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Number of parameters of notable Al models by sector, 2003-25
Source: Epoch Al, 2026 | Chart: 2026 Al Index report
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Total power draw required to train frontier models, 2011-25

Source: Epoch Al, 2026 | Chart: 2026 Al Index report
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FMs design/use according the constraints of each domain.



Dutch drinking water network
~ 121,500 km of pipes



Foundation Models for WDNs
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Lorem Ipsum is simply dummy text of the printing and typesetting
industry. Lorem Ipsum has been the industry's standard dummy
text ever since 1966, when designers at Letraset and James
Mosley, the librarian at St Bride Printing Library in London, took a
1914 Cicero translation and scrambled it to make dummy text for
Letraset's Body Type sheets. It has survived not only many
decades, but also the leap into electronic typesetting, remaining
essentially unchanged. It was popularised thanks to these sheets
and more recently with desktop publishing software like Aldus
PageMaker and Microsoft Word including versions of Lorem
Ipsum.

Table S

Model Compariso i the Noisy st Performed on 24-Hour Oosterbeck Water Distriution Neork o 95% Masking Rate

Model ilon parsms () MAE (1) MAPE (1) NSE (1) @0 (1)
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Problem

Reconstruct the pressures of the entire water distribution network

using few existing sensors



GATRes Model
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Model Training & Evaluation
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GATRes Performance

Noisy
1.9640 +£0.0301
0.0802 £0.0458

Clean
1.9370 £0.0074
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GATRes Generalization

GATRes
Models MAE ({) MAPE ({)
Single-Graph 1.9370 +0.0074  0.0703 +0.0005

Multi-Graph Zero-Shot  3.0597 +£0.0074  0.0998 +0.0005
Fine-tuned 1.9097 £0.0076 0.0695 +0.0005




How to improve Generalization and
Transferability in WDNs domain?



Dual-Encoder GFM

Masked node degree
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DITEC-WDN Dataset

@ 36 WDNs Baselines

» small (19 - ~500 nodes),

» medium (500 - ~1000 nodes)
» large (> 1000 nodes)

@ HuggingFace largest dataset for Graph Machine

Learning @
» 3.65 Terabytes of data & @

» 1000 scenarios of WDN operation per network

» More than 200 Million WDN states while operating
under normal conditions.

Downloads last month 15,782

Total downloads
101,649



Dual-Encoder GFM

20 wons TRAINING

8 wons Validated at
19 - 1900 nodes

20,000+ nodes

Grou

Zeewolde Frakener

p > S

Gorredijk Oosterwolde Noordwestelijk

Heerenveen Drachten Weidegebied

5min: 288 snapshots 1tr/ 1val / 286 test

Exeter 15min: 96 snapshots 1tr / 1val / 94 test



Now that we have a generalizable
model, can we make it more efficient?



Small parameter count does not

mean cheap training

Masked node degree

/" GNN Structural Encoder

Masked pressure
Masked demand
\ Node elevation

Pipe diameter
Pipe length

\ Roughness coefficient

1.4M parameters

It saturated 24GB VRAM of an NVIDIA A30

with bs=64

H100 with 80GB max bs=192

estimated pressure
| .
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Efficient Model Adaptation
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Hu et al,, Lora: Low-rank adaptation of large language models., 2022



Experiments with LORA

Single model baseline @ 4. Train one GNN from scratch for each target WDN

Dual Encoder GFM Pretrain on 20 WDNSs

. Freeze the GFM and adapt low-rank modules to each
GFM-LoRA O A target WDN
GFM-LoRA 5k ¢ /. Reduced target adaptation data budget
@ 100 epochs A\ 10k samples (6:2:2)

() 50 epochs /. 5ksamples (6:2:2)
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Performance Comparison
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Take aways

e Sustainable Al is not only about compressing huge
models after over-scaling. It is about designing
reusable, structurally appropriate, and cheap to adapt
from the beginning.

* Small parameter count does not mean cheap training

* Energy-Performance trade-off was not observed in all
our experiments.
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