Localised Adaptive Spatial-Temporal
Graph Neural Networks
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Adaptive Graph Sparsification
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Adaptive Graph Sparsification
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Adaptive Graph Sparsification

Algorithm 1: Adaptive Graph Sparsification (AGS)

Input: X:input data, ¥ ( 0, Aadp): Spatial-temporal GNN

with initialization self-adaptive adjacency matrix A4,
Nj: number of pre-training iterations, N2: number of
sparsification iterations, s,: pre-defined sparsity level for

graph.

Output: 7 (-;H,Aﬂdp 0] MA)
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: while iteration i < N» and 1 — ”

: while iteration i < N; do

Forward to compute the loss in Eq.(4).
Back-propagate to update 6 and A, -

: end while
: Obtain pre-trained 7 ( Q»Aadp) :

6:

Sort entries in A4, by magnitude in an ascending order

then obtain list K = {k;}iTN.
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set My = 1if AL ) ¢ Kz,
Forward to compute the loss in Eq.(5).
Back-propagate to update 6 and A;;, © My .

end while

< s4 do
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Datasets and Configurations

Datasets  #Nodes Range

PeMSD3 328 09/01/2018 - 30/11/2018
PeMSD4 307 01/01/2018 - 28/02/2018
PeMSD7 3383 01/07/2017 - 31/08/2017
PeMSD8 170 01/07/2016 - 31/08/2016
Bytom 100 27/07/2017 - 07/05/2018
Decentral 100 14/10/2017 - 07/05/2018
Golem 100 18/02/2017 - 07/05/2018
CA 39 01/02/2020 - 31/12/2020
X 251 01/02/2020 - 31/12/2020
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Main Experimental Results
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Main Experimental Results
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Main Experimental Results
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Impact on Resource Efficiency
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Table 2: Computation cost during inference on original and 99%-localised AGCRNs and AGformsers. The amount of computation
is measured in MFLOPs, and acceleration factors are calculated in the round brackets.

it Computation Cost for Inference (MFLOPs)

PeMSD3 PeMSD4 PeMSD7 PeMSD8  Decentraland Bytom Golem CA TX
Original AGCRN 400.26 188.59 1131.41 153.06 8.58 8.58 8.58 161.42 850.29
Original AGFormer 122.01 99.45 453.89 47.39 15.02 15.02 15.02 21.50 266.97

Localised AGCRN  253.33(11.6x) 80.55(12.3x) 237.56(14.8%) 119.93(]1.3x) 2.82(13.0x) 2.82(13.0x) 2.82(13.0x) 145.50(711.1x) 706.21(11.2x)
Localised AGFormer 80.13(71.5x) 68.64(71.4x) 199.17(12.3%) 37.95(71.3x) 11.75(11.3x) 1.75(1.3x) 11.75(71.3%) 19.56(]1.1%X) 226.43(71.1x)




Localised AGCRNs vs. Other Non-Localised ASTGNNs
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Table 3: Performance of 99%-localised AGCRNs compared with other non-localised ASTGNN architectures on transportation
datasets.

Waitinda Datasets PeMSD3 PeMSD4 PeMSD7 PeMSD38 Average

Metrics MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
AGCRN 15.98 28.25 15.23% 19.83 32.30 12.97% 22.37 36.55 9.12% 15.95 25.22 10.09%  18.53 30.58 11.85%
Z-GCNETs 16.64 28.15 16.39% 19.50 31.61 12.78% 21.77 2517 9.25% 15.76 25.11 10.01% 18.42 30.01 12.11%
STG-NCDE 1557 27.09 15.06% 19.21 31.09 12.76% 20.53 33.84 8.80% 15.45 24.81 9.92% 17.69  29.21 11.64%
TAMP-S2GCNets 16.03  28.28 1537%  19.58  31.64 13.22%  22.16  36.24 9.20% 16.17  25.75 10.18% 18.49  30.48 11.99%

Localised AGCRN 15.41 27.21 14.93%  19.55 31.88 12.70%  21.03 34.56 8.53% 15.63 24.78 9.78% 17.91 29.61 11.49%




Localisation of Non-temporal Graphs
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Table 6: Classification accuracy (%) of localised GCN and GAT
on citation graph datasets.

Sparsity(%) Cora Citeseer PubMed
GCN GAT GCN GAT GCN GAT
0% 80.20 82.10 6940 72.52 78.90 79.00
30% 80.35 83.17 69.23 7231 79.14 79.23
30% 72.73 7540 69.37 72.70 78.82 79.31
80% 65.19 70.81 58.47 63.18 6837 77.03
100% 56.22 63.29 53.13 5750 61.02 64.25
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