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Exhibit 8: Evolution of Al: 1950-Present
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Exhibit 1: Annual data generation is expected to reach 44 zettabytes (44 trillion GB) by
2020, according to EMC/IDC
annual data generation globally (in ZB)

50
45
40
35
30
25
20
15
10

5 -
0 T T

B 1. SRR A R ] 2023 ISR
44zettabytes

2. HEPRMAEE. GPU RERA L REA TS RE I
HiEAt, Fralailid =ik ss, BLACHE SLE A fh 2 o 2 B
CR R 12 i 26 7= AL 5 R 1 5 HERf R . GPU
MFAT R ZE LU AR SR A2 T2 PO 28R ) CPU e IR
I ZRpLas 2 ) R gt Wi BB Fr, W28 e BE BRIk
A, REFERL I A BEAT BEVERA I 2R RIS, ARG e 1) R R
e AR R R FPGA, T LR ISR H BIIR S 5 2 &
SR HERT . A, AN 1993



IR I EALR T B R 04T TR (A
2) o {E 2023 %, FikIFHEAT R R 7 IRET 2023
AR GE K R T A LT TSR T

Exhibit 2: Raw compute performance of global supercomputers, measured in GFLOPs, has

increased exponentially since 1993

Rpeak GFLOPS of #1 ranked global supercomputers on the Top500 list
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Source: top500.0rg, compiled by Goldman Sachs Global Investment Research
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Exhibit 3: Price per unit of compute has decreased drastically over time
$ per GFLOPS in representative computer systems
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Exhibit 9: Productivity analysis
$ millions, assumes linear nominal GDP growth beyond 2019

2016E 2017E 2018E 2019E 2020E 2021E 2022

US Nominal GDP* ($bn) 18,552 19,300 20,045 20,757 21,470 22,183 22,895 23,608 24,321 25,034
2.9% 4.0% 3.9% 3.6% 3.4% 3.3% 3.2% 3.1% 3.0% 2.9%

Productivity

Labor productivity 69.0 70.4 71.8 731 743 75.4 76.5 77.6 78.6 79.7
yoy growth (%) 0.9% 2.1% 2.0% 1.7% 1.6% 1.6% 1.5% 1.4% 1.3% 1.3%
Labor hours (mn) 268,958 273,992 279,026 284,060 289,094 294,128 299,162 304,196 309,230 314,264
ML/Al impact
Low Base High
Labor hours reduction (mn) (1,571) (2,969) (4,714)
Reduction -0.5% -1% -1.5%
2025 Labor hours (mn) 312,693 311,295 309,550
2025 GDP (Sbn) 25,034 25,034 25,034
Labor productivity 80.1 80.4 80.9
yoy growth (%) 1.8% 2.2% 2.8%
Improvement (bps) 51 97 154

Source: OECD, US Bureau of Labor Statistics, Goldman Sachs Global Investment Research
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Exhibit 10: Late 90s: IT-producing sectors contribute nearly half of productivity growth
But lose value and share in growth post-tech boom
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Source: Federal Reserve Board, Goldman Sachs Global Investment Research
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Exhibit 13: Rapid growth in the enabler ecosystem
accompanied the 1990s productivity boom

# of software companies with inflation adjusted market cap
$200mn-$5bn (2015 dollars)

32

1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Source: Factset, Goldman Sachs Investment Research
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Exhibit 14: Venture capital investing in Al has inflected
this decade
Total VC funding in Al/ML by year
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$12,617 $12,883
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Date Announced/

Target Reported Description

Acquirer: AMZN

2lemetry Inc. 3/16/2015 loT: track and manage connected devices

Orbeus Fall 2015 Photo-re cognition technology based on Al

Acquirer: AAPL

Vocal IQ 10/2/2015 Speech recognition based on Al

Perceptio 10/5/2015 Uses Al to classify photos on smartphones

Emotient 1/7/2016 Uses Al to read people's emotions by analyzing facial expressions

Turi 8/5/2016 Machine learning platform for developers and data scientists

Tuplejump Software 9/26/2016 Machine learning/big data technology developer

Acquirer: CRM

Tempo Al 5/29/2015 Al-based smart calendar app

MinHash 12/16/2015 Developed an Al platform and a virtual personal assistant (AILA) for marketers
PredictionlO 2/19/2016 Developed an open source-based machine learning server

Metamind 4/4/2016 Deep Learning platform (natural language processing, computer vision, database predictions, etc)
Acquirer: MSFT

Equivio 1/21/2015 Machine-learning based text analytics service for legal and compliance

Revolution Analytics 1/27/2015 Open-source analytics company that specizlies in R programming language for statistical computing
Wand Labs 6/16/2016 Messaging app/chat bot devleoper

Genee 8/23/2016 Al scheduling assistance services

Acquirer: GOOGL

DeepMind 1/16/2014 Al firm that specializes in machine learning, advanced algorithms, systems neuroscience
Emu 8/6/2014 Mobile messaging app with an Al assistant

