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Systems designed by humans which, given a complex goal, act in their
environment (physical or digital) by perceiving this environment through data
acquisition, interpreting the collected structured or unstructured data,
reasoning about the knowledge derived from this data, and deciding the best
actions to take.
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e Myth: Technological singularity is the

drrabadt e bt g most relevant problem

0 e Reality: Privacy, bias, the possibility of
. manipulation and exhaustive surveillance,
responsibility, sustainability, and technological
40 I I I I monopoly are real true problems now.
m = B I —— . ——. * We need companies and public powers with

ethical and moral codes, and more and better
informed and critical citizens.
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EU Parliament’s priority is to make sure that Al systems
used in the EU are safe, transparent, traceable, non-
discriminatory and environmentally friendly

Generative Al

Article 28b(2)(d) required providers of foundation models

to adhere to standards for reducing energy and resource EUE S
use, improving energy efficiency, and enabling Artificial::
Inte}ligence Act

measurement and logging of environmental impact


https://www.europarl.europa.eu/news/en/press-room/20230505IPR84904/ai-act-a-step-closer-to-the-first-rules-on-artificial-intelligence
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Deep and steep

Computing power used in training Al systems

Days spent calculating at one petaflop per second*, log scale
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RMSE gCO2
Model (Performance) (Emissions)
Random 1,707 N/A
Naive (Dyad Average) 0,958 N/A
MF 0,840 56,449
GC-MC +1% N 0.846 243349 ¥ .10
Bayesian SVD++ Bl C 0.830 358000 ) 02
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Training:
* 1.300.000kWh
* 552 ton. CO2
e 700.000 I. water

Annual energy consumption of 126 houses in
Denmark

A1) 700.000 km

CO2 equivalent emissions (tonnes) by select machine learning models and real-life examples, 2020-23
Source: Al Index, 2024; Luccioni et al., 2022; Strubell et al., 2019 | Chart: 2024 Al Index report
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The GPUs to train GPT-3 consumed 1,300 megawatt-hours of electricity

Al models are devouring energy. Tools to
reduce consumption are here, if data
centers will adopt.

Amid the race to make Al bigger and better, Lincoln e Use of 1,450 American homes per month

Laboratory is developing ways to reduce power, train
efficiently, and make energy use transparent.

s s | it . S Carbon emissions of the computing industry, with Al at the helm, are greater
5 than those of the aeronautical industry

Google says Al currently accounts for between 10 and 15% of its energy use,
2.3 TWh per year.

Google has used 15.8 billion liters of water to maintain the correct
temperature in its data centers.

RANSITION — 160ct2023 | 2195 UTC

POWER OF Al: Wild predictions of power |
demand from Al put industry on edge The world's data centers consume 416Tw

HHHHHHHHHH

Sigitountatinoreess o gemend speaed * 3% of global electricity consumption
STt e 40% more than the UK's annual consumption

e The electricity demand they require will multiply by 15 between now and 2030, reaching
30% of global energy consumption.

If the trend continues, in 2026 Al consumption will equal that of Japan




MODEL YEAR N. PARAMETERS TRAINING COST (Dollars)
(Billions)

Estimated training cost of select Al models, 2017-23

Source: Epoch, 2023 | Chart: 2024 Al Index report “‘5
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Number of notable machine learning models by sector, 2003-23
Source: Epoch, 2023 | Chart: 2024 Al Index report

Number of notable machine learning models by
select geographic area, 2003-23

Source: Epoch, 2023 | Chart: 2024 Al Index report
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Al designed to operate efficiently with limited
resources

PRINCIPLES

Resource efficiency
Low cost

Simplicity
Sustainability

Democratizes Al access for low-resource
environments
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Final Readings

Average baseline wattage: 1.86 watts ’ﬁ Buscar proyectos Q
Average total wattage: 19.42 watts
Average process wattage:! 17.56 watts
Process duration: 0:00:01

Energy Data

Energy mix in Pennsylvania

Machine Learning Emissions Calculator

Coal: 25.42%
0il: 0.17%
Natural Gas: 31.64% Measuring the environmental impact of computation
Low Carbon: 42.52%
Emissions
Effective emission: 4.05e-06 kg C02
Equivalent miles dri H 1.66e-12 mil I H
auivalent miles driven: o112 niles CO2 Grams Emitted, BERT Language Modeling
Equivalent minutes of 32-inch LCD TV watched: 2.51e-03 minutes
Percentage of €02 used in a US household/day: 1.33e-12% L Central Us

