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State of Al-ffairs
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Power (MW)
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State of Al-ffairs
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General GPUs (FP32); 2x time: 2.5 years; 10x time: 8 years
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® ML GPUs (FP32) from 2022 cloud prices

FLOP/$ ® ML GPUs (FP32); 2x time: 2.1 years; 10x time: 7 years
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The road of Al from "compute fruaalitv" to "lavish opulence"

IBM type 704, 1
Langley Research Center
Credit: Flickr commons
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The road of Al from "combute fruaalitv" to "lavish onulence"
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The road of Al from "compute fruaalitv" to "lavish opulence"
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The road of Al from "comnute fruaalitv" to "lavish onulence"
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The road of Al from "combute fruaalitv" to "lavish onulence"
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The road of Al from "compute fruaalitv" to "lavish opulence"
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The road of Al from "combute fruaalitv" to "lavish onulence"

'(O L] h\

5 @ % S

S Frs V&g
S RN s
< ) &

S <

Von Neumann Computer



\

Dh I, ~ Fraunhofer
Nirnberg

s

The road of Al from "compute fruaalitv" to "lavish opulence"
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The original question, “Can machines
think?"” | believe to be too meaningless to
deserve discus-
sion. Nevertheless, I believe that at the end
of the century the use of words and general | _» —
educated S

opinion will have altered so much that one
will be able to speak of machines
thinking without

expecting to be contradicted

Alan Turing
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From transistors and neurons...from hardware to wetware and...back

Emitter
electrode

Collector
electrode

Au
subcollector

“




\

D h m Technische % Fraunhofer

Nlrnberg 1S

How can we improve the environmental impacts of the Al technology stack?

Von Neumann architecture < VErSUS ey Neuromorphic architecture

Neural network
"ﬁ\

01001001 01001111

A
Binary Binary B

G
(Neurons and
synapses for

both processing
and memory)

input output

Sequential processing -— Operation e Massively parallel processing
Separated computation and memory <«——  Organization —> Collocated processing and memory
Code as binary instructions <«—— Programming =—> Spiking neural network
Binary data <«—— (Communication —> Spikes
Synchronous (clock-driven) -~ Timing — Asynchronous (event-driven)

https://www.nature.com/articles/s43588-021-00184-y
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How can we improve the environmental impacts of the Al technology stack?

Cloud Edge Server Edge PC Micro Edge Nano Edge
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© Adobe Stoc nerminmuminayic: stock adabe.com @ Agobe Stock / jackykids - Stock adobe o © Adobe Sto S OK - 510 o co © Adobe Stoc| magann - stock.adote.com  © Adobe SIocK / Claudio - stocK.atobe.co B D T T
~ N x 1000 Watt ~ 1000 Watt ~ 50 Watt ~ 1 Watt to 10 mW > 10 mW to 100 pW

Brain-Inspired Al Accelerators by IIS

Neuromorphic Computingfor
Spiking'Neural Networks (SNNs)

MultiCore accelerator based on
analog in-memory computing for
ultra-low power computing (140
pW per core) in Wearables, loT
und Healthcare

Neuromorphic chip for ultrafast

(< 20 ps) and energy-efficient
processing of low-dimensicnal time
series signals (smart signal
processing, closed-loop control

_ -y A*i systems)

“) In Collaboration with Fraunhofer EMFT

ADELIA
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TinyAl: low-cost, low-power...ubiquitous
Billions of loT devices around the world based on microcontrollers

L]
* Low-cost: low-income people can afford access. Democratize Al.

* Low-power: green Al, reduce carbon

£ S
g @ 20
0
12 14 16F18F
https://wiki.foone.org/w/Main_Page
Low-cost Low-power
(mW)

Ubiquitous
($0.1 - $10)
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TinyAl: low-cost, low-power...ubiquitous
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Cloud Al Mobile Al Tiny Al
Memory (Activation) 32GB 4GB 320kB
\ 13,000x

smaller

100,000x
smaller
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TinyAl: low-cost, low-power...ubiquitous

[ Smaller ] @ - )
Efficiency Metrics
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TinyAl: low-cost, low-power...ubiquitous
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The IDEA: Identify, Describe, Enable, and Adopt

A perspective on judicious and lucrative application of Al

Choose your model with anergy use
in mind. Some models are more
energy intensive than others, not
necessarily resulting in greater
accuracy. Tools like CodeCarbon and
ML CO; Impact can help estimate the

Employ transfer learning. Transfer
learning reuses pretrained models to
save on compUte time and power.
The algorithms for detecting SMS
spam messages, for instance, can be
used for email spam messages as

~ Fraunhofer

Chaose your hardware wisely.
Choosing powerful multicore
processors that enable parallel
computing or hardware accelerators
like GPUs or tensor-processing units
optimized for Al workloads will go a
long vy toward energy sfficiency.

well. Al engineers can also apply
existing best practices, such as early
stopping, to end training once a
model’s performance on a validation
dataset starts to degrade.

Dataset Learning system
1 k 1
Dataset
2

energy usage and carbon footprint of
training Al modiels.

Traln on less data. Cutting back on
training data may drastically reduce

energy costs while keeping the w ﬂ
aceuracy of the final model almost
unchanged.
110110101010 o
1010101

Tolerate some drift. Once deployed,
an Al model can experience model
drift—a decreage in accuracy due to
the difference between training data
and the live data used in production.
It might he tempting to retrain the
model each day to aveid this drift,
but try a less energy- and resource-
intensive approach: setting a metric
that determines when a model is
accurate enough and retraining it
only when it’s below that level.

SImplify model architecture, This
can be done by removing
parameters, pruning the number of
layers, and picking the best
hyperparameters—external model
controls—via a tuning strategy that
uses the least number of iterations.

Learning systen
task 2

Machine-learning
model
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