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Global vs Local Forecasting Models – Air Quality Monitoring Network 

Local Model Global Model

Each monitoring station has its own model (local)
Training parameters are not shared among different stations

Stations are considered part of a single model (global)
Training parameters are shared among different stations

= forecasting model
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Covariates

 
A covariate is a time series that may help forecast the target series, but we are not interested in predicting. It's 
sometimes also called external data or exogenous variables to some extent

We could further differentiate covariates series, depending on whether they can be known in advance or not:

Ø Past Covariates: time series whose values in the forecasting horizon are not known. These are usually things that 
have to be measured, i.e. past observations

Ø Future Covariates: time series whose values in the forecasting horizon are known. These can for instance represent 
known future holidays, weather forecasts, or weekday

Image courtesy of Darts, https://github.com/unit8co/darts  
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Global Model – Graph Neural Network (GNN)

Image courtesy of an interactive introduction that can be found here: https://distill.pub/2021/gnn-intro/  Sanchez-Lengeling, et al., "A Gentle Introduction to Graph Neural Networks", Distill, 2021.
Introduction to Graph Theory: A Computer Science Perspective,  https://www.youtube.com/watch?v=LFKZLXVO-Dg&ab_channel=Reducible 

Graph Neural Networks (GNNs) are networks for processing data that can be represented as a graph, like social 
network, molecular systems, a ground monitoring stations network, etc.

What is a graph? 
A graph is a mathematical structures used to model (pairwise) relations between objects, i.e., objects (nodes, or 
vertex), relations (edges, or link). We can store information in each of these pieces of the graph

Practical applications of these architecture goes from drug discovery, physics simulations, fake news detection, traffic 
prediction, recommendation systems ... and time series forecasting J 
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Global Model – SpatioTemporal GNN (STGNN)

SpatioTemporal GNN (STGNN) are a particular type of GNN that implements mechanisms to process graph-like data that 
could evolve in both space and time

A representation of a network of monitoring stations is a graph where each station corresponds to a node and the 
functional dependencies among the stations can be seen as edges 

Time-evolving observations coming from ground monitoring stations
inherently contains rich spatiotemporal dependencies
The dependency structure of the observations can be captured,
through pairwise relationships among the stations 

STGNN can be dissected from three aspects: 

1) Modeling spatial (i.e., inter-variable) dependencies
2) Modeling temporal dependencies
3) The architectural fusion of spatial and temporal 

modules for time series forecasting

Image courtesy of Jin, M., et al., 2023. doi: 10.48550/arXiv.2307.03759 

5



Antonio Giganti - Politecnico di Milano - Italy

Global Model – SpatioTemporal GNN (STGNN)

A representation of a network of monitoring stations is a 
graph where each station corresponds to a node and the 
functional dependencies among the stations can be seen 
as edges 

Stations = Graph’s Nodes Stations’ Relationships = Graph’s Edges
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Global Model – SpatioTemporal GNN (STGNN)

A representation of a network of monitoring stations is a graph where each station corresponds to a node and the 
functional dependencies among the stations can be seen as edges 

Nodes = stations

Edges = functional dependencies btw stations

Nodes/Edges attributes = time series/relations

Fixed Stations’ Network !
Time-evolving attributes !
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Image courtesy of Cini, A., et al., 2023. arxiv.org/abs/2310.15978

A is called Adjacency Matrix
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Local Model – Time-series Dense Encoder (TiDE) [1]

[1] A. Das, W. Kong, A. Leach, S. Mathur, R. Sen, and R. Yu, “Long-term Forecasting with TiDE: Time-series Dense Encoder.” arXiv, Aug. 08, 2023. Available: http://arxiv.org/abs/2304.08424

Ø Forecasting architecture proposed by Google Research in 2023
Ø Very lightweight and computational efficient
Ø Exploit the knowledge from past and future covariates

Simplified Working Principle

1) TS mapping: covariates are mapped (per time-step) to a lower 
dimensional space using a feature projection block 

2) TS encoding: a concatenation of the past target y (lookback) 
along with the projected covariates, form the encoding e

3) TS decoding: the decoder maps the previous encoding to a 
vector (per time-step) in the forecasting horizon, forming g

4) Final prediction: a temporal decoder combines this decoded 
vector (per time-step) with the projected covariates of that 
time-step in the horizon to form the final forecast y hat
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Global-Local (Hybrid) Model

The basic idea is to combine information obtained using a single (global) model (GNN) – where the parameters are shared 
among different stations – with ones obtained from multiple single (local) models (NN) – where the parameters are related 
to the single model, precluding the parameter sharing between stations
 
These models can be denoted as Global-Local (or Hybrid) STGNN since they implement several mechanisms to combine 
global (graph-level) components with local (station-level) components

In this way, we can:
1) Exploit relational dependencies together flexibly and efficiently, thanks to a graph representation à Globality
2) Obtain accurate prediction specialized for each node, i.e., the stations of our monitoring network à Locality

Introducing local components related to a specific station’s time series explicitly accounts for node-level effects that would 
not be efficiently captured by the sole fully global models.

For example, node-level (station-related) effects could be the range, dynamics, and trend, strictly related to a specific 
station

These node-level effects can be learned directly from data and form the so-called learnable node embeddings, providing 
a means to condition representations at each station with respect to the peculiarities of its time series
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Global-Local (Hybrid) Model – AGCRN [1]

Ø One of the most recent hybrid STGNN is the Adaptive Graph Convolutional Recurrent Network (AGCRN) [1]
Ø Proposed for traffic forecasting
Ø Learns the hidden graph topology (A matrix) and combines global and local characteristics in an end-to-end fashion

[1] L. Bai, L. Yao, C. Li, X. Wang, and C. Wang, “Adaptive Graph Convolutional Recurrent Network for Traffic Forecasting,” Neural Information Processing Systems (NeurIPS), 2020.

Simplified Working Principle
1) Input: series of temporal consecutive graph
2) Fully Connected (FC): input mapping
3) Node Adaptive Parameter Learning (NAPL): 

captures specific spatial and temporal 
characteristics of each node

4) Data Adaptive Graph Generation (DAGG): learns 
the underlying graph topology from data with a 
node-level similarity function

5) Gated Recurrent Unit (GRU): models the temporal 
dynamics incorporating both spatial and temporal 
information

6) Fully Connected (FC): output mapping 
7) Output : the prediction, thus series of temporal 

consecutive graph

Input Data ForecastLearning Blocks
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Images courtesy of Gao, X., et al. 
https://doi.org/10.3390/app132011369
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<latexit sha1_base64="Budjf0GYhfjG3LEJhTMc990s7Rk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseil56kgrWFJJTNdtMu3XywOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzglQKjbb9bZXW1jc2t8rblZ3dvf2D6uHRo04yxXiHJTJRvYBqLkXMOyhQ8l6qOI0CybvB+Hbmd5+40iKJH3CScj+iw1iEglE0kufeEQ9FxDVp+f1qza7bc5BV4hSkBgXa/eqXN0hYFvEYmaRau46dop9ThYJJPq14meYpZWM65K6hMTV7/Hx+85ScGWVAwkSZipHM1d8TOY20nkSB6YwojvSyNxP/89wMw2s/F3GaIY/ZYlGYSYIJmQVABkJxhnJiCGVKmFsJG1FFGZqYKiYEZ/nlVfJ4UXca9cb9Za15U8RRhhM4hXNw4Aqa0II2dIBBCs/wCm9WZr1Y79bHorVkFTPH8AfW5w8C+pEJ</latexit>

[N ⇥H]

