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Global Models
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Global models

Name “global models” was introduced by Januschowski et al.
(2020) . It is arguably not a good name but it’s the name we
got for now.

• Traditionally, one time series is seen as a dataset
• One model is built per time series
• low sampling frequencies and non-stationarities like

structural breaks make usually that we don’t have enough
data to fit complex (ML) models

• M3, M4 datasets are put together under this paradigm;
very different series from different frequencies, different
domains, etc.
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Global models (cont’d)

Paradigm shift:

• a set of time series is a dataset (e.g., a set of series from
retail, smart meters, etc.)

• build a model across the series
• names: global modelling, cross-learning, multi-task

learning, pooled regression

–> Now, enough data, due to more series.

–> ML methods are competitive now
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Global models (cont’d)

• Local model: typically fitting a model with few (<10)
parameters to a single series

• if you have 10k series and fit 5 parameters, you end up
with 50k parameters

–> fit a global model with 5k parameters instead

–> Overall complexity of set of local models grows when
dataset grows; complexity of global model stays the same
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Global models (cont’d)

• Global models can afford to be more complex
• Complexity can be added as:

• longer memory (longer input windows, more lags)
• non-linear/non-parametric models (NNs, GBT, …)
• data partitioning
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Global models are not multivariate models

• Global models learn across series but predict every series
in isolation (input is a particular series at a time, but
parameters are shared across series)

• they can work on datasets where series have different
lengths and/or are not aligned, like the M3, M4 datasets

• they do not take into account interactions between series
• the concepts are orthogonal: methods can be

local/univariate, global/univariate, local/multivariate,
global/multivariate
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Global models are not multivariate models (cont’d)
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History of global models

• Dating back to the early 2000s and earlier (Duncan et al.,
2001)

• Pooled regression a standard statistics technique, see,
e.g.: Gelman et al. (2007)

• Pooled regression for forecasting: Trapero et al. (2015)
• 2016: Smyl and Kuber (2016), CIF competition:

Štěpnička and Burda (2016)
• 2017: DeepAR (Salinas et al., 2019b) and other works

from Amazon, e.g., Wen et al. (2017); our work in
Bandara et al. (2017)

• after 2018: … many more works
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Kaggle competitions

• A good overview give Bojer and Meldgaard (2020)
• The following are relevant forecasting competitions held

on Kaggle:
• Walmart Store Sales Forecasting (2014)
• Walmart Sales in Stormy Weather (2015)
• Rossmann Store Sales (2015)
• Wikipedia Web Traffic Forecasting (2017)
• Corporación Favorita Grocery Sales Forecasting (2018)
• Recruit Restaurant Visitor Forecasting (2018)

• All competitions were won by global models, the latter
four by either GBT or NN models or ensembles of those.
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M5 competition

• held in 2020 on Kaggle
• dominated by LightGBM: Makridakis et al. (2020),

DeepAR and NBEATS also successful
• A team of my students won a Kaggle Gold, 17th in the

competition out of >5k participants.
• They used an ensemble of LightGBM and pooled (linear)

regression.
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Global models (cont’d)

• Global models have shown success to a surprising /
unreasonable degree

• Idea at the beginning was that the series have to be in
some way “related/similar” so that we can learn
something useful across them

• “Related” in terms of similarity of their DGP (not mere
correlations)
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Global models (cont’d)

Montero-Manso and Hyndman (2020):

• Global model can produce the same forecasts as local
models, without any assumptions about similarity

• Instead of fitting one complex pattern across series, a
global model even works well to fit many simple patterns
that are different in the series

⇒ The series don’t have to be “related”

⇒ Series are related through the evaluation regime: We
evaluate as an average error over all of them.
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Global models (cont’d)

Hewamalage et al. (2021a):

• Simulation study around when Global Models actually
work well

• Simulated simple and complex DGPs, long and short
series, homogeneous and heterogeneous datasets

