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transformando informacion

transformando energia

transformando material

-
Conocimiento

Neuroscience, 22(2), 189-194.

https://doi.org/10.31887/DCNS.2020.22.2/mhilbert

y Algoritmos

social change. Dialogues in Clinical

Hilbert (2020). Digital technology and
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Las empresas mas valiosas de Fortune 500

Relevance by industry has dramatically changed during the last decade

Market Cap in Sbn (# companies)

13.4x
(7x)
Energy
2,769
(8)
1,767
(6)
Tech 333
(1)
 Fi |

TOP 15 Worldwide
companies 2007

$4,868 bn

2024

REk Brand
Go Q|E Gﬂgg}c
2,568
(7)
Puemct 20 ©Microsoft
Energy
332
(1) amazon  :.,  Amazon
TOP 15 Worldwide
companies 2018* ¥ Fackbook
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ChatGPT reaches 100 million
users two months after launch

Lnprecodented tako-up may make Al chathot the
[astest-growing comsumer ernet app ever.

Las Ultimas Noticias

Ty 1 an togrmmme s we 310 Las Ulienets Madie las

Doctor en Comunicacion afirma que la inteligencia artificial puede ser el amigo digital que todos necesitamos

Como usar ChatGPT para su
beneficio diario: desde menus
semanales hasta rutinas deportivas
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"Con el tiempo puede tener un entrenador
que lo conoce, un coach de comida y de
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‘ @ OpenAl

@ODQHAI Who is Martin Hilbert? DALLE

« Back Edit Variations Share m e d!

Martin Hilbert is a professor of Communication at th
RS renowned expert on the intersection of communicat]
st-gt and has published numerous articles and books on f

work on measuring the amount of digital data create

M has earned him the nickname "the digital Aristotle."

ChatGPT reaches 100 million ot ha
users two months after launch !

Laprecodented tako-up may make Al chathot the
[astest-growing comsumer Mernet app ever.

n Are Large Language Models rather trained to sound like a human, or to speak the truth?
Google

Large language models like GPT-4 are trained to generate human-like text based on the il

No results
data they were trained on. Their main aim is not to "speak the truth” or to propagate any kind

of falsehood. Instead, they generate responses based on patterns they've learned during

training.
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MIND

A QUARTERLY REVIEW

F

PSYCHOLOGY AND PHILOSOFPHY

“y

1 —-COMPUTING MACHINERY AND
INTELLIGENCE

By A M Tvmixa

Mei, Xie, Yuan & Jackson (2023). A Turing Test: Are Ai Chatbots Behaviorally Similar to Humans? (SSRN Scholarly Paper 4637354). https://doi.org/10.2139/ssrn.4637354



https://doi.org/10.2139/ssrn.4637354
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admision a la universidad
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https://openai.com/research/gpt-4 & www.youtube.com/watch?v=3Ud-BMOCkDI
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ALGORITMIFICACION

para todas y todos
en Collahuasi

A... q Collahwasi - Algoritmificacion para todas y todos en 24%
e Collahuasi

OO N\



https://www.intracolla.cl/charlas-algoritmificacion
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“Un algoritmo es un conjunto ordenado de
pasos inequivocos y ejecutables que definen
un proceso de terminacion”

(J.G. Brookshear, Computer Science, ed. 10, 2009)
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La mina: un super algoritmo
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La algoritmificacion
infunde cONOCIMIiento sobre cémo hacer las cosas
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Fuente:
Collahuasi Inc.
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informacion =>
conocimiento

digitalizacion =>
algoritmificacion
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La Estrella de la
Informacion:

3 requisitos:

1) escalable

2) abierto, flexible y
non-discriminatoria

3) accionable

Digitalization

informacion =>
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Algorithmification

3 i informacion =>
conocimiento



% WIKIPEDIA

The Free Encyclopedia

Gemelos = Digital twin 3

A digital twin is a digital representation of an intended or actual real-workd physical product, system, or process (a physical twin) that serves as the

d I g I t a,I e S effectively indistinguishable digital counterpart of it for practical purposes, such as simulation, integration, testing, monitoring, and maintenance

https://www.storyblocks.com



https://www.storyblocks.com/

La algoritmificacion
infunde conocimiento sobre cdmo hacer las cosas

mas productiva, segura y(humana.
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Research: quantifying GitHub

Copilot’s impact on developer
productivity and happiness

Satisfaccion y Bienestar

Menos frustrado al codificar 59%

Mas realizado con mi trabajo 60%

& GitHub Copilot

“(con Copiloto) tengo que pensar menos, y cuando
tengo que pensar es en las cosas divertidas. Genera
una pequeia chispa que hace que la codificacion
sea mas divertida y mas eficiente.”