== Germany
West Central LIS

= = Husiralia
Coal: 995.725971 kg €O2/Mh — EastUs : S o IEa e
Petroleum: 816.6885263 kg C02/Mih = = North Central US
Natural gas: 743.8415916 kg COZ/Mwh South Central US
Low carbon: 0 kg CO2/Mwh N .
== West U532
Emissi s == West U533
------------------------- missions Comparison Smmmmmmmmmemommmmooe
Marth Ewrope
Quantities below expressed in kg €02 == Wesl Eurape
us Europe Global minus US/Europe UK Souwth
Max Wyoming 9.59e¢-06 Kosovo 9.85e-06 Mongolia 9.64e-06 == Wesi U5
e Hours Used Provider Region of Compute
Median: Tennessee 4,70e-06 Ukraine 6.88e-06 Korea, South 7.87e-06 Canada
Wini  Vermont 2.69¢-07 Tceland 1.77e-06 Bhutan 1.16e-06 = Norway
France
an Feb Mar Apr May Jun Jul Aug Sep ; Mo Dec
Process used: 1.04e-05 kWh s
2021
Buscar proyectos Q

CALCULATING ENERGY AND REPORTING
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III. DATA

Influence of Sample Size
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Number of Training Samples

OBJECTIVES:

Reducing acquisition, storage and exploitation costs
Improving data quality

OTHER NEEDS ADDRESSED:

Resource restrictions, privacy,..

ALTERNATIVES:

Using less data or features
Smaller and well curated datasets
Improve data quality

HOW?

* Feature selection

* Positive Unlabelled Learning (PU Learning)
* Active / Few-shot learning



FEATURE SELECTION. New measures
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Fig. 4. Comparing the centralized and distributed approaches using horizontal partition in terms of classification accuracy.

{b) Veriical partition

Table &

Maximum runtime (5} for the feature selection methods tested. C stands for centralized ap-
proaches, while D refers to the distributed approaches.

Connect4  Isolet  Madelon Ozone  Spambase  Mnist SpeedUp

CF5 C 100 250 36 10 12 1787 573
D 10 I7 25 2 6 257

INT C 12 186 40 9 13 3145 10.56
D 1 J0 kY| 2 14 1559

Cons C 268 245 52 11 14 6163 21.10
D 10 20 25 5] 2 197

1G C o7 171 41 9 1 1451 5.30
D 4 54 29 =] 5 235

ReliefF C 1680 553 62 14 21 30,413 21.66
D 1 103 40 8 4 1346




FEATURE SELECTION. Reduced precision models

Knowledge-Based Systems 197 (2020) 105885

Contents lists available at ScienceDirect 1

Knowledge-Based Systems %

journal homepage: www.elsevier.com/locate/knosys

Feature selection with limited bit depth mutual information for )
portable embedded systems o
Laura Moran-Fernindez **, Konstantinos Sechidis®, Verénica Bolén-Canedo?,

Amparo Alonso-Betanzos ?, Gavin Brown ®

3CHIC, Universidade da Coruna, A Corufta, Spain
® School of Computer Science, University of Manchester, Manchester, UK

Fixed point in Mutual Information-
based algorithms
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Learning

( Training Data : Images of users' reviews \
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Train Partition Test Partition
City Users Restanrants Images Users HRestaorants Images i

(PU Learning) para la mejora de

user 1

review 1

ATA FLTERING S Gijon 5,139 598 16302 1023 ME 2377
3 Barceloma 33,537 5,881 130674 B697 3211 19,742
I Madrid 43,628 6810 1T67E3 11,874 3643 27142
N-1 reviews 1 review HE'“' Ttl'k |51,|:| 19 -Ir.,EEB 196,315 16, B42 I‘., 135 34 B26
Paris 61,391 11,982 219588 15242 &,345 32048
TRAIN 20 ) e London 134,816 13888 4163546 30303 8,097 63,442
photos of the N-1 reviews N/ photos of the review
+T O [+O0" O
]
[ [
10 photos of the same item (different user) train photos of the same item
N Hislel average percentages of improvement with respect to
= ﬁroﬁmritems (different user) D SOA ( E Lvi S )
Recall@10 NDCG@10
20,0% 0,00% 27,62% 27,93%
£ p %) Py m:ag‘ism User A User B o ' 262