Jetpac 8/15/2014 Al-based mobile photo app

Dark Blue Labs 10/23/2014 Deep learning startup specializing in understanding natural language

Vision Factory 10/23/2014 Deep learning startup specializing in visual recognition systems

Timeful 5/4/2015 Machine-learning based scheduling tool

Speaktoit (Api.ai) 9/21/2016 Speech recognition and natural language understanding solutions

Source: Bloomberg, company data, FactSet, The Guardian, Techcrunch, VentureBeat
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Exhibit 15: Al advances can be compared to historical technological evolutions in systems
architecture and programming language adoption, though we believe we are still in very
early stages of development and adoption
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Source: Goldman Sachs Global Investment Research
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EVOLUTION OF THE STACK

Analytics
Tools
(Select
Vendors)

Programming

Languages
(Select
Vendors)

Data
Processing
(Select
Vendors)

Data
Movement!
Integration
(Select
Vendors)

Vendors)

Compute
(Select
Vendors)

Components
(Select
Vendors)

&

Decision Support Systems,
Repotting, Statistics

IBM, SAP, SAS, SPSS

COBOL, Pascal, ALGOL

IBM, Borland Software,
Bumoughs, NCR, DEC

Hierarchical Databases

IBM, DEC, Unisys

Limited Data Movement

Mainframes, Tape

DEC, IBM

Mainframes

DEC, IBM. NCR, Burroughs

HDD, CPU

IBM, Fairchild, DEC, CDC,

Business Intelligence (BI),
Reporting, Statistics

Cognos, Business Objects,

Crystal Systems,
Microstrategy. SAS

Java, Net, C,S0L

Sun Microsystems,
Microsoft

Relational Databases
IBM, Oracle, Microsoft,

Informix. Sybase, Teradata,
MySOL

ETLData Integration (DI},
Messaging, Application
Integration {(EA)

Prism, Informatica, Ab
Initio, Ascential, TIBCO,
BEA, Microsoft

SAN, NAS

EMC, NetAPP, IBM

Unix Servers, ¥86

IBI. Dell. HP

HDD, CPU
IBM, Intel, AMD, Western

Digital, Seagate, Sandisk,
TMS

Bl, Reporting, Data Visualization,
Statistics

IBM, SAS, SAP, Microsoft,
Tableau, Olik, Domo, Looker,
Amazon, Salesforce

Java, MNet, javascript, Ruby, SQL

Oracle, Microsoft

Relational, No5QL, Hadoop

Oracle, Microsoft, SAP, IBM,
Teradata, MongoDB,
DataStax, Cloudera,
Hortonworks, Amazon,
Google

“isualization, Machine Learning
Services and Frameworks

Tableau, IBM, NVIDIA, SAS,
Skymind, Databricks, Amazon,
Google, Microsoft, Alibaba,
Baidu

Python, R, SQL
Microsoft

Meural Networks, Stream
Processing, NoSQL, Hadoop,
Relational

IBM, Databricks, Cloudera,
Hortonworks, Amazon,
Google. Microsoft, Qubole,
Alibaba, Baidu

DI, EAl, Streaming, Mi

HHAY

IBM, Oracle, Informatica,
Talend, Confluent, Cloudera,
Hortonwaorks, Mulesoft,
Amazon, Google

SAN, NAS, Hadoop, Cloud
Object Storage

Dell, NetApp, IBM, Cloudera,

Hortonworks, MapR,
Amazon, Microsoft, Google,
Baidu

86, cloud compute instances

HP, Dell, Lenovo, Huawei.
Cisco, Amazon, Google,
Micros oft

HDD, SDD, CPU

Intel, ARM Holdings,
Westem Digital, Seagate

Strearning, Prep
Messaging

IBM, Talend, Confluent,
Cloudera, Hortonworks,
Databricks, Skymind,
Amazon, Google, Microsoft,
Alibaba, Baidu

Hadoop, Cloud Object Storage

IBM, Dell, Cloudera,
Hortonwaorks, MapR,
Amazon, Microsoft, Google,
Baidu, Alibaba

#86, cloud compute instances

IBM., HP, Dell. Lenovo,
Huawei, Cisco, Amazon,
Google, Microsoft, Baidu,
Alibaba

HDD, SDD, CPU, GPU, FPGA
Intel, ARM Holdings,

Western Digital, Seagate,
NVIDIA. Xilinx, Google

proprietary vendors | open source | cloud sewices

Source: Company data, Goldman Sachs Global Investment Research



Exhibit 17: Machine Learning in Production
How various open source and cloud technologies would be utilized in the machine learning
pipeline

/" Rawpata o ML Model: )
messaging/streaming Pre diction.

Classification, etc.

of— 10 — =]
\_ Production T /
F >

A 4
- g - |l
- — =Q !
SAs= =S
Storage/Pre- Neural
ini Processing Network/Model
\ Training Training /

Source: Company data, Goldman Sachs Global Investment Research
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