• Local linear models work well if patterns are simple and
enough data per series

• RNN, LGBM globally trained is competitive both if there
are simple but quite different patterns, as well as if there
are complex non-linear patterns

• Global models improve the more series are available, local
models don’t
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Traditional Machine Learning
Methods for Forecasting
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Machine Learning methods for forecasting

• global modelling across series
• can apply them to a single time series, if long enough
• longer series due to finer granularities (secondly, minutely,

half-hourly series available over years)
• additional metadata

Non-linear autoregression

• basic setup is a (non-linear, non-parametric) autoregressive
model

• then, you can use your favourite ML method out of the box
• we’ve seen that this can approximate an ARMA model, if we

choose the input window larger than the ARMA model has it
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Problem: Non-stationarity

• Data Distribution changes over time
• Many (most?) real-world problems have a time

component and changing distributions
• Think about detecting cars on the street with a dataset

from the 1970s
• In time series it is more explicit though and has more

impact
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Problem: Non-stationarity (2)
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Problem: Non-stationarity (3)

Dividing the world into linear and non-linear is like
dividing the world into bananas and non-bananas.

Just as there are many different forms of non-linearity, there
are also many different forms of non-stationarity

Typical non-stationarities in time series:

• Change in mean: seasonality, trend
• Change in variance: heteroskedasticity
• Random walks (stochastic trends)
• Structural breaks
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Problem: Non-stationarity (4)
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How to achieve stationarity? Differencing

• As in Econometrics and Finance, many series are close to
random walks, there, differencing is a common tool to
achieve stationarity

• see ARIMA modelling earlier
• Differencing only solves some forms of non-stationarity,

not others
• Losing information about the scale. Can have an

additional input as the (log of) the original scale.
• Differencing can help to make ML models more robust
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Differencing does not always work
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Differencing loses information

Example: Wind power forecasting
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How to model trend?

Detrending

• Problem: it is not well-specified what a trend is
• Essentially just a smoothed version of the series
• We still need to forecast the trend then
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How to model trend? (cont’d)

• Logarithm or Box-Cox transform
• makes exponential trends linear
• also stabilises the variance
• Box-Cox Transformation

wt =

log(yt) if λ = 0,

(yλ
t − 1)/λ if λ ̸= 0

• Choice of optimal value for λ is difficult
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Window-wise normalisation

Smyl and Kuber (2016);Bandara et al. (2017)
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Window-wise normalisation (cont’d)

• To avoid saturation issues of sigmoid, tanh activation
functions

• Similar to batch normalization
• Instead of saturating on the absolute values of the

training data, it is saturating on the absolute value of the
steepness of the trend in the training data

• It is usually a good idea for forecasts to be conservative.

27



Window-wise normalisation (cont’d)

Such a system is able to predict even steep trends (Bandara
et al., 2020b)
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Window-wise normalisation (cont’d)

xEmb <- myEmb(AirPassengers, 7, 7, h=2)
xWindNorm <- t(apply(xEmb, 1, function(y) {

y/mean(y[1:(length(y-1))])}))
plot(xWindNorm[,ncol(xWindNorm)], type="l")
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Window-wise normalisation (cont’d)

• Has been reinvented for deep learning under the name
RevIN (Reversible Instance Normalization)

• RevIN has a couple of trainable parameters
• no ablation study as to if this actually improves the

method, or if its main advantage comes from instance
normalization
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Expert knowledge about trends

• be careful with strong trends
• exponential trends will slow eventually

• how much more can Facebook grow until every person
on earth has 5 accounts each?

• even a linear trend is a very bold assumption if
extrapolated far enough into the future

• damped trends: often not justified from the data, just to
be conservative about the forecasting

• forecasts should always be conservative

31



How to model seasonality?

• Some discussion in the literature whether a NN can model
seasonality directly or not

• Early works suggest that NNs can model seasonality (Sharda and
Patil, 1992; Tang et al., 1991).

