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Introduction

Advances in Time Series Foundation Models
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Introduction

Evaluating TSFMs in a macroeconomic forecasting context

A growing literature uses macro data: Carriero et al. (2025), Faria-e
Castro and Leibovici (2024), Koyuncu et al. (2026), ...

Issues in the literature:
Standard pseudo out-of-sample analysis often not feasible

Lack of control over training data / costly re-estimation
⇒ Recursive re-estimation and forecasting not feasible
Using nonetheless latest parameters ⇒ risk of look-ahead bias

General: risk of selection bias
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Introduction

Our project and main findings

Our project: Real-time evaluation of a broad set of state-of-the-art
TSFMs for daily macro/financial series since June 2025

We find: a weaker picture of TSFM forecasting than current literature
TSFMs outperform traditional benchmarks only in a few settings.
Across variables and forecast horizons, only TimeGPT is consistently
close to benchmarks
Large heterogeneity across TSFMs
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Time Series Foundation Models

What are Foundation Models?

Foundation models combine:
Large neural networks
Massive and diverse training datasets

Key idea:
Build a model that captures general patterns in the data without
being tailored to a specific task
Apply the model to a wide range of tasks without retraining

Examples of foundation models:
DALL-E: image generation (pixel prediction)
LLMs, e.g. ChatGPT: text generation (text prediction)
TSFMs, e.g. Chronos or TimeGPT: time series prediction
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Time Series Foundation Models

Traditional vs TSFM forecasting

Forecasting models map history into forecasts:

ŷT +1:T +H|T = f
(
y1:T | θ̂(X)

)
,

Traditional TSFM

X Small & tailored, in control Huge, no control
θ Few Millions–billions
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Time Series Foundation Models

Evaluation problem

Forecasting models map history into forecasts:

ŷT +1:T +H|T = f
(
y1:T | θ̂(X)

)
,

Traditional TSFM

X Small & tailored, in control Huge, no control
θ Few Millions–billions
Re-estimation Non-costly Costly
Pseudo-OOS Re-estimate θ for each Use latest θ

forecast origin ⇒ look-ahead bias
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Time Series Foundation Models

TSFMs: models used and key characteristics

Model Pre-
processing Architecture Zero-shot /

Fine-tuning Pretraining data (domains)

Tiny Time Mixer (IBM) Patching Non-transformer Both Bitcoin; demographics; weather; en-
ergy; web; traffic/transport

TimeGPT (Nixtla) No patching Encoder–decoder Both Finance; economics; demographics;
healthcare; weather; energy; sensors;
web; transport; retail

Chronos / Bolt (Amazon) No patch./patching Encoder–decoder Both Finance; economics; healthcare;
weather; energy; web; transport; re-
tail

Chronos 2 (Amazon) No patching Encoder–decoder Zero-shot Same as Chronos (incl. synthetic op-
tion)

MOMENT (Goswami et al.) Patching Encoder-only Fine-tuning Finance; economics; healthcare; hu-
man body; nature; audio; weather;
sensors; web; transport; synthetic

MOIRAI (Salesforce) Patching Encoder-only Both (small variants) Finance; economics; demographics;
healthcare; weather; energy; traffic

TimesFM (Google) Patching Decoder-only Both Finance; economics; weather; en-
ergy; web; transport; retail; synthetic

Lag-Llama (Rasul et al.) No patching Decoder-only Both FX; weather; energy; sensors; web;
transport
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Data and real-time design

Data and real-time design

11 daily series, business days:

Class Series (daily)

FX rates (3) EUR/CHF, USD/CHF, EUR/USD
Government yields (5) US 1Y, US 10Y, EA 1Y, EA 10Y, CH 10Y
Equity indices (3) S&P 500, EURO STOXX 50, SMI

Real-time forecast evaluation:
Daily since June 2025
Forecast horizon: 1 to 96 days

FX Rates Equities
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Benchmark models

Benchmark models

Auto-ARIMA — standard univariate model
Random walk (with/without drift)
BVAR with Minnesota prior
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Evaluation methodology

Inference with relative RMSFE and the Diebold–Mariano
test

For each (model m, horizon h), root mean squared forecast error relative
to auto-ARIMA:

relRMSFEm(h) = RMSFEm(h)
RMSFEARIMA(h) .

relRMSFE < 1 ⇒ model m beats the benchmark.