20,00%
20,0% 1830%

20,9%
19,0% 18,0%
). B
@ $ 15,00%
g _'® s 2%
: i o
“-“ Ca _," ',@l—"m““"f"o 10,0% e
L 2 .
. 2,1% 24%
v H 0,00%

- h’ Cs :,' 0.0 - - Gijén  Barcelona Madrid N, Yark Paris Londres
. /! Gijén Barcelona Madrid M. York Paris Londres T e T

2,2% 17,8% 4,0% 24,1%

Potentially Reliable
posifives Negatives




0,35

0,3

0,25

0,2

0,15

0,1

0,05

NDCG@10

Gijén

P

Paris

—_—

[y

2 3 4 5 6

— Controide  sssElVis

7

s Random

8

Performance (avg of 10 runs)

Method Features  Classifier
AUC-ROC G. Mean F1 Score
CAT 0820 0717 0522
FathDIF
L BRF 0825 0.762 0450
Original
CAT 0832 0.654 0.463
GO
BRF 0827 0.765 0377
CAT 0820 0750 0.537%
PathDIP
. BRF 0.E156 0.723 0.381
PU Learning
— CAT 08381 0.726 0.401
BRF 0820 0763 0.380
‘Computers in Biology and Medicine 180 (2024) 108999
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£ sl i
ELSEVIER journal www.elsevier. GOT2 0.86 T5C1 097
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m
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ACTIVE LEARNING

leam a model machine learning
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unlabeled pool
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OBJECTIVES:

To develop more sustainable models

‘J'j LEARNING OTHER NEEDS ADDRESSED:

Privacy, Bias, Opacity, Restrictions in resources

WHAT CAN BE DONE?

Network Using simpler models, with less parameters and lower hardware needs
Architecture

Search (NAS) HOW?

* Green algorithms and low precision models
 Modular Learning and Long-life learning

Model training

Inference
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Estimating the Sustainability of Al
Models Based on Theoretical
Models and Experimental Data

Ea,ljﬁjue[' , Marie Platenius-Mohr , Andreas Burger

Posted Date: 23 January 2023
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Table 3. Impact of transfer learning on energy consumption. ‘

D
-ﬁ TIE;‘]FD TLRep  ALMNIST RMNIST DMNIST

Accuracy 95% 95% 98% | 94.3% | 11.3% 98.9%
Energz (kWh) 4.76 0.32 0337 |\ 0.136 /| 0.451 0.005
\ Xception from scratch, 20 epochs
Transfer
Transfer models 6 epochs
K Classification cats/dogs ) Dedicated model from scratch

Estimating the Sustainability of Al
Models Based on Theoretical
Models and Experimental Data

Balt Gitzel ", Mario Platenius-Mohr , Anidreas Burger

dol: 10:20844/preprins202301.04 0641




Marginal performance gains,

exponential increase in CO, emissions in training

* Personalization is not for free

RMSE gCO2
Model (Performance) (Emissions)
Random 1,707 N/A
Naive (Dyad Average) 0,958 N/A
MF 0,840 56,449
GC-MC +1% Ny 0,846 243.349
Bayesian SVD++ pert C 0.830 358.900
Glocal-K 0,826 2038.,492

x10
co2

* Models should understand, learn and proccess data from many different individual

users.



— = -
B ® 0 nceoien Procedia
el Computer Science

26 Inemational Confernce on Knowledge-Based and Inligent nformation & Engineerng
Systems (KES 2022
ble Pe isation and Explainability in Dyadic Data
Systems
Jorge Paz-Ruza*, Carlos Eira Suijarro-Berdifias®, Amparo

Non-personalised
recommendation

Nautic La Grana re-ornmesces toar v

Recommendation
personalised for
User A

Nautlc La Grcma

ROCO wNUeC Ne

“In & superb location, great
terrace next to the beach (...)"