• Later, works suggest that deseasonalization is necessary (Claveria
and Torra, 2014; Zhang and Qi, 2005; Zhang and Kline, 2007;
Nelson et al., 1999).

• Latest findings: Machine Learning models can model seasonality
well if they have enough data (Bandara et al., 2020a)

• Simple experiment: Generate a sine wave, let an NN learn it. How
many full periods to learn it? 2 full periods, 20 full periods?

–> Assumption in forecasting is usually that we know the seasonality
beforehand and that it is valid to extrapolate it infinitly into the future.
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Modelling seasonality

Seasonal indicator variables:

• Categorical variable: Monday, Tuesday, Wednesday, …
• One-hot encoded version of this variable: “Seasonal

dummy”

Problems if there are many seasons.
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Modelling seasonality (2)

Continuous seasonal indicators
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Modelling seasonality (3)
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Fourier terms

see, e.g., Hyndman and Athanasopoulos (2018)

sin
(

2πkt
s

)
, cos

(
2πkt

s

)
t is the time point

s is the seasonal periodicity of the time series and

k is the number of sine cosine pairs used with the
transformation

The number of Fourier terms controls the smoothness of the
seasonal pattern.
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Deseasonalisation

Decomposition methods such as

• STL (Cleveland et al., 1990)
• MSTL(Hyndman and Athanasopoulos, 2018)
• STR (Dokumentov and Hyndman, 2020)
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Deseasonalisation (cont’d)
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Deseasonalisation (cont’d)

• we can deseasonalise and then only feed the trend and
remainder component into the ML algorithm

• can be seen as a form of boosting (weak learner to model
seasonality, ML model trained on residuals)

• effectively putting expert knowledge into the model
• works well if not enough data to model seasonality

directly, or if seasonal components are very different
between series
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Deseasonalisation (cont’d)

• If the seasonality has a uniform shape across the dataset
(like in the NN5), the NN can learn it directly, otherwise
deseasonalization is better (Bandara et al., 2020a;
Hewamalage et al., 2021b)
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Further considerations about seasonality

• M3, M4 datasets have different types of seasonalities
mixed together, and series are not aligned

• In the M4, global models were customised for this
particularity, e.g. the winner ES-RNN models seasonality
for each series separately

• in real-world datasets this will normally not be the case
• seasonal indicators and Fourier terms need aligned series

–> In real-world datasets, with enough data, seasonal
indicators and Fourier terms will work better than
deseasonalisation
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Normalisation

• in some forecasting problems, the forecasts are within a
pre-specified domain (wind speed, wind power, electricity
price)

• in others, they are not (share prices, web page hits, businesses
that grow fast, like ride share applications, social networks,
etc.)

• if the domain is limited, the scale has information (if you are
at zero, you know the value will not be able to drop more)

• if the level is already high, trends tend to be less steep

–> include information about scale as additional input, if
normalising
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Normalisation (cont’d)

• Mean normalisation, if series don’t have a strong trend
• Not a good idea if there are strong trends/level shifts:
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Normalisation (cont’d)

AirPassenger series divided by its mean:
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Direct output versus iterative 1-step-ahead

• Traditional methods (ETS, ARIMA) optimise
1-step-ahead accuracy

• forecasts further out are obtained by iteration, by feeding
back the forecasts as inputs into the model

• this can lead to error accumulation
• usually better to predict directly all horizons needed

(Ben Taieb et al., 2012; Wen et al., 2017)
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Direct output versus iterative 1-step-ahead (cont’d)

• methods such as NNs can have multiple outputs
⇒ output windows

• other methods, such as GBT, can produce only one
output
⇒ either iterate out or train a separate model per horizon

• If horizon is too long, iteration may be the only feasible
option

• M5 winning method was an ensemble of direct and
iterative LightGBM models
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Gradient boosted trees (GBT) for forecasting

• Successful in several forecasting competitions (GEFCom
2014: Landry et al. (2016), Kaggle competitions)