Diebold–Mariano on the loss differential dt = e
(m)2
t − e

(b)2
t :

DM = d̄√
V̂ar(d̄)

· kHLN,

with Newey–West HAC (lag = h − 1) and small-sample correction of
Harvey et al. (1997).
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Results

Summary by family: All TSFMs have median >1; only
TimeGPT with benchmark-like dispersion

Family Median Std Min Max Variants × Vars

BVAR 0.994 0.044 0.900 1.055 22
ARIMA 1.000 - - - -
Random Walk 1.000 0.023 0.940 1.047 22
TimeGPT 1.047 0.024 0.991 1.082 22
TimesFM 1.108 0.106 0.993 1.367 11
Chronos 2 1.109 0.140 0.956 1.517 22
Chronos 1.147 2.614 0.898 19.737 154
Moirai 1.158 0.228 0.982 2.047 66
TTM 1.222 0.173 0.969 1.663 22
LagLlama 1.864 8.276 1.022 33.258 22
MOMENT 2.366 0.746 1.767 4.219 11
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Results

Only TimeGPT close to benchmarks

Single-level
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Results

Short horizon: no TSFM beats benchmarks, but they are
relatively close

Single-model-level (h=5) Single-model-level (h=30)
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Results

Long horizon: Dispersion fans out at the quarterly horizon

Single-level (h=96)
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Results

Where do TSFM significantly beat benchmarks

Horizon Variable Family Model (zero-shot) relRMSFE

10 USDCHF Bolt bolt mini 0.953∗

30 EURCHF Bolt bolt mini 0.876∗∗

30 EURCHF Bolt bolt small 0.932∗∗

30 EURCHF Bolt bolt tiny 0.926∗

30 EU 1y Chronos chronos mini 0.970∗

30 STOXX50 TimeGPT TimeGPT 0.962∗∗

96 EURCHF Chronos 2 Chronos 2 0.953∗∗∗

96 EU 1y Chronos 2 Chronos 2 0.709∗

96 EU 1y Chronos chronos mini 0.806∗

96 EU 1y Moirai Moirai uni 0.798∗

96 SMI Chronos 2 Chronos 2 0.928∗

96 STOXX50 Chronos 2 Chronos 2 0.883∗

Stars ∗p < 0.10,∗∗p < 0.05,∗∗∗p < 0.01
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Results

Fine-tuning is worse than zero-shot on average in
head-to-head comparisons

Family Fine-tune wins Share

LagLlama 1 0.018
Moirai 12 0.218
TTM 14 0.255
Bolt 58 0.264
Chronos 45 0.273
TimeGPT 32 0.582

Across paired head-to-heads, fine-tuning beats zero-shot only 27% of the
time

TimeGPT is the only exception, with fine-tuning beating zero-shot 58% of
the time
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Results

Results overview

Overall, our real-time forecast evaluation provides a weaker picture
of TSFM forecasting than the literature

TSFMs outperform traditional benchmarks only in a few settings
(some variables at longer horizons)
Across variables and forecast horizons, only TimeGPT is consistently
close to the benchmarks
Bolt and Chronos 2 perform relatively well in some cases
Zero-shot is mostly better than fine-tuning in our setup
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Discussion

Possible explanations for our findings

Training data is important
Best performers (TimeGPT, Bolt, Chronos 2) trained on substantial
amounts of financial and economic data
Weakest performers (TTM, LagLlama) trained on little or no such data

Some TSFMs are possibly better at capturing trend components
Nature of dependent variable (random walk-like vs. mean-reversion)
relevant (Bolt better on the former, other TSFMs on the latter)
Fine-tuning introduces overfitting
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Discussion

Limitations

Small evaluation sample: 11-month (even shorter for Chronos 2)
Our variables are generally difficult to predict
TSFMs are evolving rapidly
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Discussion

Thank you!
Questions?
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Appendix

Appendix: FX series

Back to data
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Appendix

Appendix: Government yields

Back to data
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Appendix

Appendix: Equity indices

Back to data
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Appendix

Appendix: Single-level boxplot

Back
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Appendix

Appendix: Single-level boxplot, h=5

Back
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Appendix

Appendix: Single-level boxplot, h=30

Back
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Appendix

Appendix: Single-level boxplot, h=96

Back
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Appendix

Appendix: Single-level boxplot, FX, h=30

Y. Stucki Forecasting with TSFMs CCBS MPC, June 2026 8 / 10



Appendix

Appendix: Single-level boxplot, Rates, h=96
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Appendix

Appendix: Single-level boxplot, Equities, h=96
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