Recommendation
personalised for
User B

Noutic La Grana

Reco ed Near You

"Greal seafood and focal product,
abundant portions (...)"

h

ELVis

user u photograph p

1x1536 |ResNet embedding vp‘

1536 x d

user

photo

useru

MF-ELVis

photograph p

1x 1536 ‘ResNet embedding V,, ‘

Lpcr =

embedding Uy | X9 1X9 | embedding vip

\ /

concatenated embedding Xup

RelLU

Dropout

2dxd

1xd

RelLU
Dropout
dx1

1x1

Sigri\nid
Rup € (0,1)

Trar'm'ng_‘
¥

User's
photo

1x2d

—(Rup - log(Ruy) + (1 = Ryy) - log(1 — Ryp))

! . — -
< a N o
< =

@gﬁﬁé

NM%JE”H@

Il 1536 xd
user photo
embedding U, 1xd 1xd embedding V7

(U, Vp)
[ Sigmoid | 1x1
Ryp € (0,1)
Tr.%ia'nf'ng_
v

Lcg = —(Rup - log(Ruy) + (1 — Ryp) - log(1 — Ryy))

Photographs of User u
=\ Bk --I...ﬁ
* /

Predlcted Ranklng of Restaurant it contents

* =l f




More sustainable models
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Sustainable Personalisation and Explainability in Dyadic Data
Systems
Jorge Paz-Ruza*®, Carlos Eiras-Frz
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1 Guijarro-Berdinas®, Amparo
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Gijon

MRecall@ 10 MNDCG@ 10
RND 0.373 0.185
CNT 0.464 0.218
ELVis 0.521 0.262
MEF-ELVis 0.538 0.285

Nueva York

MRecall@ 10 MNDCG@ 10
RND 0.374 0.168
CNT 0.431 0.217
ELVis 0.553 0.304
MEF-ELVis 0.516 0.276

Londres

MRecall@ 10 MNDCG@ 10
RND 0.342 0.155
CNT 0.400 0.200
ELVis 0.530 0.293
MEF-ELVis 0.531 0.267
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Madrid

Gijon Barcelona

MRecall@10 MNDCG@10 MAUC MRecall@10 MNDCG@10 MAUC MRecall@10 MNDCG@10 MAUC
RND 0.373 0.185 0.487 0.409 0.186 0.502 0.374 0.171 0.499
CNT 0.464 0.218 0.546 0.443 0.219 0.554 0.420 0.203  0.557
ELVis 0.521 0.262 _0.596 _0.597 0.327  0.631 0.572 0.314  0.638
MF-ELVis _0.538 _0.285  0.592 0.557 0.293 0.596 0.528 0.279  0.601
BRIE 0.607 0.333 0.643 0.630 0.368 0.663 0.612 0.348 0.673

Newyork Paris London

MRecall@10 MNDCG@10 MAUC MRecall@10 MNDCG@10 MAUC MRecall@10 MNDCG@10 MAUC
RND 0.374 0.168 0.502 0.459 0.209 0.502 0.342 0.155  0.500
CNT 0.431 0.217 0.563 0.499 0.245 0.557 0.400 0.200  0.562
ELVis _0.553 0.304 0.637 _0.643 0.352 0.630 0.530 0.203  _0.629
MF-ELVis 0.516 0.276 0.602 0.606 0.323 0.596 0.531 0.267  0.597

BRIE 0.598 0.341

0.669 0.391 0.318




Performance Sustainability

MRecall@10 MNDCG@10 MAUC No. of Params CO: Emiss.
RND 0.373 0,185 0.487 N/A N/A
CNT 0.464 0,218 0.546 N/A N/A
ELVis 0.521 0,262 (0,592 1.840.128 1.820
MF-ELVis 0.538 0.285 0.596 6.835.200 0.975

BRIE

0,607

0,333

Inference Times

0,643

Emissions (gC0O2)
o
o
=)

= ELVis
EEE MF_ELVis
= BRIE

barcelona

madrid newyork
City

Inference CO2 emissions

N ELVis
mEm MF_ELVis
EEm BRIE

barcelona

City

53.400 0,486



Model/parameters (no data)
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Can Federated Learning Save The Planet?