• M5 competition dominated by LightGBM
• Catboost (Prokhorenkova et al., 2018) performs ordered

gradient boosting, especially suitable for time series
• Seasonality and trend handling as discussed earlier
• build one model per horizon
• or, if dataset is small, have a feature that indicates the

horizon (makes training data h times bigger)
• especially suitable with (diverse) external variables
• engineer features such as rolling means, rolling sds
• use differences as additional inputs (of different lags, e.g.,

lag1 difference, lag 12 difference)
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Further feature engineering

• Holiday effects
• one-hot encoded
• as distance maps (days before/after holiday)

• Monthly series: number of trading days in the month
• Promotions
• Out-of-stock events
• Weather
• …
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Ensembling and forecast combination

• Ensembling works in forecasting just as well as in any other
area

• Heavily used, e.g., in Kaggle competitions
• Ensembles of GBTs, NNs, pooled regression
• Ensembles of local and global models

Forecast combination

• Seminal paper by Bates and Granger (1969)
• Show that combining forecasts often leads to better accuracy
• Widely accepted and adopted in the forecasting field since

then
• Simple average is hard to beat, though many more

sophisticated methods exist
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Software (selection)

MLForecast:

• https://nixtlaverse.nixtla.io/mlforecast
• Scales well to large datasets

skforecast:

• https://skforecast.org/
• Beginner-friendly

kats:

• https://github.com/facebookresearch/Kats/blob/main/
kats/models/ml_ar.py

• A LightGBM wrapper that I implemented with all functionality
discussed here
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Deep learning for forecasting
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Overview: Deep learning for forecasting

• Usually, recent NLP research (LSTM, attention,
transformers, GPTs, …) is adapted to the time series use
case

• Main differences to NLP:
• most recent observations are the most important ones
• long-term dependencies are relatively simple and stable

(only seasonalities: daily, weekly, yearly)
• much more noise and uncertainty
• much less (public) training data
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Recurrent neural networks

• Overview by Hewamalage et al. (2021b)
• Have an internal state which allows them to memorize
• They have problems to learn long memory (Pascanu et al.,

2013)
• LSTM mitigates that to a certain extent
• They still work better in practice if used with input and

output windows (Hewamalage et al., 2021b)
• making them more “autoregressive’ ’
• making the state less important

• Some literature suggests that in general RNNs that can
be trained and are stable can be well approximated by
feed-forward networks (Miller and Hardt, 2018; Miller,
2018)
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Convolutional neural networks

• Some results suggest that CNNs work just as well as
RNNs for forecasting, but are a lot faster to train
(Borovykh et al., 2018)

• WaveNet (Oord et al., 2016; Sen et al., 2019): causal
convolutions, dilations

• CNNs don’t have a state, so windowing needs to cover
everything

→ Long input windows, especially with dilations

→ RNNs are preferrable if input windows need to be small,
e.g., across series of different lengths in a global model.

→ That’s also still true with Transformers
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Specialised architectures

• DeepAR (Flunkert et al., 2017): Generative RNN model
• Deep state space models (Rangapuram et al., 2018):

Parametrizes a linear state-space model with an RNN
• Deep Factors for forecasting (Wang et al., 2019):

Combines a local probabilistic model and a global time
series that is a linear combination of factors

• NBEATS (Oreshkin et al., 2019): Decomposes series into
basis functions, residual stacking

• State-of-the-art accuracy on M4
• 2nd place in M5 (as part of an ensemble)
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Transformers for forecasting

• Early works: Transformers for forecasting (Li et al., 2019),
Temporal Fusion Transformers (TFT) (Lim et al., 2019)

• TFT addresses specifically common time series problems
such as how to incorporate static and dynamic past and
known future covariates into transformers, obtain
prediction intervals etc.