<latexit sha1_base64="UoJcO9ajsdyBcG6sE4CkAxmMVjs=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL54kgnnA7hJmJ7PJkNkHM71CWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSqFRtv+tkpr6xubW+Xtys7u3v5B9fCoo5NMMd5miUxUL6CaSxHzNgqUvJcqTqNA8m4wvp353SeutEjiR5yk3I/oMBahYBSN5Ln3xEMRcU26fr9as+v2HGSVOAWpQYFWv/rlDRKWRTxGJqnWrmOn6OdUoWCSTytepnlK2ZgOuWtoTM0eP5/fPCVnRhmQMFGmYiRz9fdETiOtJ1FgOiOKI73szcT/PDfD8NrPRZxmyGO2WBRmkmBCZgGQgVCcoZwYQpkS5lbCRlRRhiamignBWX55lXQu6k6j3ni4rDVvijjKcAKncA4OXEET7qAFbWCQwjO8wpuVWS/Wu/WxaC1Zxcwx/IH1+QMZxZEY</latexit>

[N ⇥W ]

<latexit sha1_base64="Budjf0GYhfjG3LEJhTMc990s7Rk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseil56kgrWFJJTNdtMu3XywOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzglQKjbb9bZXW1jc2t8rblZ3dvf2D6uHRo04yxXiHJTJRvYBqLkXMOyhQ8l6qOI0CybvB+Hbmd5+40iKJH3CScj+iw1iEglE0kufeEQ9FxDVp+f1qza7bc5BV4hSkBgXa/eqXN0hYFvEYmaRau46dop9ThYJJPq14meYpZWM65K6hMTV7/Hx+85ScGWVAwkSZipHM1d8TOY20nkSB6YwojvSyNxP/89wMw2s/F3GaIY/ZYlGYSYIJmQVABkJxhnJiCGVKmFsJG1FFGZqYKiYEZ/nlVfJ4UXca9cb9Za15U8RRhhM4hXNw4Aqa0II2dIBBCs/wCm9WZr1Y79bHorVkFTPH8AfW5w8C+pEJ</latexit>

[N ⇥H]

<latexit sha1_base64="MlejpgxBufRlHtGnQkk4/Xtq37w=">AAAB9XicbVC7TgJBFJ3FF+ILtbSZSEysyC4FWhJtLDHhlcBK7g6zMGF2djNzV0MI/2FjoTG2/oudf+MAWyh4kklOzjk3984JEikMuu63k9vY3Nreye8W9vYPDo+KxyctE6ea8SaLZaw7ARguheJNFCh5J9EcokDydjC+nfvtR66NiFUDJwn3IxgqEQoGaKWHhgahwIZpUwnsF0tu2V2ArhMvIyWSod4vfvUGMUsjrpBJMKbruQn6U9AomOSzQi81PAE2hiHvWqog4safLq6e0QurDGgYa/sU0oX6e2IKkTGTKLDJCHBkVr25+J/XTTG89qdCJSlyxZaLwlRSjOm8AjoQmjOUE0uAaWFvpWwEGhjaogq2BG/1y+ukVSl71XL1vlKq3WR15MkZOSeXxCNXpEbuSJ00CSOaPJNX8uY8OS/Ou/OxjOacbOaU/IHz+QNHE5Jh</latexit>

Trainable Unit

<latexit sha1_base64="7bjd0wx5ZtVsksQUzVt4fzQYB4A=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL54kgnng7hJmJ7PJkNkHM71CWPIbXjwo4tWf8ebfOEn2oNGChqKqm+6uIJVCo21/WaWV1bX1jfJmZWt7Z3evun/Q0UmmGG+zRCaqF1DNpYh5GwVK3ksVp1EgeTcYX8/87iNXWiTxPU5S7kd0GItQMIpG8txb4qGIuCYPfr9as+v2HOQvcQpSgwKtfvXTGyQsi3iMTFKtXcdO0c+pQsEkn1a8TPOUsjEdctfQmJo9fj6/eUpOjDIgYaJMxUjm6s+JnEZaT6LAdEYUR3rZm4n/eW6G4aWfizjNkMdssSjMJMGEzAIgA6E4QzkxhDIlzK2EjaiiDE1MFROCs/zyX9I5qzuNeuPuvNa8KuIowxEcwyk4cAFNuIEWtIFBCk/wAq9WZj1bb9b7orVkFTOH8AvWxzceVJEb</latexit>

[N ⇥ Z]

<latexit sha1_base64="7bjd0wx5ZtVsksQUzVt4fzQYB4A=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL54kgnng7hJmJ7PJkNkHM71CWPIbXjwo4tWf8ebfOEn2oNGChqKqm+6uIJVCo21/WaWV1bX1jfJmZWt7Z3evun/Q0UmmGG+zRCaqF1DNpYh5GwVK3ksVp1EgeTcYX8/87iNXWiTxPU5S7kd0GItQMIpG8txb4qGIuCYPfr9as+v2HOQvcQpSgwKtfvXTGyQsi3iMTFKtXcdO0c+pQsEkn1a8TPOUsjEdctfQmJo9fj6/eUpOjDIgYaJMxUjm6s+JnEZaT6LAdEYUR3rZm4n/eW6G4aWfizjNkMdssSjMJMGEzAIgA6E4QzkxhDIlzK2EjaiiDE1MFROCs/zyX9I5qzuNeuPuvNa8KuIowxEcwyk4cAFNuIEWtIFBCk/wAq9WZj1bb9b7orVkFTOH8AvWxzceVJEb</latexit>

[N ⇥ Z]
<latexit sha1_base64="PUuTp5jiiTYC0WQLNAPONo5C498=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFN+6sYB/YlpJJM21oJjMkd4Qy9C/cuFDErX/jzr8x085CqwcCh3PuJeceP5bCoOt+OYWV1bX1jeJmaWt7Z3evvH/QMlGiGW+ySEa641PDpVC8iQIl78Sa09CXvO1PrjO//ci1EZG6x2nM+yEdKREIRtFKD72Q4tgP0tvZoFxxq+4c5C/xclKBHI1B+bM3jFgScoVMUmO6nhtjP6UaBZN8VuolhseUTeiIdy1VNOSmn84Tz8iJVYYkiLR9Cslc/bmR0tCYaejbySyhWfYy8T+vm2Bw2U+FihPkii0+ChJJMCLZ+WQoNGcop5ZQpoXNStiYasrQllSyJXjLJ/8lrbOqV6vW7s4r9au8jiIcwTGcggcXUIcbaEATGCh4ghd4dYzz7Lw574vRgpPvHMIvOB/fwn6Q/g==</latexit>

O
<latexit sha1_base64="7bjd0wx5ZtVsksQUzVt4fzQYB4A=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL54kgnng7hJmJ7PJkNkHM71CWPIbXjwo4tWf8ebfOEn2oNGChqKqm+6uIJVCo21/WaWV1bX1jfJmZWt7Z3evun/Q0UmmGG+zRCaqF1DNpYh5GwVK3ksVp1EgeTcYX8/87iNXWiTxPU5S7kd0GItQMIpG8txb4qGIuCYPfr9as+v2HOQvcQpSgwKtfvXTGyQsi3iMTFKtXcdO0c+pQsEkn1a8TPOUsjEdctfQmJo9fj6/eUpOjDIgYaJMxUjm6s+JnEZaT6LAdEYUR3rZm4n/eW6G4aWfizjNkMdssSjMJMGEzAIgA6E4QzkxhDIlzK2EjaiiDE1MFROCs/zyX9I5qzuNeuPuvNa8KuIowxEcwyk4cAFNuIEWtIFBCk/wAq9WZj1bb9b7orVkFTOH8AvWxzceVJEb</latexit>

[N ⇥ Z]