Centrado en trabajos mas satisfactorios

74%

https://github.blog/2022-09-07-research-quantifying-github-copilots-impact-on-developer-productivity-and-happiness/

Ingeniero de programacién superior

Productividad y Eficiencia

“...desarrolladores que usaron GitHub
Copilot completaron |a tarea
significativamente mas rapido,
un 55% mas rapido
qgue los desarrolladores que no lo hicieron...”


https://github.blog/2022-09-07-research-quantifying-github-copilots-impact-on-developer-productivity-and-happiness/

El paradigma del aprendizaje automatico dela 1A

Data input —»

_ Computer — Goal output | g Like
Algorithm ——p

2*%1 *2*3=12

(2 +1)A2+3=12

Computer [ Algorithm i

o5 Like | Goal output —>

Slide credit: P. Domingos



El paradigma del aprendizaje automatico dela 1A
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El paradigma del aprendizaje automatico dela 1A
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BOSTON
CONSULTING
GROUP

758 consultants top = 7% of

°° mmm GPT + prompts

07 B Access to GPT
B Human

Dell’Acqua et al. (2023). 0.1
Navigating the Jagged Tech. .
Frontier: Field ExCperimental

Evidence of the Effects of Al on
Knowledge Worker Productivity 0.0

and Quality. 1 2 3 4 5 6 T 8

doi.org/10.2139/ssrn.4573321 Quality



https://doi.org/10.2139/ssrn.4573321

Leccion aprendida: BOSTON
Los menos cualificados se benefician mas. CONSULTING
GROUP

Score on Task
O = N W b Ut O~ N

O = N W & U O~ N

Bottom-Half Top-Half Skilled Participants
Skilled Participants

Dell’Acqua et al. (2023).

Navigating the Jagged Tech.

Frontier: Field ExCperimental - Baseline Task - Expen mental Task
Evidence of the Effects of Al on

Knowledge Worker Productivity

and Quality.

doi.org/10.2139/ssrn.4573321



https://doi.org/10.2139/ssrn.4573321
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transformando informacion

transformando energia

transformando material
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rompanies T.215  iotal market cap: SES.ASA T Ef W

UNION
'..l Global ranking Ranking by countries = Ranking by categories = COMmpany name, ieker PACIFIC

Largest transportation companies by market cap
companies: 188  total market cap: $1.672 T ’sL

Rank * MName Market Cap *  Price Today Price (30 days) Country

$157508 918210 = 0,46%

g l'...!r.1|ted Parcel Service = LUSA

i Union Pacific Corporation 131108 $213.25 - 067%

$83868 12371 . 047% M 14 Canada

cpy Canadian National Railway

cp t.?an adian Pacific Railway $73.58 B £79.11 - 1.51%

csX C3X Corporation

G uper Uber $58718  $2944 - 141%

{6816 B §3z2.42 . (.22%

.F?dEx $47.598  $188.58 = 1.72%

app launch 2011

sacp: ) Ve iy $4280B  $4280 - 1.25% \-Jw I+l Canada

«1 9 ?I' ﬁi_ndm Mzpgan £42388 £1886 ~0.19% = USA
A1 10 Maersk $36838 $2051  -031% 22 Denmark
@ ol
Hapaa-Lloyd I . m”"ﬁ“"“"‘*“';[,

p A ot
https: //com‘ga"nlesmarketcap com/transportation/largest-transportation-companies-by- markét- .Cap ™ Germany



https://companiesmarketcap.com/transportation/largest-transportation-companies-by-market-cap
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https://en.wikipedia.org/wiki/Leapfrogging