• Reported to work well in practice in many situations
• TFT was already in existence at the time of the M5, but

not used by any winning team. Maybe data of M5 was
too intermittent?
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Transformers for forecasting (2)

• Since 2019: Many variants
• Usually have plausible ideas of why they should work
• Informer: uses sparse attention to reduce quadratic

complexity for long sequences
• Autoformer: integrates autocorrelation, as well as trend

and seasonality decomposition
• FEDformer: uses frequency-domain transforms to model

periodicity and reduce computational cost
• Pyraformer: uses a pyramidal multi-resolution strategy
• PatchTST: uses patches from the series instead of single

values
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Transformers for forecasting (3)

Many of them:

• Solve “long sequence time-series forecasting,” which to me seems
somewhat an invented problem

• Evaluate on the same small amount of datasets, which only
represent a small subset of forecasting use cases

• Use an exchange rate dataset and fail to benchmark against naive.
We have shown that they lose (Hewamalage et al., 2023)

• Fail to understand that their exchange rate dataset only contains
trading days, which means the seasonality shifts around quite
arbitrarily, due to the omission of bank holidays

• Lose against linear models, if those are trained directly for all
horizons, as the transformers are (Zeng et al., 2023)

For details, check my talk here:

https://cbergmeir.com/talks/neurips2024/
58
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Informer (AAAI outstanding paper award in 2021,
4069 citations): Benchmarks

A plot from the appendix of the original paper:
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Informer: Benchmarks (2)

• The benchmarks are grotesquely misspecified
• Don’t capture seasonalities at all
• What would be a reasonable benchmark?
• ARIMA and ETS only do single seasonalities and are

intended mostly for monthly, quarterly, yearly data
• Let’s try a linear regression onto Fourier terms: Dynamic

Harmonic Regression (DHR)
• DHR with ARIMA errors, DHR-ARIMA
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Informer: Benchmarks (3)

Our runs with DHR-ARIMA (a standard method for such a
task and dataset):

Hewamalage, H., Ackermann, K., & Bergmeir, C. (2023). Forecast
evaluation for data scientists: common pitfalls and best practices. Data
Mining and Knowledge Discovery, 37(2), 788-832.
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PatchTST and other new methods

• Qiu et al. (PVLDB, 2024): PatchTST evaluates using a
“Drop Last trick”

• Seems that new methods (e.g., UniTime, iTransformer)
compare against their own reruns, doing things like fixing
the input window length to 96 for “fairness”

→ The input window length is a hyperparameter

→ Restricting to small input lengths is favouring more
complex models over simpler ones
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Transformers for forecasting (4)

Zalando has reported a transformer architecture they have in
production (Kunz et al., 2023). Works well, trains on over
350k series.

→ If you have large amounts of data, Transformers should
work.

→ If you have small amounts of data, there are strong
competitors that will require less computation.
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Multivariate forecasting

• Machine learners have invented the name “channel-dependent” for
this

• Not the same as global models: series need to be aligned, and often
have the same length (see also forecastingdata.org)

• Series can influence each other: Cannibalisation and substitution
effects, etc.

• The holy grail in retail demand forecasting?
• Difficult and very active research area. Main problems:

• How to scale methods to thousands of time series?
• How to have series (products) come and go?
• How to model changing and complex relationships?

• Usually sparseness constraints: Each series can interact only with
few other series
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Multivariate forecasting (cont’d)

• Yu et al. (2016): Matrix factorization with temporal
regularization

• Lai et al. (2018), LSTNet: CNN feeding into RNN with
skip connections

• Sen et al. (2019): Matrix factorization, causal
convolutions and attention

• Salinas et al. (2019a): Gaussian copulas
• Wu et al. (2020), Sriramulu et al. (2023): Graph neural

networks
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Multivariate forecasting (cont’d)

Newer works:

• CrossFormer: multivariate, explicitly models both
temporal (cross-time) and variable-wise (cross-dimension)
dependencies via a two-stage attention mechanism