<latexit sha1_base64="vwvBf9O+s1Nxr6sWImvErt3qWaw=">AAAB/HicbVBNS8NAEN3Ur1q/oj16CRbBU0lEqsdiLx4r2A9oQ9lspu3SzW7Y3Qgh1L/ixYMiXv0h3vw3btoctPXBwOO9GWbmBTGjSrvut1Xa2Nza3invVvb2Dw6P7OOTrhKJJNAhggnZD7ACRjl0NNUM+rEEHAUMesGslfu9R5CKCv6g0xj8CE84HVOCtZFGdnUoYpBYC8lxBFlL8HA+smtu3V3AWSdeQWqoQHtkfw1DQZIIuCYMKzXw3Fj7GZaaEgbzyjBREGMywxMYGJpvUn62OH7unBsldMZCmuLaWai/JzIcKZVGgemMsJ6qVS8X//MGiR7f+BnlcaKBk+WiccIcLZw8CSekEohmqSGYSGpudcgUS0y0yatiQvBWX14n3cu616g37q9qzdsijjI6RWfoAnnoGjXRHWqjDiIoRc/oFb1ZT9aL9W59LFtLVjFTRX9gff4AhB6VWQ==</latexit>

Cond

<latexit sha1_base64="vwvBf9O+s1Nxr6sWImvErt3qWaw=">AAAB/HicbVBNS8NAEN3Ur1q/oj16CRbBU0lEqsdiLx4r2A9oQ9lspu3SzW7Y3Qgh1L/ixYMiXv0h3vw3btoctPXBwOO9GWbmBTGjSrvut1Xa2Nza3invVvb2Dw6P7OOTrhKJJNAhggnZD7ACRjl0NNUM+rEEHAUMesGslfu9R5CKCv6g0xj8CE84HVOCtZFGdnUoYpBYC8lxBFlL8HA+smtu3V3AWSdeQWqoQHtkfw1DQZIIuCYMKzXw3Fj7GZaaEgbzyjBREGMywxMYGJpvUn62OH7unBsldMZCmuLaWai/JzIcKZVGgemMsJ6qVS8X//MGiR7f+BnlcaKBk+WiccIcLZw8CSekEohmqSGYSGpudcgUS0y0yatiQvBWX14n3cu616g37q9qzdsijjI6RWfoAnnoGjXRHWqjDiIoRc/oFb1ZT9aL9W59LFtLVjFTRX9gff4AhB6VWQ==</latexit>

Cond

<latexit sha1_base64="Y6zwvN1fCApVIej2Kp3Lt6fNGPc=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclUSkuiy6cSUV7APTUCbTSTt0MgkzN0II9VfcuFDErR/izr9x2mahrQeGOZxzL/feEySCa3Ccb2tldW19Y7O0Vd7e2d3btw8O2zpOFWUtGotYdQOimeCStYCDYN1EMRIFgnWC8fXU7zwypXks7yFLmB+RoeQhpwSM1Lcr3m0PeMQ07hT/g9+3q07NmQEvE7cgVVSg2be/eoOYphGTQAXR2nOdBPycKOBUsEm5l2qWEDomQ+YZKomZ4+ez5Sf4xCgDHMbKPAl4pv7uyEmkdRYFpjIiMNKL3lT8z/NSCC/9nMskBSbpfFCYCgwxniaBB1wxCiIzhFDFza6YjogiFExeZROCu3jyMmmf1dx6rX53Xm1cFXGU0BE6RqfIRReogW5QE7UQRRl6Rq/ozXqyXqx362NeumIVPRX0B9bnDw4BlGc=</latexit>

[N ⇥W ⇥ Z]

<latexit sha1_base64="O3IPqfQqdFWSAABd6ac08nBVGyM=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUlEqsuim66kgn1gGspkOmmHTiZhZiKUUH/FjQtF3Poh7vwbp20W2npgmMM593LvPUHCmdKO820V1tY3NreK26Wd3b39A/vwqK3iVBLaIjGPZTfAinImaEszzWk3kRRHAaedYHwz8zuPVCoWi3s9Sagf4aFgISNYG6lvl73bnmYRVaiR/w9+3644VWcOtErcnFQgR7Nvf/UGMUkjKjThWCnPdRLtZ1hqRjidlnqpogkmYzyknqECmzl+Nl9+ik6NMkBhLM0TGs3V3x0ZjpSaRIGpjLAeqWVvJv7neakOr/yMiSTVVJDFoDDlSMdolgQaMEmJ5hNDMJHM7IrICEtMtMmrZEJwl09eJe3zqlur1u4uKvXrPI4iHMMJnIELl1CHBjShBQQm8Ayv8GY9WS/Wu/WxKC1YeU8Z/sD6/AH2r5RY</latexit>

[N ⇥H ⇥ Z]

<latexit sha1_base64="88KO1JDw+RhwqdV8aiwx0CQLiIs=">AAAB7nicbVA9SwNBEJ3zM8avqKXNYhDEItyliJbRFFpJFPMByRH2NnvJkr29ZXdPCEd+hI2FIrb+Hjv/jZvkCk18MPB4b4aZeYHkTBvX/XZWVtfWNzZzW/ntnd29/cLBYVPHiSK0QWIeq3aANeVM0IZhhtO2VBRHAaetYFSb+q0nqjSLxaMZS+pHeCBYyAg2Vmpd3dQe7s5Rr1B0S+4MaJl4GSlChnqv8NXtxySJqDCEY607niuNn2JlGOF0ku8mmkpMRnhAO5YKHFHtp7NzJ+jUKn0UxsqWMGim/p5IcaT1OApsZ4TNUC96U/E/r5OY8NJPmZCJoYLMF4UJRyZG099RnylKDB9bgoli9lZEhlhhYmxCeRuCt/jyMmmWS16lVLkvF6vXWRw5OIYTOAMPLqAKt1CHBhAYwTO8wpsjnRfn3fmYt6442cwR/IHz+QOs845+</latexit>

AGCRN*

<latexit sha1_base64="88KO1JDw+RhwqdV8aiwx0CQLiIs=">AAAB7nicbVA9SwNBEJ3zM8avqKXNYhDEItyliJbRFFpJFPMByRH2NnvJkr29ZXdPCEd+hI2FIrb+Hjv/jZvkCk18MPB4b4aZeYHkTBvX/XZWVtfWNzZzW/ntnd29/cLBYVPHiSK0QWIeq3aANeVM0IZhhtO2VBRHAaetYFSb+q0nqjSLxaMZS+pHeCBYyAg2Vmpd3dQe7s5Rr1B0S+4MaJl4GSlChnqv8NXtxySJqDCEY607niuNn2JlGOF0ku8mmkpMRnhAO5YKHFHtp7NzJ+jUKn0UxsqWMGim/p5IcaT1OApsZ4TNUC96U/E/r5OY8NJPmZCJoYLMF4UJRyZG099RnylKDB9bgoli9lZEhlhhYmxCeRuCt/jyMmmWS16lVLkvF6vXWRw5OIYTOAMPLqAKt1CHBhAYwTO8wpsjnRfn3fmYt6442cwR/IHz+QOs845+</latexit>

AGCRN*

<latexit sha1_base64="Yn4FUbA9ZpYWpTp7727OaUkUyeQ=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdK+qHq1aq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOtK4zf</latexit>

P

<latexit sha1_base64="OyMcX2wSn0IQJsOdIFLeLbgUhYA=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BQTwmYB6QLGF20puMmZ1dZmaFEPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj25nfekKleSwfzDhBP6IDyUPOqLFS/a5XLLlldw6ySryMlCBDrVf86vZjlkYoDRNU647nJsafUGU4EzgtdFONCWUjOsCOpZJGqP3J/NApObNKn4SxsiUNmau/JyY00nocBbYzomaol72Z+J/XSU147U+4TFKDki0WhakgJiazr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfnmVNC/KXqVcqV+WqjdZHHk4gVM4Bw+uoAr3UIMGMEB4hld4cx6dF+fd+Vi05pxs5hj+wPn8AZ4DjNU=</latexit>

