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Problem setup @

Consider a multivariate time series forecasting task:
» X € REXP data matrix
m Y € REXD target

e L lookback window (context length)
e H forecasting horizon

e D dimension (number of covariates)

We want to find the best adapter ¢* such that:

Definition (adapter)

Feature-space transformation ¢ : RP — RP" such that:

Y (X;0) = ¢ (FM(¢(X))), and ¢ = argmin,||Y — Y(X;¢)[[3,

where FM is a fixed time series foundation model.
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AdaPTS: Adapters for Probabilistic multivariate Time Series
forecasting [

for each component

& Z~q(.|X) &
RLxD RLXD’ e RHXD’ RHXD
. ETThl (H =96)
Properties:
Mixing features W
Probabilistic predictions WO w0 0 o s s 0 e
—— Ground Truth —— Moment —— Moment+AdaPTS +1,3,5std
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Theoretical analysis
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The linear case

For a linear adapter p(X) = XW,, and a linear FM
frm(X) = W, X + beyl ', we have:

Proposition (Optimal linear adapter)

The closed-form solution of the problem

win £(W,) = [Y — (WEXW, + bryt )W, ! 7

writes as:
* T +p T
Ww =(B'A)"B'B,
where A =Y — W;MX and B=bpy1".

— Takeaway: The optimal solution is not the identity.
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Families of adapters @

deterministic
e Linear AutoEncoder
e Deep non-linear AutoEncoder
e Normalizing Flow
probabilistic
e + Variational Inference
e + MC Dropout

ELBO-like training objective for variational adapters:

Proposition

Maximization of an ELBO-like lower bound on the marginal
likelihood of the target Y :

log po(Y X, frm) >Ey, zx) [log po(Y|X, frm(Z))]
— KL (¢4(Z]X) || p(Z)),

where KL denotes the Kullback-Leibler divergence.
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Results: Forecasting error (MSE)

Benchmarking using Moment FM:

Dataset H No adpt with adapter
Moment PCA LinAE dropLAE LinVAE VAE
ETThL 96 0.4114 g2 0.4334 go1 0.4024 gp2 0.3954 gp3 0.4004 go1 0.4044+ o1

192 0.4314 go1 0.440% goo 0.452% o2 0.4461 o1 0.448% oz 0.431% go1

W 24 29024 023 2984 001 2.624% 035 2.76+ 061  2.542% 036 2.461i 008
60 3.000% 004 3.0794 goo 3-110% 127 2.7944 015 2.752% gao 2.960% 9o

96 0.1774 010 0.1764 000 0.1694 000 0.1564 go1 0.1614 001 0.1874 001

Weh 195 0.2023 000 0.208% 001 0.198% go1 0.200% 001 0.204% oo 0.226% 000

96 0.1304 g11 0.1474 oo 0.1674 013 0.1304 g11 0.2434 039 0.4554 010
192 0.210% goz 0.222% goo 0.304% go5 0.3054 g13 0.457% 920 0.607+ 021

Validating other FMs on the lliness task:

FM Optimal adapter MSE Imp (%)
TTM VAE =2.0=1) 12.3549 51
TimesFM dropoutLAE (p=o.1) 3.644281
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Results: Interpretable latent representations

Desirable representation learning properties:

PCA (Explained variance: 95.6%) dropoutLinearAE LinearVAE
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Figure: Visualization of the latent representation obtained by different
adapters on lliness(H = 24). Shaded colors indicate the time dimension,
with lighter colors representing earlier timesteps.
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Results: Dimensionality reduction

Better forecasting accuracy even with lower dimensions
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m Conclusion
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Conclusion @

m We presented AdaPTS a learning-based and probabilistic
framework for adapting FMs to multivariate time series
forecasting

Take Home Message

Foundation Models are powerful predictors trained on vast
amounts of data

— Adapters are an effective way to adapt them to custom
problems
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Thank You!

Want to know more?

Contact:

E‘;&Eﬁ https://abenechehab.github.io/

¥ abdelhakim.benechehab@gmail.com

Eg“% O ¥ in Qabenechehab
o [ 29 o

Slides available at:
https://abenechehab.github.io/assets/pdf/adapts.pdf
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