• Zhou et al. (2024): transformer that uses sparse relation
matrices, a reindexing training scheme, and 2D attention
to manage noise and computational cost while capturing
inter-channel dependencies

• iTransformer: “inverts” the usual transformer structure:
applies attention over variates instead of time tokens,
enabling better multivariate correlation modeling and
scalability
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Software

NeuralForecast:

• https://nixtlaverse.nixtla.io/neuralforecast
• Library from Nixtla with implementations of many

deep-learning architectures

GluonTS:

• https://ts.gluon.ai/
• Python library from Amazon that implements many

deep-learning architectures
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Data repositories and benchmark runs

ForecastingData.org:

• https://forecastingdata.org/
• Data repository with many forecasting datasets
• Code and results of statistic, traditional machine learning, and deep

learning methods

GIFT-Eval:

• https://huggingface.co/spaces/Salesforce/GIFT-Eval
• Data repository that includes the Monash one and adds some more
• Leaderboard

fev-bench:

• https://huggingface.co/spaces/autogluon/fev-bench
• Another large repository and benchmark from Amazon
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Summary: Deep Learning models

• There are some good methods out there, like PatchTST,
TIDE, TFT, and others.

• They are certainly worth exploring

But:

• Don’t believe everything you read in these papers
• It depends greatly on the dataset characteristics if the

models will work (large amounts of series and/or large
amounts of observations per series).

• Check our own evaluations at forecastingdata.org where
we ran many of these methods on different datasets
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Foundational models
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Main idea

• Idea foundational models: pretrain on a large time series
dataset

→ Once pretrained, they work on single time series, dataset
size is not an issue anymore

• Global and foundational models are conceptually the
same, the difference is in the evaluation regime

• Evaluate on all series you trained with, vs evaluate only
on a small subset

→ Any global model can be used as a foundational model
→ Global model guarantees do not hold, series need to be
“relevant/related” for it to work
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Foundational models (2)

• Some train a time series model from scratch, some use an
LLM directly

• Most train on our repository from forecastingdata.org
• Using LLM directly: tokenize, convert time series to text

(e.g., TimeLLM)
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Foundational models (3)

Many of the earlier models have again not great evaluations:

• For example TimeLLM loses against the most simple
methods like versions of naive on the M3 quarterly data

• TimesNet, TimeMixer and many others claim SOTA on
the M4, when they do not outperform the original
competition winners

Bergmeir, C. (2024) LLMs and Foundational Models: Not
(Yet) as Good as Hoped. In: Foresight: The International
Journal of Applied Forecasting, (73)

(paper is available from my personal web page, a first version
was published as a LinkedIn post)
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Foundational models (4)

NeurIPS 2024 spotlight paper: “Are Language Models
Actually Useful for Time Series Forecasting?”

• “popular LLM-based time series forecasters perform the
same or worse than basic LLM-free ablations, yet require
orders of magnitude more compute”

• Basically an ablation study that papers like TimeLLM
should have done in the first place
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Foundational models (5)

But evaluation is getting better. Newer models evaluate on GIFT-Eval

• A large dataset, contains all of the Monash repository plus some
more

• 23 datasets covering 144,000 time series and 177 million data
points across 7 domains and 10 frequencies

• Supports prediction tasks ranging from short-term to long-term
forecasting, with both univariate and multivariate settings

• hosted on Huggingface, and new methods routinely submit forecasts
• https://huggingface.co/spaces/Salesforce/GIFT-Eval
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Foundational models (6)

• TimeGPT: proprietary from Nixtla, Transformer-based
• Chronos: encoder-decoder transformer, tokenizes series
• Chronos-Bolt: uses patching, predicts directly future quantile

distributions
• Chronos 2: Can incorporate external variables
• TimesFM: purely decoder-based transformer
• TimesFM2.5: fewer parameters, longer context length
• Moirai: masked-encoder transformer
• Lag-llama: combines LLaMA’s architecture with time series features
• TinyTimeMixers (TTM): MLP-based model, combines adaptive

patching, resolution prefix tuning, and multi-level channel modeling
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Fundamental Problems in Foundational models

• Global models: Average performance is improved at the expense of
performance on particular series

• If a paper evaluates broadly an average performance across many
domains, it is effectively a global model and covered by the theory

• If you later use this model for your particular use case, you don’t
have these guarantees

• We are back to the idea that the series in training need to be
related to your series in testing

• Depending on the dataset, you can fine-tune a foundational model
or you may be better off just building your own model from scratch.

