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Al Energy Demand Increases

Global DC electricity consumption will increase, mainly Inference phase often surpasses training in energy
driven by Al consumption
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Source: Energy and Al report 2025 International Energy Agency (IAE) Source: (Patterson et al., 2022; Wu et al., 2022; De Chateauvieux et al., 2022)
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Estimating the Energy Consumption Al Algorithms
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A simple model...
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Source: Barros et al., “Small is Sufficient: Reducing the World Al Energy Consumption Through Model Selection”
(https://doi.org/10.48550/arXiv.2510.01889)

Linear model with one feature : y = a- Feature + b

One parameter fitting provides poor results across tasks
or scenarios
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... that needs to be improved

Increase
#parameters
in the model

More
granular
estimation
model

Increase
#tasks in
the dataset
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State of the Art (SOTA)

Model Features Task Model Type
MACs/FLOPs Activation Parameters Input Size Batch Size |Vision NLP Audio| Layer-wise
(Caietal. 2017) X X X
(Getzner et al. 2023) X X X
MAC" (Desislavov et al. 2023) X X
HJ? (Yang & Armour 2025) X X X X
WattLayer X X X X X X X X X

" Linear model with one feature being number of Multiple accumulated operations (MACs):y = a- MAC + b

2 [ og-Linear Model with 3 features:y = e°™t x MAC# X Activations® x Parameters®

= We propose a task independent layer-wise methodology to estimate the energy consumption of Al algorithms
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Layer-wise Estimation
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Methodology

Datasets

O
O
O

O
O
O
O

Q0000
Q0000
OQO0O0O00O

O
a Layer’s Energy

Architecture’s
Energy

10  © 2025 Nokia

lezia— NOLIA



Methodology

Datasets

O
O
O
O

O
O
O
O

QOO0 O
QO0OOO
Q0000

a Layer’s Energy

Architecture’s
Energy

11 © 2025 Nokia

Train

O

5
25!

— /i,

/. Fitting layer-
f,, wWise estimation
functions

lezia— NOLIA



Methodology
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Distribution of error across all architectures

15

Train Datasets: Vision, NLP and Audio architectures

Test Datasets: one task or balanced between the 3
tasks.

Batch sizes: 1, 32 and 128

SOTA 1: Log-Linear Regression from (Yang &
Armour 2025)

y = et x MAC# x Activations® x Parameters®

SOTA 2: Linear Regressiony =a - MAC + b

= Our methodology outperforms SOTA models with a
Median Error of 19.6%
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Distribution of Error
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Performance Metrics compared to SOTA models (Task by Task)

Vision
SOTA1 SOTA1 SOTA?2 SOTA?2
METRIC |WATTLAYER Vision Datasets Balanced Datasets Vision Datasets Balanced Datasets
MAPE 40.10% 63.90% 99.80% 132.60% 833.70%
. o . . MedAPE 33.60% 48.70% 86.80% 52.90% 229.00%,
- Train Datasets: Vision, NLP and Audio architectures  |vaxape| 168.90% 259.20% 870.10% 3073.30% 18784.30%
1 0, o) 0, o) o)
. Test Datasets: one task or balanced between the 3 MinAPE 0.40% 1.90% 0.02% 0.70% 8.20%
tasks. NLP
. . SOTA1 SOTA1 SOTA?2
- Batch sizes: 1’ 32and 128 METRIC |WATTLAYER Balanced Datasets Vision Datasets Balanced Datasets
Armour 202 5) MedAPE 46.20% 68.10% 265.40% 2526.30%
MaxAPE 175.80% 1510.50% 1158.10% 5713.40%
y = et x MACA % Activations® X Parameters® MinAPE 4.70% 26.20% 105.50% 518.60%
- SOTA 2: Linear Regressiony =a - MAC + b Audio
SOTA1 SOTA1 SOTA?2
METRIC | WATTLAYER Balanced Datasets Vision Datasets Balanced Datasets
MAPE 26.60% 67.70% 74.60% 58.30%
= Our methodology outperforms SOTA models for MedAPE 22 20% &7 50% £8.60% £3.80%
every task-by-task evaluation MaxAPE|  61.10% 7510% 100% 93.60%
MinAPE 15.60% 63.40% 64.10% 1.72%
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Evaluating Zero-Shot Generalization to Large Language Models

Energy Estimation Comparison

1.2 117
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Conclusion and Next Steps

One model for all hardware Distributed inference

Hardware-specific features to calibrate the model - Energy estimation for an execution on several machines

Cloud/Edge Optimization
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Thank you!
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Methodology
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Experimental Protocol

Experiments are conducted on NVIDIA GPUs: H100, A100
and GTX TITAN X

Data collection tool: CodeCarbon
Number of executions of one process: Ny, = 4,000

Frequency of measurement: f,,,.c = 10 Hz
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