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The Foundation Model Stack is Growing More Powerful
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termal DBs and APls

| DB 1 APL

Explasion of new
applications and
reimagining of existing
applications based on
foundation models.

OPPORTUNITY:

Inthe lang run, almost
every kind of application
will be recreated or
reimagine

Atooling layer has emerged
to let developers build Fi
applications faster and
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Qpen-source Data Sources
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# Common Crawl

nne:
endpoints.

~— QPPORTUNITY:

New ways to ditferentiate
PR3, apart from the
underlying FM model
capabilties

AniPhone vs. Android style
battle is emerging between
proprietary and open-
source models,

- OPPORTUNITY:

Different teams with
ditfarent missicns will
choose sides based on
pririties of development
speed versus

FM OPS

OPS
Deployment Optimization:
AL
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e 7

nvIDIA Al;ln amazon  Gjsambanora  Google @mbms

FM Ops lets developers
optimize, train, and run
their models more
efficlently.

Sophisticated leams can
use FM Ops 1o craate
differantiated capabilities
and cost struclures.

FM apps are so strategic
that they will influence
developers' broader cloud
platfarm choices.

Access to a supply of GPUs
and Al-specialized silicon
is critical for FM training
and inference.
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Respondents across regions, industries, and seniority levels say they are

already using generative Al tools.
HEEAERANTEER A) TRAABC (5323580 %
Reported exposure to generative Al tools, % of respondents
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TELAE REEH A ETAF ERTAEZAMEEER AR TIEZIMEE S
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Have tried at least once H No exposure Don’'t know
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HEAETATES () - and use-case
development
Problem/improvements
are defined and use .
Algorithms P O\ P S
i i “ SERCLE
S R GEER - Monitoring phase i
performance of the business case is

turned into design

the system is
I Tech nology S

B Business Processes 2 AI 9

2 lifecycle Training ~ ETEERE
ATE# @A) 248 -Deployment y and test data st -
When the Al ATER () procurement
system goes live. Wﬁtm Initial data sets are

obtained to train
and test model.
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The system . Al application &
is tested. is built.
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Midpoint automation adoption’ by 2030 as a share of time spent on work activities, US, %

2 2030 £ o (PR B EPRE G TORATEIFRILLE] - 2560 0 %

FLUA Rt AT 25 (Al) nggimmmrmmon adoption without

DUAERREA T (Al) i Bk i o enerative Al acceleration
XX — HA R AT (A) BEMEER RIS 7R
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STEM EHFE A &
BEFAIIAS  STEM professionals
AR E R )
Az A Education and workforce training

i?éﬁﬁi% Creatives and arts management
PN R Business and legal professionals
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HELT A Managers
e
gié&;ﬁﬁﬁ% Community services
EinfRs Office support
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Hebkzessfnselz  Health professionals
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s A - i A SIS

ok Property maintenance

A2 )
Customer service and sales
Food services
Transportation services
Mechanical installation and repair
Production work
Health aides, technicians, and wellness
Agriculture

All sectors®
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20 30 40

——1u——e
—9——e
—o——e
o—7—re
——e
e
*——o
oo
—s5—0
e

o410

S (Al) S TR E B LA

Automation adoption per wage quintile, % in 2030, midpoint scenario

BHEHTT R (S B LR - 2030 £EH9 % - PSS
Wage quintiles Higher earners @81-100 @61-80 @ 41-60 21-40 0-20 Lower earners
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United States Japan

Largest increase in automation Largest automation adoption
adoption from generative Al without generative Al

Germany France
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Artificial intelligence <+ Add to myFT>

How actors are losing their voices to
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Performers forced to compete with themselves as companies’ use of technology for cloning
prompts calls to update copyright law
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What do we mean by ethics in AI?
&M N TEZE A S 2

(Al)

Clear, consistent, and
understandable in its working
EIEERE - —BOR TR

Transparent
HEIH

Allows third-parties to asses data
inputs and provide assurance that

Ability to explain the workings in
the outputs can be trusted

language people can understand

Ethics in Al

Ethical purpose,
build, and use

Explainable and
Interpretable

Auditable

FeRFE =T RHE R A - R TEER(A) HIfRER

GE L] P (S48 ¢ foTmp E i ~ R Ability to see how results can vary with
changing inputs

AT DA AR S o R E )7 =X
HIRES
AR R

HERRER (R 2= B R E B S
B RS RA A A R R ETEE
AP Eliminates or reduces the impact of

bias on certain users Fair
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BRI © PR EIRFSE (CRFM) » Human Centered Artificial Intelligence (HAI)
Source: Stanford Research on Foundation Models (CRFM), Institute for Human-Centered Artificial Intelligence (HAI)
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