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Module 3

Global and Local Models



Key Concepts from Previous Lectures



Recap

Deep learning for time series

Modern deep learning methods for time series prediction tasks (e.g., forecasting) rely on a single neural
network trained on a collection of related time series.

Graph deep learning provide appropriate operators to account for dependencies.
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Recap

Local effects
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Group of time series presenting different patterns.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
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Recap

Global and local predictors

Local models

x̂i
t+h = f

(
xi

t−W :t, . . . ;θ
i
)

⌣ Tailored to each time series.

⌢ Inefficient.

Global models

x̂i
t+h = f

(
xi

t−W :t, . . . ;θ
)

⌣ Sample efficient.

⌣ Allows for more complex models.

⌢ Both approaches neglect dependencies among time series.

[6] Montero-Manso et al., “Principles and algorithms for forecasting groups of time series: Locality and globality”, IJF 2021.
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Global and local models



Global and local models

Globality and locality in STGNNs
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Standard STGNNs are global models.

⌣ Can handle arbitrary node sets.

⌣ Neighbors provide further conditioning on the
predictions.

⌢ Might struggle with local effects.

⌢ Might need long windows and high model
capacity.

� Use hybrid global-local STGNNs.
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Global and local models

Global-local STGNNs
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� We can turn some global components of the architecture into local.

⌣ Resulting models can capture local effects.

⌢ Might require a large number of local parameters.
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Global and local models

Global-local STGNNs with node embeddings
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Node embeddings can amortize the learning of local components.

Node embeddings are a table of learnable parameters Q ∈ RN×dq associated with each node.

⌣ Fed into encoder/decoder, amortize the learning of local components.
⌣ Most of the model’s parameters remain shared.
7 Number of parameters scales linearly with the number of time series . . .

→ One might consider intermediate solutions, e.g., learning embeddings for clusters of time series.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
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Global and local models

Some empirical results
MODELS MetrLA PemsBAY CER-E AQI MetrLA PemsBAY CER-E AQI

Reference arch. Global models + Local node embeddings
RNN 3.54±.00 1.77±.00 4.57±.01 14.02±.04 3.15±.03 1.59±.00 4.22±.02 13.73±.04

GCRNN-IMP 3.35±.01 1.70±.01 4.44±.01 12.87±.02 3.10±.01 1.59±.00 4.18±.01 12.48±.03

RNN+IMP 3.34±.01 1.72±.00 4.39±.01 12.74±.02 3.08±.01 1.58±.00 4.12±.03 12.33±.02

GCRNN-AMP 3.22±.02 1.65±.00 4.57±.04 12.29±.02 3.07±.02 1.59±.00 4.17±.02 12.17±.05

RNN+AMP 3.24±.01 1.66±.00 4.31±.01 12.30±.02 3.06±.01 1.58±.01 4.13±.01 12.15±.02

Baseline arch. Original + Local node embeddings
DCRNN 3.22±.01 1.64±.00 4.28±.01 12.96±.03 3.07±.02 1.60±.00 4.13±.02 12.53±.02

GraphWaveNet 3.05±.03 1.56±.01 3.97±.01 12.08±.11 2.99±.02 1.58±.00 4.01±.01 11.81±.04

AGCRN 3.16±.01 1.61±.00 4.45±.01 13.33±.02 3.14±.00 1.62±.00 4.37±.02 13.28±.03

Table 1: MAE on benchmark datasets.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
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Global and local models

Some empirical results on synthetic data

Global Embeddings

W dh = 16 dh = 32 dh = 64 dh = 16 dh = 32 dh = 64

2 .5371±.0014 .4679±.0016 .4124±.0021 .3198±.0001 .3199±.0001 .3203±.0001

6 .4059± .0032 .3578±.0031 .3365±.0006 .3200±.0002 .3201±.0001 .3209±.0002

12 .3672±.0035 .3362±.0012 .3280±.0003 .3200±.0001 .3200±.0000 .3211±.0003

24 .3485±.0032 .3286±.0005 .3250±.0001 .3200±.0002 .3200±.0000 .3211±.0003

One-step-ahead MAE on GPVAR-L with varying window length W and node-embedding size dh.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
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Global and local models

Transferability
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, Hybrid global-local STGNNs are not inductive models.

However, the cost of transfer learning can be reduced.

⌣ Keep shared parameters fixed and finetune local parameters only.
⌣ Node embeddings can be regularized to facilitate transfer further.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
[24] Butera, Felice, Cini, and Alippi, “On the Regularization of Learnable Embeddings for Time Series Forecasting”, TMLR 2025.
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Global and local models

Transfer learning results
We consider datasets coming from four different traffic networks.

→ One of the networks is left out at training time and used for evaluating transferability.

RNN+IMP PEMS03 PEMS04 PEMS07 PEMS08
Fi

ne
-tu

ni
ng Global 15.30 ± 0.03 21.59 ± 0.11 23.82 ± 0.03 15.90 ± 0.07

Embeddings 14.64 ± 0.05 20.27 ± 0.11 22.23 ± 0.08 15.45 ± 0.06

– Variational 14.56 ± 0.03 20.19 ± 0.05 22.43 ± 0.02 15.41 ± 0.06

– Clustering 14.60 ± 0.02 19.91 ± 0.11 22.16 ± 0.07 15.41 ± 0.06

Zero-shot 18.20 ± 0.09 23.88 ± 0.08 32.76 ± 0.69 20.41 ± 0.07

Table 2: Transfer learning results (MAE) after fine-tuning on a week of data.

Node embeddings can be regularized through variational or clustering approaches.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
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Global and local models

Regularizing with clustering
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node embeddings.

[23] Cini, Marisca, Zambon, and Alippi, “Taming Local Effects in Graph-based Spatiotemporal Forecasting”, NeurIPS 2023.
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End of Part 1: what we have so far

1. We formalized the problem of processing correlated time
series.

2. Graph representations allows for modeling dependencies
among them.

3. We saw approaches to building spatiotemporal graph
neural networks, the associated trade-offs.

4. We discussed about global/local deep learning models.

STGNN
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DEMO

Coding Spatiotemporal GNNs
with Torch Spatiotemporal

github.com/dzambon/spatiotemporal-learning-lab
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