F

<latexit sha1_base64="2MZXzRNnnasCNiwWA7U3L20TEjo=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0VwISWRoi6LbrqsYB/QxDCZTtqhkwczN0IJ2brxV9y4UMStf+DOv3HSdqGtBy4czrmXe+/xE8EVWNa3UVpZXVvfKG9WtrZ3dvfM/YOOilNJWZvGIpY9nygmeMTawEGwXiIZCX3Buv74pvC7D0wqHkd3MEmYG5JhxANOCWjJM7ETEhj5QeaMCGS9PL8PvMzJwLPPcBM7ee6ZVatmTYGXiT0nVTRHyzO/nEFM05BFQAVRqm9bCbgZkcCpYHnFSRVLCB2TIetrGpGQKTebfpLjE60McBBLXRHgqfp7IiOhUpPQ153F3WrRK8T/vH4KwZWb8ShJgUV0tihIBYYYF7HgAZeMgphoQqjk+lZMR0QSCjq8ig7BXnx5mXTOa/ZFrX5brzau53GU0RE6RqfIRpeogZqohdqIokf0jF7Rm/FkvBjvxsestWTMZw7RHxifP2xQmiY=</latexit>

X̂f

{t1,H}

<latexit sha1_base64="iU1/ncU5ZGg7ldVZE+ZylCCYttQ=">AAACBXicbVDLSsNAFJ34rPUVdamLwSK4kJJIUZdFN11WsA9oYphMJ+3QySTMTIQyZOPGX3HjQhG3/oM7/8ZJ24W2HrhwOOde7r0nTBmVynG+raXlldW19dJGeXNre2fX3ttvyyQTmLRwwhLRDZEkjHLSUlQx0k0FQXHISCcc3RR+54EISRN+p8Yp8WM04DSiGCkjBfaRFyM1DCOtu3l+HwXa0ypwz2ADenke2BWn6kwAF4k7IxUwQzOwv7x+grOYcIUZkrLnOqnyNRKKYkbyspdJkiI8QgPSM5SjmEhfT77I4YlR+jBKhCmu4ET9PaFRLOU4Dk1ncbOc9wrxP6+XqejK15SnmSIcTxdFGYMqgUUksE8FwYqNDUFYUHMrxEMkEFYmuLIJwZ1/eZG0z6vuRbV2W6vUr2dxlMAhOAanwAWXoA4aoAlaAINH8AxewZv1ZL1Y79bHtHXJms0cgD+wPn8AO/KYZQ==</latexit>

Xf

{t1,H}

<latexit sha1_base64="LN/IUMhRUIYtffon8f17KWClfJg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUCbbTbt2sxt2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemHCmjed9O4W19Y3NreJ2aWd3b/+gfHjU0jJVhDaJ5FJ1QtSUM0GbhhlOO4miGIectsPx7cxvP1GlmRQPZpLQIMahYBEjaKzU6iFPRtgvV7yqN4e7SvycVCBHo1/+6g0kSWMqDOGoddf3EhNkqAwjnE5LvVTTBMkYh7RrqcCY6iCbXzt1z6wycCOpbAnjztXfExnGWk/i0HbGaEZ62ZuJ/3nd1ETXQcZEkhoqyGJRlHLXSHf2ujtgihLDJ5YgUcze6pIRKiTGBlSyIfjLL6+S1kXVr1Vr95eV+k0eRxFO4BTOwYcrqMMdNKAJBB7hGV7hzZHOi/PufCxaC04+cwx/4Hz+AI8TjyM=</latexit>↵

Antonio Giganti - Politecnico di Milano - Italy

Exploiting future covariates in STGNN – MAGCRN [1]

Ø Future covariates, like weather forecast or calendar events, could be used to improve the forecast 
Ø Most of the STGNNs do not directly allow for future covariates exploitation !
Ø We propose the Modified AGCRN (MAGCRN) [1] that leverages the ability of conditioning the forecast not only on past 

but also on future information, at the same time take all the advantages of the AGCRN explained before

Simplified Working Principle
1) Input: series of target time series X, and past (p) 

and future covariates ( f ) from multiple stations
2) Conditioning: the input time series X is 

conditioned on past and future covariates 
separately, forming C

3) Embedding estimation: the 2 conditioning 
signals C are used to extract 2 different 
spatiotemporal embeddings, E

4) Past&Future fusion: a combination of the 2 
embeddings E forms the final embedding, O

5) Fully Connected (FC): output mapping 
6) Output: forecasting of the target signal X in 

multiple stations, all at once

Past Covariates

Future Covariates

Predicted 
Target

11

[1] A. Giganti, S. Mandelli, P. Bestagini, U. Giuriato, A. D’Ausilio et al., “Back To The Future: GNN-based NO2 Forecasting Via Future Covariates”. International Geoscience and Remote Sensing Symposium (IGARSS) 2024.

Past Target



Antonio Giganti - Politecnico di Milano - Italy

Exploiting future covariates in STGNN – MAGCRN [1] – Building Blocks

Ø The fully-learnable conditioning module perform a 
conditioning of the current observed time-series window, 
on both past (or future) covariates separately 

Ø In general, given 2 generic data matrices,              , the 
module computes the conditioning as

Ø For a specific case of past covariate conditioning, we have:

Ø The Past&Future embedding fusion simply combine the 
2 hidden spatiotemporal representation of the 2 
branches, i.e., 

Ø The 𝛼 parameter balances the contribution between the 
past and the future representation of the output

Conditioning Past&Future Fusion

<latexit sha1_base64="8CdzC1vQ2lVMedXDv70saNCrWsk=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksgquSiFSXRTeupIK9YBrKZDpph04mYWYilFDwVdy4UMStz+HOt3HaRtDWHwY+/nMO58wfJJwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqGV5N664FKxWJxp0cJ9SPcFyxkBGtjde0D7wZ1NIuoQq0fuPe7dtmpOFOhRXBzKEOuetf+7PRikkZUaMKxUp7rJNrPsNSMcDoudVJFE0yGuE89gwKbPX42PX+Mjo3TQ2EszRMaTd3fExmOlBpFgemMsB6o+drE/K/mpTq88DMmklRTQWaLwpQjHaNJFqjHJCWajwxgIpm5FZEBlphok1jJhODOf3kRmqcVt1qp3p6Va5d5HEU4hCM4ARfOoQbXUIcGEMjgCV7g1Xq0nq03633WWrDymX34I+vjG8D4lLs=</latexit>

[N ⇥W ⇥ Z]
<latexit sha1_base64="8CdzC1vQ2lVMedXDv70saNCrWsk=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksgquSiFSXRTeupIK9YBrKZDpph04mYWYilFDwVdy4UMStz+HOt3HaRtDWHwY+/nMO58wfJJwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqGV5N664FKxWJxp0cJ9SPcFyxkBGtjde0D7wZ1NIuoQq0fuPe7dtmpOFOhRXBzKEOuetf+7PRikkZUaMKxUp7rJNrPsNSMcDoudVJFE0yGuE89gwKbPX42PX+Mjo3TQ2EszRMaTd3fExmOlBpFgemMsB6o+drE/K/mpTq88DMmklRTQWaLwpQjHaNJFqjHJCWajwxgIpm5FZEBlphok1jJhODOf3kRmqcVt1qp3p6Va5d5HEU4hCM4ARfOoQbXUIcGEMjgCV7g1Xq0nq03633WWrDymX34I+vjG8D4lLs=</latexit>

[N ⇥W ⇥ Z]
<latexit sha1_base64="Zo1NN81rRx57Tq0eLG2pXJATJR8=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRbBU0lEqseiFw8KFewHtKFstpN26WY37G7EEvJXvHhQxKt/xJv/xk2bg1YfDDzem2FmXhAzqrTrflmlldW19Y3yZmVre2d3z96vdpRIJIE2EUzIXoAVMMqhralm0Isl4Chg0A2mV7nffQCpqOD3ehaDH+ExpyElWBtpaFcHIgaJtZAcR5De3rSyoV1z6+4czl/iFaSGCrSG9udgJEgSAdeEYaX6nhtrP8VSU8IgqwwSBTEmUzyGvqH5IuWn89sz59goIycU0hTXzlz9OZHiSKlZFJjOCOuJWvZy8T+vn+jwwk8pjxMNnCwWhQlztHDyIJwRlUA0mxmCiaTmVodMsMREm7gqJgRv+eW/pHNa9xr1xt1ZrXlZxFFGh+gInSAPnaMmukYt1EYEPaIn9IJercx6tt6s90VrySpmDtAvWB/fbFCUtA==</latexit>