→ Some of these methods achieve quite competitive results, not beating
everybody, but giving you a good baseline with minimal needed
forecasting knowledge.

→ Need to evaluate the model on your data with a hold-out set,
comparing to benchmarks 77



Let’s say I have a single yearly time series, which
model should I use?

Let’s look into the Chronos paper to find out:

SCUM: Fotios Petropoulos and Ivan Svetunkov. A simple combination of
univariate models. International journal of forecasting, 36(1):110–115,
2020. 10, 43
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Let’s have a look at Gift-Eval

• Gift-Eval is dominated by high-frequent data
• ARIMA, ETS do not handle multiple seasonalities or long

seasonal periods, are not designed for high-frequent data
• Also, they optimise towards the mean of the forecast

distribution (maximum likelihood under Gaussian
assumption, effectively MSE), but Gift-Eval evaluates for
the median (MASE, thus MAE)

• What if we look at the data they are designed for?
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Let’s have a look at Gift-Eval (2)
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Prior-fitted Networks (PFNs)

• A new exciting development: Pre-train on synthetic data
• Has a Bayesian motivation why this will work
• TabPFN (Hollmann et al.) for classification and

regression
• TabICL (Jingang et al.)
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PFNs for forecasting

• TabPFN-TS (Hoo et al., 2024): Regular TabPFN trained
for regression, with time series specific inference

• ForecastPFN (Dooley et al., 2024): Time-series-specific
DGP, again quite dodgy evaluation (only evaluate on one
time series per dataset)

• TimePFN (Taga et al., 2025)
• Chronos 2

⇒ Achieve decent results on many forecasting tasks, no risk of
data leakage
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The future will likely be multimodal

• If we provide textual context for each series, the
fundamental problems are addressed

• Do we want to replace the model or the modeller?

→ Can ask already now ChatGPT to run ETS or ARIMA for
me, replacing the modeller

→ LLMs are not good with numerical computations out of the
box (that’s why they often automatically run Python code for
numeric requests)

Again, beware: Some recent papers claim they do multimodal,
but just use LLMs to extract features from numeric time
series, without any additional information from the text.
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Forecasting agents:

TimeCopilot: https://timecopilot.dev/

Chronulus.AI: https://www.chronulus.com/

Still more like LLM interfaces to traditional algorithms, but
more integration is likely in the future.
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Summary Foundation models

• Foundational models have seen an explosion of research
over the recent past

• They are promising, and can be used as fully automatic
baselines

• We are usually still able to outperform them.
• This is currently a problem that has no easy fix, it is

inherent to their construction
• A possible fix are multimodal models and forecasting

agents
• You always need to do rigorous evaluations.
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Conclusions

• Machine learning models work well if you have long (high-frequent)
series or many series from a similar source, and/or external
regressors

• If you train Deep Learning models from scratch, you need usually a
large (enough) dataset

• Foundational models are now a great fully-automatic baseline, but
we can still beat them with bespoke modelling

• Different series need different types of forecasting (or at least
different preprocessing)

• It is paramount that you perform an evaluation on your data with
the right error metrics and reasonable conventional benchmarks, to
be able to assess whether ML and DL should be used

• If you have low-frequent data (monthly, quarterly, years), beating
the classics like ARIMA, ETS, Theta (and ensembles of them) on
their home turf can still be a challenge
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Thank You
https://www.cbergmeir.com
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