layer 
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ETTh1 Dataset

T=1000 T=2500 T=5000

Experiments
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Observe true and suffer loss 

Online Sequential Prediction Setting

history of inputs

history of outputs

Observe:

Predict:
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Understanding Universal Sequence Preconditioning

hidden 
transition 
matrix

hidden 
state WLOG can 

ignore

Linear Dynamical System

Dominant notions of complexity
Horizon T
Hidden dimension d
Allowing A to be asymmetric



Proprietary + Confidential

Understanding Universal Sequence Preconditioning

hidden 
transition 
matrix

hidden 
state WLOG can 

ignore

Linear Dynamical System

Factor out the hidden state:
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Convolution of target converts to a polynomial in the hidden space

n most recent 
observations

grows with t
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Convolution of target converts to a polynomial in the hidden space

Suppose this is the 
characteristic polynomial of A

Preconditioned 
signal

Could just learn this with 
regression. 

Problem One: Hidden transition 
matrix is unknown

Problem Two: Induces a 
dependence on the hidden 
dimension (which could be 
prohibitively large)
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Chebyshev polynomial
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The n-th degree (monic) chebyshev polynomial universally 
shrinks the region [-1,1]:

TLDR: Don’t worry about learning A! This will work regardless of the 
true underlying system…

Why Chebyshev?
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Original USP Result

Regret using OGD:

No hidden dimension
Allows A to be asymmetric

Feels like it misses the full power…
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USP Summary

Existence of a good 
solution
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USP Summary

Huge Norm

Highly 
Compressed
Dimension

First Order learning 
algorithms treat these 
things as the same. R 

grows linearly with both.

Second Order– 
Dimension and Radius 

are very different!
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Vovk-Azoury-Warmuth Algorithm

Prediction Error: Linear 
dependence on 

compressed 
dimension

Logarithmic 
dependence on 

norm!
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USP Final Result

TLDR

A can be asymmetric

No hidden dimension dependence

Poly-logarithmic Regret
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Future Work

Practical: A lot of applications of this have shown great results.

Theoretical: Tight? Not with respect to the spectrum of A. For that 
we need to analyze the Faber polynomial. 
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