MLP
<latexit sha1_base64="Zo1NN81rRx57Tq0eLG2pXJATJR8=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRbBU0lEqseiFw8KFewHtKFstpN26WY37G7EEvJXvHhQxKt/xJv/xk2bg1YfDDzem2FmXhAzqrTrflmlldW19Y3yZmVre2d3z96vdpRIJIE2EUzIXoAVMMqhralm0Isl4Chg0A2mV7nffQCpqOD3ehaDH+ExpyElWBtpaFcHIgaJtZAcR5De3rSyoV1z6+4czl/iFaSGCrSG9udgJEgSAdeEYaX6nhtrP8VSU8IgqwwSBTEmUzyGvqH5IuWn89sz59goIycU0hTXzlz9OZHiSKlZFJjOCOuJWvZy8T+vn+jwwk8pjxMNnCwWhQlztHDyIJwRlUA0mxmCiaTmVodMsMREm7gqJgRv+eW/pHNa9xr1xt1ZrXlZxFFGh+gInSAPnaMmukYt1EYEPaIn9IJercx6tt6s90VrySpmDtAvWB/fbFCUtA==</latexit>

MLP
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

�

<latexit sha1_base64="8CdzC1vQ2lVMedXDv70saNCrWsk=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksgquSiFSXRTeupIK9YBrKZDpph04mYWYilFDwVdy4UMStz+HOt3HaRtDWHwY+/nMO58wfJJwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqGV5N664FKxWJxp0cJ9SPcFyxkBGtjde0D7wZ1NIuoQq0fuPe7dtmpOFOhRXBzKEOuetf+7PRikkZUaMKxUp7rJNrPsNSMcDoudVJFE0yGuE89gwKbPX42PX+Mjo3TQ2EszRMaTd3fExmOlBpFgemMsB6o+drE/K/mpTq88DMmklRTQWaLwpQjHaNJFqjHJCWajwxgIpm5FZEBlphok1jJhODOf3kRmqcVt1qp3p6Va5d5HEU4hCM4ARfOoQbXUIcGEMjgCV7g1Xq0nq03633WWrDymX34I+vjG8D4lLs=</latexit>

[N ⇥W ⇥ Z]
<latexit sha1_base64="8CdzC1vQ2lVMedXDv70saNCrWsk=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksgquSiFSXRTeupIK9YBrKZDpph04mYWYilFDwVdy4UMStz+HOt3HaRtDWHwY+/nMO58wfJJwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqGV5N664FKxWJxp0cJ9SPcFyxkBGtjde0D7wZ1NIuoQq0fuPe7dtmpOFOhRXBzKEOuetf+7PRikkZUaMKxUp7rJNrPsNSMcDoudVJFE0yGuE89gwKbPX42PX+Mjo3TQ2EszRMaTd3fExmOlBpFgemMsB6o+drE/K/mpTq88DMmklRTQWaLwpQjHaNJFqjHJCWajwxgIpm5FZEBlphok1jJhODOf3kRmqcVt1qp3p6Va5d5HEU4hCM4ARfOoQbXUIcGEMjgCV7g1Xq0nq03633WWrDymX34I+vjG8D4lLs=</latexit>

[N ⇥W ⇥ Z]
<latexit sha1_base64="Zo1NN81rRx57Tq0eLG2pXJATJR8=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRbBU0lEqseiFw8KFewHtKFstpN26WY37G7EEvJXvHhQxKt/xJv/xk2bg1YfDDzem2FmXhAzqrTrflmlldW19Y3yZmVre2d3z96vdpRIJIE2EUzIXoAVMMqhralm0Isl4Chg0A2mV7nffQCpqOD3ehaDH+ExpyElWBtpaFcHIgaJtZAcR5De3rSyoV1z6+4czl/iFaSGCrSG9udgJEgSAdeEYaX6nhtrP8VSU8IgqwwSBTEmUzyGvqH5IuWn89sz59goIycU0hTXzlz9OZHiSKlZFJjOCOuJWvZy8T+vn+jwwk8pjxMNnCwWhQlztHDyIJwRlUA0mxmCiaTmVodMsMREm7gqJgRv+eW/pHNa9xr1xt1ZrXlZxFFGh+gInSAPnaMmukYt1EYEPaIn9IJercx6tt6s90VrySpmDtAvWB/fbFCUtA==</latexit>

MLP
<latexit sha1_base64="Zo1NN81rRx57Tq0eLG2pXJATJR8=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRbBU0lEqseiFw8KFewHtKFstpN26WY37G7EEvJXvHhQxKt/xJv/xk2bg1YfDDzem2FmXhAzqrTrflmlldW19Y3yZmVre2d3z96vdpRIJIE2EUzIXoAVMMqhralm0Isl4Chg0A2mV7nffQCpqOD3ehaDH+ExpyElWBtpaFcHIgaJtZAcR5De3rSyoV1z6+4czl/iFaSGCrSG9udgJEgSAdeEYaX6nhtrP8VSU8IgqwwSBTEmUzyGvqH5IuWn89sz59goIycU0hTXzlz9OZHiSKlZFJjOCOuJWvZy8T+vn+jwwk8pjxMNnCwWhQlztHDyIJwRlUA0mxmCiaTmVodMsMREm7gqJgRv+eW/pHNa9xr1xt1ZrXlZxFFGh+gInSAPnaMmukYt1EYEPaIn9IJercx6tt6s90VrySpmDtAvWB/fbFCUtA==</latexit>

MLP
<latexit sha1_base64="TDZ5kXVcRihTN/44IH5FtXDuleA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEWo9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1GvfFwXWvdFnGU4QzO4RI8aEIL7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEXGo5K</latexit>

�
<latexit sha1_base64="7CDz+hFii/hnzm/SPcG6JVj1JjA=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXJHoMevGYgHlAsoTZSW8yZnZ2mZkVQsgXePGgiFc/yZt/4yTZgyYWNBRV3XR3BYng2rjut5NbW9/Y3MpvF3Z29/YPiodHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWM7mZ+6wmV5rF8MOME/YgOJA85o8ZK9YteseSW3TnIKvEyUoIMtV7xq9uPWRqhNExQrTuemxh/QpXhTOC00E01JpSN6AA7lkoaofYn80On5MwqfRLGypY0ZK7+npjQSOtxFNjOiJqhXvZm4n9eJzXhjT/hMkkNSrZYFKaCmJjMviZ9rpAZMbaEMsXtrYQNqaLM2GwKNgRv+eVV0rwse5VypX5Vqt5mceThBE7hHDy4hircQw0awADhGV7hzXl0Xpx352PRmnOymWP4A+fzB3UXjLo=</latexit>

+
<latexit sha1_base64="8CdzC1vQ2lVMedXDv70saNCrWsk=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksgquSiFSXRTeupIK9YBrKZDpph04mYWYilFDwVdy4UMStz+HOt3HaRtDWHwY+/nMO58wfJJwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqGV5N664FKxWJxp0cJ9SPcFyxkBGtjde0D7wZ1NIuoQq0fuPe7dtmpOFOhRXBzKEOuetf+7PRikkZUaMKxUp7rJNrPsNSMcDoudVJFE0yGuE89gwKbPX42PX+Mjo3TQ2EszRMaTd3fExmOlBpFgemMsB6o+drE/K/mpTq88DMmklRTQWaLwpQjHaNJFqjHJCWajwxgIpm5FZEBlphok1jJhODOf3kRmqcVt1qp3p6Va5d5HEU4hCM4ARfOoQbXUIcGEMjgCV7g1Xq0nq03633WWrDymX34I+vjG8D4lLs=</latexit>