rompanies T.215

- l;l Glabeal & nnkmg

todal market cap: S85.A58 T

Ranking by countries =

Ranking by categories =

Bfw

Company name, Heker

Largest travel companies by market cap

companies: 141 total market cap: $1.165 T /b
e
Market Cap Price Today ©  Price (30 days) Country
= _E_l‘ff‘_"“jng Holdings (Booking.com) $119.10 B $3,485 0.23% m = USA
‘_u“"_':b"'b $105198  $16491 . 084% /\.,__/.f\-"'v’v/f =™ USA
1 A I"..'.hrribt': International $72.45 B $250.28 v ik '\/—/"\J_,f\_l‘_" -
s "_?"E"tﬂ’ Land $55.94 B $34.15 ? 8% W e Japan
Gl _'f“_'“’” Worldwide $51.87B  $20571 0.28% M - S
T |735 Viegas Sands $3881 8 $5151 - 0.04% _\/ﬁ/\% - LS4
7 [ ReyelCarbbean $32718  $12747 51% W = USA
8 s 22308 sw1es  <013% A7 4t reland
5 Q E’fpfdi‘a Group $18508  $13578 - 1.76% m = UsA
& (HG IljnterCnminﬁntal Hotels Group $1740B  $10592 - 0.01% w_k’v_,(\‘ o UK
17 Hysit bl $16.428  $15670 - 0.03% N,_,,,_J‘F = USA

Pow York

R e Tetpo

-
. Gz 4,

Upiney

@ airbnb

Iaunch
2011

https://companiesmarketcap.com/hotels/largest-hotel-companies-by-market-cap & https://companiesmarketcap.com/airbnb/marketcap/



https://companiesmarketcap.com/hotels/largest-hotel-companies-by-market-cap
https://companiesmarketcap.com/airbnb/marketcap/

rompanies T.215  iotal market cap: SES.ASA T 'f W |-

-'ll Global ranking  Ranking by countries ~  Ranking by categories = COMmpany name, ieker Q

Largest entertainment companies by market cap

companies 328  total market cap: $1.849 T Fanr

Rank * Name Market Cap - Price Today ©  Price (30 days) Country
C 1 N _r"‘:“!ltﬂ'” $260058 360093 - 0.64% m

5 -a__:, Walt Disney $206018  $11231 - 1.80% . USA

$17293 B §43.54 « 2.25%

T | Dot = UsA

4 S 5“”? $106988  $B6TE - 052% m ® Japan

s mp Netease $69758  $10751 - 1.49% m China

6 == r_"_'_’i_'_“_“'“d':' $66088B  $56.57 - 0.98% » Japan

v @ Temmiand $5597B  $3348 - 201% W * Japan app
nivereal Mue launch

g e YRR $53718  $2907 - 060% W\ = Netherlands 2011

Group

Qﬁ%"f’“ﬁ' $50468  $25445 - 191% = Sweden
0 i¥ Las Vegas Sands $39.64 B §52.61 . 2.14% \/‘m\)\"’ - USA

https://companiesmarketcap.com/entertainment/largest-entertainment-companies-by-market-cap/

}



https://companiesmarketcap.com/entertainment/largest-entertainment-companies-by-market-cap/
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Para mas:

www.youtube.com/@Prof.MartinHilbert/playlists
www.martinhilbert.net/entrevistas-en-espanol/

Martin Hilbert (prof; br; PhD)
Chair DE Computational Social Science

Dpt. Communication; DataLab; GG Computer Science

UNIVERSITY OF CALIFORNIA www.MartinHilbert.net | hilbert@UCDavis.edu



http://www.martinhilbert.net/

Notas y descargo de responsabilidad

Esta presentacion (esta "Presentacion”) ha sido preparada por Martin Hilbert ("Autor") exclusivamente para el beneficio y uso
interno de Compania Minera Dona Ines de Collahuasi S.C.M. ("la Compafiia"). Esta presentacion no pretende contener toda la
informacion que pueda ser requerida para evaluar los asuntos discutidos en este documento y, en particular, los analisis
contenidos en esta presentacion no son, y no pretenden ser, una valoracidon de ningun activo, intereses de propiedad,
perspectiva financiera, evaluacién, ni de ningun aspecto de las operaciones comerciales de la Compania. Cualquier destinatario
del presente debe realizar su propia investigaciéon y analisis de los negocios de |la Compaiia y la informacidn contenida en esta
Presentacion. La informacién en esta Presentacion refleja las condiciones prevalecientes y las opiniones del Autor a la fecha de
esta Presentacion. Al preparar esta Presentacion, el Autor se ha basado en la informacién proporcionada por la Compafiay en
fuentes publicas, y no ha verificado independientemente ninguna de la informacidon contenida en la misma. El Autor no hace
ninguna declaracion o garantia, expresa o implicita, en cuanto a la exactitud o integridad de la informacion contenida en esta
Presentacion. El Autor renuncia expresamente a cualquier responsabilidad basada total o parcialmente en dicha informacion,
errores en la misma u omisiones de la misma.