Xinchi {¥u', Titounn Parcollet™', Daniel J. Bewtel’:~, Taner Topal':~,
Akhil Mathar?, Nicholns It Lane’
! University of Cambridge, UK ® Avignon Universiié, France
Imiversity Collepe London, UK Adap, Germany
1922 Tlcam. . ac .uk

Country/COz(g)| VIO K30 | VI K30 | FL(IID) FL (non-111Y

CIFARI10D PUE =167 | PUE=1.11 [ lep Sep [lep Sep

LUSA 3.1 6.5 1 43 L} 65 109 89

China 3.3 1.5 |37 77 41 L6 | 194 142

France (.4 0.9 L3 06 Ly 09 1.6 1.1
Country/CONg) | VIND KBO | VIMd K80 | FL FL

PUE = 187 | PUE = 1.11/] Il nom- [T

USA L& 3.2 L1 1.5 L5 1.0
Chima 29 9.2 LG5 f. 2 L9 LT
Framoe Q.2 LE L2 L5 \| @l ]

Emissions (gr) for centralized training and federated learning in CIFAR10 and Fashi
MNIST

Fp. Local epochs per clients . IID clients with an equal distribution among all cla



Class-incremental learning

O BJ ECTIVES I Task1 I Task 2 | ] Taskn q
* Competitive accuracy for resource-constrained environments l _—
* Avoid catastrophic forgetting ==0—0—=E
* Reduce training time and energy-consumption
PROPOSAL
* Single-step optimization process

TASK K
* Compressed buffer mechanism
'|‘ EXPANSION BUFFER
BACKBONE Fg : f Stored TASKS 1.K=1
(ResHet-18) : ’ . El:l
_|_
I

* Prewvious Classes
CLASSIFIER Stored Features

LAYER G“




Class-incremental learning — - —

Increments Increments Increments
TA'EI-E I Learner =————3  Learner = Learner —_— Learner
COMPARISON OF ENERGY CONSUMPTION, ENYIEONMENTAL [MPACT, AND
ACCURACY OF WARIOUE METHODS ON CIFAR-100WITH & 5-CLASS
INCEEMENT SETTINCL

Trraikon Emésdons E

Modet T min) L (kp OO g L cm.wﬂwml. AT Amt

I rane 46 4N 2 anss 171 AT

Bl 46 111 0080 0512 & W91

Col 046 e 18 1031 W14 M&l

FOSTEHR 46 TR 5 043 &1 4343

GEM 046 13672 015 OEM mMET &%

{CaR. 46 e [0 0237 M MET

POHOnel 46 &2.58 056 03T 4T H4l

Hapiary 46 1633 W15 OBEd 449 MO TABLE V

RMM-FOSTER 046 T6% TS 041 &143  SLID

WA 046 58] e 079 W 4175 COMPARISON OF ENERGY CONSUMPTION, ENVIRONMENTAL IMPACT, A ND

;F;ﬂ ';L;ll_: Eﬂ E'ﬁ: 0357 _ﬁﬂ Hu ACCURACY OF WA RIOUS METHODS ON IMAGENET- 100 DATASET WITH &

o i S5-01LASS INCREMENT SETTING.
s 46 1446 W15 ODES &L 4751
Dhralion Fmssiom Em
Mo I ap El' At A
mn) | kg (Ooeq | Consemed Wk L ToAmd

Fineome LD 1E193 1 LI36 1760 468
il ILP 121203 LIm 7Wm0 TIHW T
FOSTER LD 95339 LII% A GEDI TN
[ ol - . i - . .
W2k LD 53553 50 180 MWW TG
PO LD 72L& (VY. 1] 4138 5583 T
Repay LD 102 [ eiry) 1309 3678 158
EMMFOSTHR LD 935 LOSS 6295 TL73 WG
WA LD 54400 &I 141 &171  &&£72

MDD ke - - L 44 &4 0 X2
DER 240 135440 L73& nop:  T1838  Al4h
Churs

LR BLST 53 L TASE &7




THINKING .
*OUTS'DE THINING

>/ \THE, OUTSIDE

Possibility of L .
S — Social dimension:
& Explainability anc}

scenarios with .
o biases. Trust
restrictions D
Democratization,
reducing needs
for resources >

NEXT Al GENERATION
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