Loss-based directed graph constraints for recurrent flow
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MCE term requires a sparse matrix-vector multiplication with time and memory
complexity O(€) and O(E + N) where N is the number of nodes. Cradient computation
for Q leads to the same asymptotic cost.

graph. Basic setup & evaluation metrics
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i. PTB in regularized MPNN-LSTM/GRU is | by ~13% compared to MC-LSTM. iv.The regularized loss in GRU | inference
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ii. The regularization leads to 2.84% reduction in overall MAE across the respective & training time by ~32% & ~14%.
plain architectures, with high-flow error (MAE 45) decreased up to 3.12%. v. The reg. models take less training time

iii.It drops the MCE down to 3.5x reduction in residual mass imbalance. than MC-LSTM by 4.25X more.

4. Conclusion

* The results indicate that the proposed regularization helps the NN models converge faster to a less violating mass-conserving
solution with modest accuracy improvements, given the regularization constant is tuned.

* The limitations of the proposed regularization are (i) its sensitivity to hyper-parameter optimization (ii) mass-conservation may
still be violated based on other exogenous drivers.

* Future work targets: (i) the extension of this work to other flow networks such as traffic flows (ii) using a mass-conserving
architecture for this type of networks as an inductive bias.
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