[N ⇥W ⇥ Z]<latexit sha1_base64="swKF3DDSCRneGUO3EKSG3JuLjis=">AAACA3icbVDLSsNAFL2pr1pfUXe6GSyCCymJSHVZdOOygn1AE8NkOmmHTh7MTIQSAm78FTcuFHHrT7jzb5y0XWjrgQuHc+7l3nv8hDOpLOvbKC0tr6yuldcrG5tb2zvm7l5bxqkgtEViHouujyXlLKItxRSn3URQHPqcdvzRdeF3HqiQLI7u1DihbogHEQsYwUpLnnnghFgN/SDr5veJlzmZ8qxT1EFOnntm1apZE6BFYs9IFWZoeuaX049JGtJIEY6l7NlWotwMC8UIp3nFSSVNMBnhAe1pGuGQSjeb/JCjY630URALXZFCE/X3RIZDKcehrzuLi+W8V4j/eb1UBZduxqIkVTQi00VBypGKUREI6jNBieJjTTARTN+KyBALTJSOraJDsOdfXiTts5pdr9Vvz6uNq1kcZTiEIzgBGy6gATfQhBYQeIRneIU348l4Md6Nj2lryZjN7MMfGJ8/hvWXcw==</latexit>

Xp
{t0,W}

<latexit sha1_base64="YwkJfiYtiRa1nJgQJsQ83dH6Afk=">AAACBHicbVBNS8NAEN3Ur1q/oh57WSyCBymJSPVY9OKxgmkLTQyb7aZdutmE3Y1QQg5e/CtePCji1R/hzX/jps1BWx8MPN6bYWZekDAqlWV9G5WV1bX1jepmbWt7Z3fP3D/oyjgVmDg4ZrHoB0gSRjlxFFWM9BNBUBQw0gsm14XfeyBC0pjfqWlCvAiNOA0pRkpLvll3I6TGGLHMye8TP3Mz5VunsAfdPPfNhtW0ZoDLxC5JA5To+OaXO4xxGhGuMENSDmwrUV6GhKKYkbzmppIkCE/QiAw05Sgi0stmT+TwWCtDGMZCF1dwpv6eyFAk5TQKdGdxslz0CvE/b5Cq8NLLKE9SRTieLwpTBlUMi0TgkAqCFZtqgrCg+laIx0ggrHRuNR2CvfjyMumeNe1Ws3V73mhflXFUQR0cgRNggwvQBjegAxyAwSN4Bq/gzXgyXox342PeWjHKmUPwB8bnD0+dl+I=</latexit>

Up
{t0,W}

<latexit sha1_base64="sunoQv17T8A6sOaxxXmSoxc/HIs=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Mv65Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtC6qXq1au7+s1G/yOIpwAqdwDh5cQR3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB58WjXA=</latexit>

{<latexit sha1_base64="Yn4FUbA9ZpYWpTp7727OaUkUyeQ=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdK+qHq1aq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOtK4zf</latexit>

P ...

<latexit sha1_base64="UoJcO9ajsdyBcG6sE4CkAxmMVjs=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL54kgnnA7hJmJ7PJkNkHM71CWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSqFRtv+tkpr6xubW+Xtys7u3v5B9fCoo5NMMd5miUxUL6CaSxHzNgqUvJcqTqNA8m4wvp353SeutEjiR5yk3I/oMBahYBSN5Ln3xEMRcU26fr9as+v2HGSVOAWpQYFWv/rlDRKWRTxGJqnWrmOn6OdUoWCSTytepnlK2ZgOuWtoTM0eP5/fPCVnRhmQMFGmYiRz9fdETiOtJ1FgOiOKI73szcT/PDfD8NrPRZxmyGO2WBRmkmBCZgGQgVCcoZwYQpkS5lbCRlRRhiamignBWX55lXQu6k6j3ni4rDVvijjKcAKncA4OXEET7qAFbWCQwjO8wpuVWS/Wu/WxaC1Zxcwx/IH1+QMZxZEY</latexit>

[N ⇥W ]

<latexit sha1_base64="UoJcO9ajsdyBcG6sE4CkAxmMVjs=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL54kgnnA7hJmJ7PJkNkHM71CWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSqFRtv+tkpr6xubW+Xtys7u3v5B9fCoo5NMMd5miUxUL6CaSxHzNgqUvJcqTqNA8m4wvp353SeutEjiR5yk3I/oMBahYBSN5Ln3xEMRcU26fr9as+v2HGSVOAWpQYFWv/rlDRKWRTxGJqnWrmOn6OdUoWCSTytepnlK2ZgOuWtoTM0eP5/fPCVnRhmQMFGmYiRz9fdETiOtJ1FgOiOKI73szcT/PDfD8NrPRZxmyGO2WBRmkmBCZgGQgVCcoZwYQpkS5lbCRlRRhiamignBWX55lXQu6k6j3ni4rDVvijjKcAKncA4OXEET7qAFbWCQwjO8wpuVWS/Wu/WxaC1Zxcwx/IH1+QMZxZEY</latexit>

[N ⇥W ]
<latexit sha1_base64="ky3oErtPz5EkrRyAFxEZUKMXRqc=">AAAB83icbVDLSgMxFL3js9ZX1aWbYBFclRmR6rLYjcsK9gGdsWTSTBuayYQkI5Shv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJJWfauO63s7a+sbm1Xdop7+7tHxxWjo47OkkVoW2S8ET1QqwpZ4K2DTOc9qSiOA457YaTZu53n6jSLBEPZippEOORYBEj2FjJ92NsxmGUNWePclCpujV3DrRKvIJUoUBrUPnyhwlJYyoM4VjrvudKE2RYGUY4nZX9VFOJyQSPaN9SgWOqg2yeeYbOrTJEUaLsEwbN1d8bGY61nsahncwz6mUvF//z+qmJboKMCZkaKsjiUJRyZBKUF4CGTFFi+NQSTBSzWREZY4WJsTWVbQne8pdXSeey5tVr9furauO2qKMEp3AGF+DBNTTgDlrQBgISnuEV3pzUeXHenY/F6JpT7JzAHzifPzr2kdQ=</latexit>

Cp
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[1] A. Giganti, S. Mandelli, P. Bestagini, U. Giuriato, A. D’Ausilio et al., “Back To The Future: GNN-based NO2 Forecasting Via Future Covariates”. International Geoscience and Remote Sensing Symposium (IGARSS) 2024.



Use Case
📈 NO2 Forecasting 📉



Antonio Giganti - Politecnico di Milano - Italy

We conduct experiments on a recently released real-world dataset composed of hourly-sampled air quality, meteorological 
and traffic data from 24 different ground monitoring stations in the city of Madrid (Spain), from January to June 2019 [1]

Dataset

[1] D. Iskandaryan, F. Ramos, and S. Trilles, “Graph Neural Network for Air Quality Prediction: A Case Study in Madrid,” IEEE Access, vol. 11, pp. 2729–2742, 2023, doi: 10.1109/ACCESS.2023.3234214.

