
Are we ready for Time Series 
Foundation Models in 
economics?
Lessons from an ESCB/SSM Hackathon

Ada Lovelace Algorithmic Lectures | DATA LAB

Nabil Bouamara

Data Science Center

March 26, 2026

n
o

n

https://data.research.vub.be/ada-lovelace-algorithmic-lectures
https://data.research.vub.be/ada-lovelace-algorithmic-lectures
https://data.research.vub.be/ada-lovelace-algorithmic-lectures
https://data.research.vub.be/ada-lovelace-algorithmic-lectures
https://data.research.vub.be/ada-lovelace-algorithmic-lectures


The burning question
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Can economic forecasting move:

from

carefully specified, task-specific 

econometric models

to

pretrained, reusable forecasting systems?



Why this matters in central banking

ECB holds interest rates at 2% as energy prices soar, 2026, March 19

13th ECB Conference on Forecasting Techniques
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Forecasting is recurrent

Forecasting is operational

Forecasting is high-stakes

Accuracy matters, but so do: 

robustness, interpretability, 

reproducibility, behaviour under 

revisions and breaks

Many workflows are still task by task

https://www.ft.com/content/5757febc-d888-4d34-af83-4a6b0f7a11dd?syn-25a6b1a6=1
https://www.ecb.europa.eu/press/conferences/html/20260323_13th_conference_on_forecasting_techniques.en.html


Classic forecasting logic

The ESCB forecasting models: what are they and what are they good for? 4

Classical central-bank forecasting

start from a specific variable

define the forecasting question

choose a suitable model

bring in domain knowledge early

estimate parameters on specific dataset

forecast using the estimated model

Examples: ARIMA / SARIMA, factor models, 

bridge equations, state-space models, 

Bayesian VARs, DSGE, ... Forecasting in central banking is already 

a mature model ecosystem

https://www.ecb.europa.eu/pub/pdf/scpops/ecb.op381.en.pdf


Foundation model forecasting logic
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Foundation-model forecasting

pretrain on many time series

learn reusable temporal patterns across 

diverse time series

reuse on new datasets

apply off-the-shelf to your specific 

forecasting task, no estimation needed

bring in task-specific knowledge later

Examples: Chronos / Chronos-2 

(Amazon), TimesFM (Google), TimeGPT

(Nixtla), Lag-Llama, Moirai (Salesforce)



The promise of TSFMs, according to Amazon 

Source: ESCB/SSM 2025 Hackathon 6
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Let’s put those side by side

Source: ESCB/SSM 2025 Hackathon



How does the model “see” the series?

Source: ESCB/SSM 2025 Hackathon
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Models do not see raw reality; 

directly. 

They see a representation of it

Possible time-series 

representations:

tokens

patches

continuous embeddings
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Models do not see raw reality; 

directly. 

They see a representation of it

The tokenization inside the full 

architecture of Chronos 2.0



How does the model “see” the series?
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Models do not see raw reality; 

directly. 

They see a representation of it

The promise
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Models do not see raw reality; 

directly. 

They see a representation of it

Compared to others…
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Why time series are not just another language
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Language

natural tokens

syntax

semantics

Time series

no natural vocabulary

meaning depends on context

the same shape can reflect different mechanisms



So why are people excited anyway?

16

Potential gains:

faster, stronger baselines

less per-task engineering

better transfer in low-data settings

easier reuse across domains

Old default: historical mean, random walk, AR(1), ... 



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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5th ESCB/SSM hackathon —

winning team, 2025

24 hours, 64 participants, 27 

institutions

ESCB motivation

Modernize the analytical toolkit in 

light of of rapid developments in AI



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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What the challenge combined

news-based signals

traditional indicators

foundation models

reusable deployment tools



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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Traditional economic input



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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Why news data mattered

GDELT: turning news into signals



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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Translating news into economically 

meaningful features



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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Some promises were made 

(generalization, efficiency, and 

productivity); but how much of it 

survives in practice? 



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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It’s not only about models; it’s also

about infrastructure.



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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The hackathon was not judged on 

model accuracy alone.



The hackathon challenge

Source: ESCB/SSM 2025 Hackathon
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Winning idea: make the black box 

more interpretable

Question: What is the real-time value-

added of news?

Method: compare forecasts with and 

without news, using ‘countertextuals’

Interpretation: “What would the model 

have predicted if it had already known 

this news?”
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What still seems unresolved

Source: ESCB/SSM 2025 Hackathon
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useful enough to matter

not yet understood well enough to relax our standards

about interpretability and policy use

30
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