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Sustainable Business Studio Globant

El Sustainable Business Studio de Globant opera en la interseccion
entre sostenibilidad, disefio e innovacion, powered by tech.

Con + de 30 expertos en clima y ESG creamos conocimiento en
sostenibilidad digital, experiencia y practicas en todas las industria
desde el disefio hasta el producto final - sustainable by design.

Nuestro enfoque creativo y orientado a soluciones tech+Al, desarrolla
estrategias ESG, hojas de ruta y objetivos 2030 para todas
organizaciones.
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Relevant practices

for Responsible Al OVERN | N G

1. Consider guidelines of the UN Secretary General High 2
Level Advisory Body on Artificial Intelligence - - - 4
September 2024 report

2. As part of the #justransitions, human always first, H U M A N I I l _

with Al systems #madebyhumans. Have the

digitaldivide always present upfront in projects. UN Secretary General High S
3. Calculate Al energy consumption as main KP| of Level Advisory Body on Artificial -~
Green IT Intelligence —

4. Always georeference assets and systems on climate
risk maps

5. Constant innovations and constant evolving
landscape: tiny Al - small nuclear
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New Operational pargdigm

Energy In the
prompt era

Al + Real time data orchestration

The energy sector has entered a new operational
paradigm — one defined not by infrastructure
alone, but by intelligence.

The Prompt Era is characterized by systems that
adapt, respond, and execute both on demand and
within automated workflows. In this environment,
the advantage lies in the ability to act cohesively,
combining both Al and real-time data
orchestration.
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Even a 0.42 Wh short query, when scaled to
700M queries/day, aggregates to annual

electricity comparable to
homes, evaporative freshwater equal to the

annual drinking needs of 1.2M

people, and carbon emissions requiring a

Chicago-siged forest to offset
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A~ SPLIGHT  Use Cases News ~ About  ContactUs

THE REAL WORLD IMPACT OF
SPLIGHT

An Al-driven, software-only solution, Splight optimizes grid operations
by alleviating grid congestion and delivering significant value to
energy systems worldwide.

25.8 GW-mi $66 MILLION

Additional effective capacity unlocked by Splight for Additional revenue generated by a
an individual transmission line system. single Splight project in a single year.

1,211 MILES 5 YEARS

North American transmission lines covered by Median interconnection queue wait time for U.S.
Splight, more than any other provider in the US. power plants built in 2023. Splight accelerates this.
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Reducing Energy Consumption and
GHG Emissions in Al Computing

Guidelines for Greener Al Software
Development and Computation

Georgetown MBA Team: Curran O’Connell, Sami Majumder, Stephen Golden, Anish Das, Erik DeVolder, Amit Soni
|9



Project Context

Al Produces Significant
GHG Emissions

“One algorithm that lets a
robot manipulate a Rubik's
Cube used as much energy as
3 nuclear plants produce in
an hour.”

- Wired Magazine

TTTereqe
2

1 passenger 1 1
Air travel from
NYC to SF

Avyearin

Human life

126
U.S. manufacturing

+ 1 year in fuel
consumption

626"

Training an Al model
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Project Context

This is a Growing Problem
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Overview of the Al Lifecycle

Al Lifecycle and Model Development

Probl Model Testi d Model
roblem Data Collection Model Building odel Testing an oce

and Preparation

Identification Training Deployment




environment | copenhagen

Recommendations Roadmap

Applying Our Strategies for Each Phase

Issues Recommendations Applications
Identify key issues to Apply high-level Present examples that
consider at each stage strategies to each stage illustrate the impact of
of the Al lifecycle, each and share tactical particular energy
of which has recommendations to efficiency tactics
implications for the reduce energy
energy consumption of consumption at each

the Al model stage of the Al lifecycle



Synthesized best practices for energy efficiency

across the Al lifecycle:

1. Problem Identification & Scoping

o Evaluate Non-Al Alternatives: assess if a simple rules-based
solution can achieve the goal instead of a ML solution to
avoid unnecessary energy use.

¢ Incorporate Green KPlIs: include energy efficiency and GHG
emissions as key metrics for evaluating model performance
alongside traditional metrics

e Benchmark Accuracy Needs: determine the required level of
accuracy by benchmarking against human performance;
avoid over-engineering, as higher accuracy often requires
exponentially more energy.

. Data Collection and Preparation

Reduce Data Volume: utilize data sampling to work with
smaller subsets rather than processing entire raw datasets
Lower Precision: decrease the precision of the dataset to
reduce its size and computational load.

Simplify Input Data: employ techniques like data quantization
and dimensionality reduction.

Pre-process Upfront: clean and normalize data upfront to
prevent wasted computations during the training phase.
Modifications on pre-processed datasets can drastically
reduce energy consumption.



. Model Building

Simplify Architecture: use shallow model
architectures (e.qg., logistic regression) for
simpler tasks instead of complex deep
learning models

Prune Models: remove unnecessary
neurons - pruning - to reduce model
complexity and parameter counts.

Leverage Pre-existing Models: use
Transfer Learning to adapt pre-trained
networks, minimizing the need for training
from scratch.

Automate Design: use Neural
Architecture Search to determine the
optimal, most efficient architecture.

Use Al-as-a-Service: Implement
Al-as-a-Service (AlaaS) solutions, which
can lower costs and energy requirements
compared to custom in-house solutions.

4. Model Training and Testing

e Stop Early: implement early stopping to halt
training once improvements in validation
accuracy become negligible

¢ Distill Knowledge: create compact student
models trained by larger teacher models to
reduce computational requirements

e Schedule Smartly:

o Night Testing: run testing activities at night
to take advantage of lower carbon
intensity.

o Pause and Resume: pause workloads
during periods of high grid carbon intensity
and resume when the grid is cleaner.

o Flexible Start: utilize a 24-hour flexible
start time parameter to align processing
with green energy availability.

e Optimize Learning Rate: schedule learning
rate decay to speed up model convergence.

. Model Deployment

Optimize Infrastructure: use serverless
computing to reduce energy consumption
from idle servers.

Select Specialized Hardware: consider
using optimized Application-Specific
Integrated Circuits (ASICs) for lower
power consumption compared to general
processors.

Parallelize Processing: optimize the
allocation of processor cores; while
parallelization can reduce runtime, it must
be balanced carefully as it does not
always lead to lower emissions.

Leverage Cloud APlIs: use APIs from
major cloud providers, which often offer
more energy-efficient platforms than
in-house deployments