The released data include:

Ø Air quality data — NO2 concentration [μg/m3]

Ø Meteorological data — wind speed [m/s], wind direction 
[rad], temperature [◦C], relative humidity [%], barometric 
pressure [mb], solar irradiance [W/m2]

Ø Traffic data — intensity [vehicles/h], occupancy time [%], load 
(degree of congestion) [%], average traffic speed [km/h]

 Target:  NO2 concentration 
 Past Covariates: Traffic Data + Calendar
 Future Covariates: Meteorological Data + Calendar
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Antonio Giganti - Politecnico di Milano - Italy

We select 3 STGNN that are the state-of-the-art for time series forecasting:

Ø Graph WaveNet [1], which integrates diffusion graph convolutions with dilated convolutions to capture spatial and 
temporal dependencies more effectively

Ø Gated GNN (GGNN) [2], that integrates gated mechanisms and residual connections for effective information 
propagation along the graph

Ø AGCRN [3], the reference architecture which our method is built upon and explained before

Although very recent, none of these STGNNs directly supports future covariates, contrarily to our proposed MAGCRN

In addition, we focus on STGNNs that directly learn the adjacency matrix (latent graph) of the graph nodes (nodes 
relationships), since predefined matrices usually discard additional spurious correlation between them, i.e., our monitoring 
stations    

Network Baselines

[1] Z. Wu, S. Pan, G. Long, J. Jiang, and C. Zhang, “Graph wavenet for deep spatial-temporal graph modeling,” International Joint Conference on Artificial Intelligence (IJCAI) 2019, pp. 1907–1913.
[2] V. G. Satorras, S. S. Rangapuram, and T. Januschowski, “Multivariate Time Series Forecasting with Latent Graph Inference.” arXiv, 2022. doi: 10.48550/arXiv.2203.03423.
[3] L. Bai, L. Yao, C. Li, X. Wang, and C. Wang, “Adaptive Graph Convolutional Recurrent Network for Traffic Forecasting,” Neural Information Processing Systems (NeurIPS), 2020.
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Results

... actually, some of the them J

Antonio Giganti - Politecnico di Milano - Italy



Antonio Giganti - Politecnico di Milano - Italy

Ø Our proposed MAGCNR, almost all the time outperforms all the considered state-of-the-art DL-based forecasting 
models (red bars). The dashed (      ) lines denote the mean MAE values among all the stations, for each model

Network Comparison

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Station ID

0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

M
A

E

MAGCRN

TiDE

Gated GNN

AGCRN

Graph WaveNet

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Results – Global – Graph Neural Network

17

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Station ID

0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

M
A

E

MAGCRN

TiDE

Gated GNN

AGCRN

Graph WaveNet

Ø We compare the performance of multiple GNN-based (global) forecasting architecture and the previous TiDE (local) model
Ø We compute the MAE value for each station in the observation network
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Prediction Examples

Examples of predictions from station 1 (right) – MAGCRN only – and 20 (left)  – all the selected baselines. The time is in hours, the value in the predicted NO2 concentration at the station 
Notice how – red boxes, right figure – MAGCRN is the only one that tries to recover concentration maxima, and the others fail to predict it
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Parameter Sensitivity

We explored the role of (from right to left): 

1) the number of layers of the AGCRN module
2) the size of the node’s (station’s) embeddings
3) the 𝛼	factor used to balance the action between 

past and future conditioning
4) the size of the hidden representation, Z

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Ø From the figure referred to 𝛼, it is possible to notice a particular behavior, consistent among all the forecasting horizons: 
the future weather conditions are more important (higher 𝛼) for the final the forecasting task, compared to the past traffic 
conditions (lower 𝛼), leading to a lower         MAE

Ø For the forecasting horizons that are distant to the one adopted in training (2-day and 3-day), the future conditioning 
becomes even more crucial to achieve acceptable results
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We report the achieved MAE as a function of 
the analyzed parameters, for different 
forecasting horizons*

*Each time we vary a parameter, we set the other to its default value
Embedding size=10, Num. Layers=3, Z=64 and 𝛼	=0.5
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Ø Most of the GNNs for forecasting, used a predefined graph topology – defined by a weighted adjacency matrix (A) – thus 
imposing a priori station-to-station relationships information

Ø Usually - in the Air Quality forecasting context - the A values are the inverse of the geographical distances between stations
Ø This prevents the possibility to consider additional correlations that could exists between stations
Ø For this reason, we let the network learn these additional correlation directly from the data
Ø In addition, having 2 different branches (Past&Future conditioning of the input), we have 2 different adjacency matrix (A) 

Latent Graph Learning

Ø We can see that past and future covariates conditioning, leads to different stations correlations, validating the 
approach of considering at the same time, both conditioning in the forecasting process

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Results – Global – Graph Neural Network
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A-priori A from stations’ 
geographical distances
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Future Works

Ø Asses the model performance using a more rigorous forecasting metrics, e.g. False Alarms, Missed Alarms, Good 
Above Threshold, Good Below Threshold, Index of Agreement etc.

Ø Test the model on a longer, sparse and topologically varied dataset e.g. on a regional, even national scale

Ø Better handle extreme events, e.g. concentration peaks 

Ø Proper integration of future covariates directly into the GNN’s message-passing process

Ø Explore dynamic graph structures, e.g. a time-dependent adjacency matrix (one for each time step)
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ABSTRACT

Due to the latest environmental concerns in keeping at bay contam-
inants emissions in urban areas, air pollution forecasting has been
rising the forefront of all researchers around the world. When pre-
dicting pollutant concentrations, it is common to include the effects
of environmental factors that influence these concentrations within
an extended period, like traffic, meteorological conditions and geo-
graphical information. Most of the existing approaches exploit this
information as past covariates, i.e., past exogenous variables that af-
fected the pollutant but were not affected by it. In this paper, we
present a novel forecasting methodology to predict NO2 concentra-
tion via both past and future covariates. Future covariates are rep-
resented by weather forecasts and future calendar events, which are
already known at prediction time. In particular, we deal with air
quality observations in a city-wide network of ground monitoring
stations, modeling the data structure and estimating the predictions
with a Spatiotemporal Graph Neural Network (STGNN). We pro-
pose a conditioning block that embeds past and future covariates into
the current observations. After extracting meaningful spatiotempo-
ral representations, these are fused together and projected into the
forecasting horizon to generate the final prediction. To the best of
our knowledge, it is the first time that future covariates are included
in time series predictions in a structured way. Remarkably, we find
that conditioning on future weather information has a greater impact
than considering past traffic conditions. We release our code imple-
mentation at https://github.com/polimi-ispl/MAGCRN.

Index Terms— Air Quality Forecasting, Spatiotemporal Data,
Graph Neural Network, Graph-based Forecasting, Urban Computing

1. INTRODUCTION

In the landscape of 21st-century environmental concerns, air pol-
lution forecasting has risen to the forefront, capturing widespread
attention at a global scale. Addressing this challenge, numerous re-
searchers have delved into the exploration of effective solutions, en-
deavoring to precisely forecast air pollutant concentrations through
a variety of methods. Among these approaches, Deep Learning (DL)
methods currently hold the predominant interest, marking significant
advancements in the efforts to forecasting air quality parameters and
mitigating the impact of air pollution [1]–[3].

Pollutant concentrations exhibit intricate correlations in both
temporal and spatial domains, and these correlations dynamically
evolve over time [4]–[6]. Recently, DL-based approaches have

This work was supported by the Italian Ministry of University and Re-
search (MUR) and the European Union (EU) under the PON/REACT project.

demonstrated considerable success in pollutant forecasting by cap-
turing nonlinear temporal and spatial patterns very effectively [2],
[7].

In the last few years, there has been a surge in the popularity of
applying Spatiotemporal Graph Neural Networks (STGNNs) to pol-
lutants forecasting [8]–[14] since they can process the data structure
by modeling it as a graph. Indeed, the underlying assumption is to
incorporate the data structure as an inductive bias [15]–[17]. Time-
evolving observations coming from ground monitoring stations in-
herently contains rich spatiotemporal structure and spatiotemporal
dynamics. The dependency structure of the observations can be cap-
tured through pairwise relationships among the stations. These rep-
resentations form a graph where each station corresponds to a node
and the functional dependencies among the stations can be seen as
edges.

Most of the existing approaches capture spatial dependencies on
a fixed graph structure, assuming that the underlying relationship
between entities is fixed and pre-determined [12], [18]–[20]. How-
ever, the explicit graph structure may not necessarily reflect the true
dependency between measurements and existing relationships may
be missing due to incomplete data connections [21], [22]. Recently,
graph learning methods have been proposed [23] that allow to learn
the graph structure directly from data. These techniques are promis-
ing, pushing forward the forecasting abilities [21], [24], [25].