Ademas, esta Presentacion incluye ciertas proyecciones y declaraciones a futuro con respecto al desempeno futuro anticipado de
la Compaiiia. Dichas proyecciones y declaraciones prospectivas reflejan varios supuestos de la administracion y del Autor con
respecto al desempeio futuro de la Compaiiia y estan sujetos a incertidumbres y contingencias comerciales, econdmicas y
competitivas significativas, muchas de las cuales estan fuera del control de la Compania. En consecuencia, no puede garantizarse
gue se realicen tales proyecciones y declaraciones prospectivas. Los resultados reales pueden variar de los resultados anticipados
y dichas variaciones pueden ser materiales. No se hacen representaciones o garantias sobre la exactitud o razonabilidad de tales
suposiciones, o las proyecciones o declaraciones a futuro basadas en ellas, o que cualquiera de los prondsticos se lograra.

La informacidn contenida en esta Presentacion esta sujeta a correcciones o cambios en cualquier momento. El Autor renuncia a
cualquier obligacion de actualizar o corregir cualquier inexactitud o cualquier declaracion que se vuelva engafnosa en la
informacidn contenida en esta Presentacion.



La principal causa de pérdida de valor en mineria, al igual que en otras
industrias intensivas en activos fisicos, es la Incidentabilidad
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Las iniciativas de optumuzacnén o [ procesos aportan solo a mvel margmal
El principal apalancador del valor es controlar la variabilidad (riesgos) de los procesos




varianza

Incidentabilidad & riesgos = variabilidad & desviacion “de lo esperado”
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varianza

sin (x+c) + error
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ChatGPT-3 training dataset sources
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FinRobot: An Open-Source Al Agent Platform
tor Financial Applications using Large Language Models

Market Forecasting Aoents t Analysis & Generation Agents
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Yang et al. (2024). FinRobot: An Open-Source Al Agent Platform for Financial Applications using Large Language Models
https://doi.org/10.48550/arXiv.2405.14767
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Figure 2: Financial Al Agents Workflow Diagram

Yang et al. (2024). FinRobot: An Open-Source Al Agent Platform for Financial Applications using Large Language Models
https://doi.org/10.48550/arXiv.2405.14767
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Figure 1: Conceptual architecture of MarketSenseAl, highlighting the core components, data flow, and outcome for a selected stock (e.g.. Amazon).

Fatouros, Metaxas, Soldatos & Kyriazis (2024). Can Large Language Models Beat Wall Street? Unveiling the Potential of Al in Stock Selection. doi.org/10.48550/arXiv.2401.03737
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Figure 1: Conceptual architecture of MarketSenseAl, highlighting the core components, data flow, and outcome for a selected stock (e.g.. Amazon).

Fatouros, Metaxas, Soldatos & Kyriazis (2024). Can Large Language Models Beat Wall Street? Unveiling the Potential of Al in Stock Selection. arXiv. https://doi.org/10.48550/arXiv.2401.03737
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Figure 1: Conceptual architecture of MarketSenseAl, highlighting the core components, data flow, and outcome for a selected stock (e.g.. Amazon).

Fatouros, Metaxas, Soldatos & Kyriazis (2024). Can Large Language Models Beat Wall Street? Unveiling the Potential of Al in Stock Selection. arXiv. https://doi.org/10.48550/arXiv.2401.03737
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¢Qué respuesta es mas empatica?
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Sharma et al. (2023). Human—-Al collaboration enables more empathic conversations in text-based peer-to-peer mental health support. Nat. Mach. Intel., doi.org/10.1038/s42256-022-00593-2
Sharma et al. (2023). Cognitive Reframing of Negative Thoughts through Human-Language Model Interaction. arxiv.org/abs/2305.02466V1 ; https://renwenzhang.com
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