In the context of air pollutant forecasting like NO2, PM10 and
PM2.5, it is reasonable to assume that including auxiliary information
helps the prediction performance. This is motivated by the fact that
air quality is often influenced by exogenous variables like traffic and
weather conditions. For example, traffic-related emissions have been
one of the top contributors to air pollution in many cities around
the world. It has been proved that these emissions can deteriorate
ambient air quality on a large spatial scale, especially during the
morning and evening rush hours in urban regions [4], [8], [18]. In
addition, studies have shown that air pollutants vary under different
meteorological conditions [5]. Indeed, the temperature affects the
atmospheric and ventilation conditions; humidity and precipitation
can change the deposition characteristics of particulate matter; wind
speed promotes the diffusion and spread of pollutants [26].

All this information could be included in the air quality forecast-
ing as covariates, i.e., exogenous variables that affect the pollutant
to predict, but are not affected by it. For instance, past covariates
are represented by traffic conditions, meteorological factors and ge-
ographical information. Future covariates are all the future-related
information that are known in advance, like weather forecasts and
calendar events (seasons, days of a week, time of a day) [4].

Past covariates have been successfully exploited in [11]–[14],
[18], [19]. To the best of our knowledge, very few STGNN-based
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Ø Learning from Data
Classical Methods: Rule-based, rely on explicit models/physics law/assumptions
Deep Learning: Data-driven, learns patterns and relationships automatically

Ø Interpretability
Classical Methods: Transparent, easier to understand but may oversimplify 
   complex systems
Deep Learning: Sometimes considered a "black box," challenging to 
   interpret

Why Deep Learning for Time Series (TS) Forecasting ?

... and some big companies (like Microsoft, Google, NVIDIA, Copernicus) are investing on it [1-5] 

[1] J. Pathak et al., “FourCastNet: A Global Data-driven High-resolution Weather Model using Adaptive Fourier Neural Operators.” arXiv, Feb. 22, 2022. 
[2] R. Lam et al., “GraphCast: Learning skillful medium-range global weather forecasting.” arXiv, Aug. 04, 2023. 
[3] T. Nguyen, J. Brandstetter, A. Kapoor, J. K. Gupta, and A. Grover, “ClimaX: A foundation model for weather and climate.” arXiv, Jul. 10, 2023. 
[4] M. Andrychowicz et al., “Deep Learning for Day Forecasts from Sparse Observations.” arXiv, Jul. 06, 2023. 
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Training Details – Local Model

To train and assess the performance of our models we use the Mean Absolute Error (MAE) as

t0 t1
timet0 - W t1 + H

HW
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Uf

{t1,H}

Target:  NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Training Parameters Details

W: 24 h of the historical window [past]
H: 24 h of the forecasting window [future]
Forecasting Horizons: 0-24, 25-48, 49-72 h
# Train windows: 3820 max
# Test windows: 429 max
Data Splitting: “causal”, 70/20/10 % for TR/VAL/TS
TR: January-April | VAL: May | TS: June
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t0 t1
timet0 - W t1 + H
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Target:  NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Training Parameters Details

W: 24 h of the historical window [past]
H: 24 h of the forecasting window [future]
𝛼: 0.5, mixing coefficient btw past&future
Forecasting Horizons: 0-24, 25-48, 49-72 h
# Train windows: 3820 max
# Test windows: 429 max
Data Splitting: “causal”, 70/20/10 % for TR/VAL/TS
TR: January-April | VAL: May | TS: June

N time-series as the 
number of station in 

our monitoring 
network

Training Details – Global Model
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Future Conditioning Studies

Ø We compare the performance in conditioning the prediction with Past or Past&Future covariates
Ø REMEMBER: we train 1 model for each monitoring station !
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Ø As we expected , most of the time, conditioning the prediction with future covariates (blue bars), i.e., using the 
weather forecast, brings the best results in terms of forecasting accuracy

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar
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Examples of predictions from station 1 (left) and 22 (right) – thus 2 different training – referred to same time-span. The time is in hours, the value is the predicted NO2 concentration at the station

Future Conditioning Studies

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar
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Cross Station Generalization

Ø We asses the performance in using a model trained 
on a specific station, i.e., A, to predict NO2 
concentration on station B

Ø This could be seen as a generalization study, to 
spot cluster of stations that have the same 
prediction behavior

Ø  As we expected, most of the time, it is not possible 
to use a model trained on a specific station, as a 
surrogate for different multiple station, since the 
MAE is not acceptable  

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar
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Hyperparameter Search

Ø Since TiDE is a local model, it is preferable to carry out study for each station (model), or a subset of them
Ø For the sake of brevity, here we only report the parameter importance study, but we have plenty of results, from 

convergence study, to objective value rank, and so on

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Results – Local – TiDE
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Network Comparison

Ø We compare the performance of multiple GNN-based (global) forecasting architecture and the previous TiDE (local) model
Ø The MAE value is the mean value among all the stations of the observation network
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Ø As we can see, our MAGCRN outperforms all the selected state-of-the-art DL-based forecasting models

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Results – Global – Graph Neural Network
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Ø Until now, we considered the performance for only one forecasting horizon, i.e., predicting the 0-24h (1-day ahead)
Ø Here we report the results of the MAGCRN in forecasting NO2 1-day (0-24h), 2-day (25-48h) and 3-day (49-72h) ahead 

Ø In blue we report the MAE of the MAGCRN trained in 
predicting 1-day ahead NO2 by using the data referred 
to previous day (1-day before). Then, with the same 
training we infer the 2 and 3-day ahead NO2

Ø We can notice that more distant forecasting horizons 
bring to an appreciable decrease in performance

Ø In green we report the MAE of 3 different MAGCRN 
trainings, each one specialized in predicting (from left to 
right) 1, 2 or 3 day ahead values respectively, by using 
the values referred only to previous day (1-day before). 

Ø As we expected, having 3 different models, one for each 
forecasting horizon, benefits the performance (near-
equal MAE among all the horizons), at the expense of 
higher computational cost (3 different trainings)

Forecasting Horizons Effectiveness
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Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Results – Global – Graph Neural Network
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Ø For all the experiments, we considered the meteorological data only as a future covariates (blue bars)

Complexity Consideration
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Meteo as Fut. Cov. Meteo as Past and Fut. Cov.

Ø Using the meteorological variables also as a past covariates (green bars) compromises the performance of all the 
considered models 

Ø We believe that the models' ability to consider additional information is limited, and more information does not always 
lead to a better result

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Results – Global – Graph Neural Network
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Training Time

Ø TiDE model (local):  GPU: ≈ 10 min. * CPU: ≈ 30 min. *  * for single station

Ø MAGCRN model (global):  GPU: ≈ 15 min. CPU: ≈ 3 h   

Memory Consumption

Ø TiDE model (local):  ≈	1 GiB *   

Ø MAGCRN model (global):  ≈	8 GiB 

Reference Workstation Specification

CPU: Intel Xeon Gold 6246, 48 Cores @ 3.3 GHz
GPU: Titan RTX (4608 CUDAs @ 1350MHz, 24 GiB)
RAM: 252 GiB

Results – Model’s Resource Consumption
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Ø We study the effectiveness of our MAGCRN on 4 non-overlapping contiguous NO2 concentration ranges

Ø The blue, green and violet bars denotes the 3 
different forecasting horizons

Ø The stars denotes the number of values (occurrences) 
within the considered range, and are different for each 
forecasting horizon, i.e., higher values are only a few

Ø We can observe a performance drop when the NO2 
concentration values are high, since we do not have 
sufficient training samples of this dynamic, i.e., as you 
can see from the number of occurrences
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Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar
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Learned A 
from Past Covariates

Learned A 
from Future Covariates

Mixed Learned A 
from Past&Fut. Covariates

Results – Global – Graph Neural Network
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Window Pairs Construction

Image courtesy of Torch Spatiotemporal https://github.com/TorchSpatiotemporal/tsl 

Target: NO2 concentration 
Past Covariates: Traffic Data + Calendar
Future Covariates: Meteorological Data + Calendar

Training Details – Design Choice
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