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La idea general de que se pueden
construir maquinas con capacidades
comparables a la inteligencia humana

ML es la practica de usar algoritmos para
aprender de los datos, y luego tomar una
determinacion o realizar una prediccion




Se dice que un programa aprende de |a experiencia E con
respecto aunatarea Ty alguna medida de desempeno P, si su
desempeno en T, medido por P, mejora con la experiencia E”

Tom Mitchell (1998)
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La idea general de que se pueden
construir maquinas con capacidades
comparables a la inteligencia humana

ML es la practica de usar algoritmos para
aprender de los datos, y luego tomar una
determinacion o realizar una prediccion

DL es un campo de ML que estudia redes
neuronales de alta complejidad
(“profundas”)
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Input Cell

© Backfed Input Cell

A mostly complete chart of

Neural Networks

Machine (BM)

Restricted BM (RBM)

http://www.asimovinstitute.org/

neural-network-zoo/
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Tarea Dataset
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RoBERTa: A Robustly Optimized BERT Pretraining Approach
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NLP

° e ° s . ° 7
clasificacion extraccion a resumen generacion
JEICE Dataset
Refuerzo, contradiccidon o equivalencia de fras MNLI
URL Score CoLA SST-2 STS-B QQP MNLI-m MNLI-mm
1 Facebook Al RoBERTa l:/,' 88.5 67.8 96.7 92.3/89.8 92.2/91.9 74.3/90.2 90.8 90.2 98.9 88.2 89.0 48.7
2 XLNet Team XLNet-Large (ensemble) U 88.4 67.8 96.8 93.0/90.7 91.6/91.1 74.2/90.3 90.2 89.8 98.6 86.3 90.4 475
+ 3 Microsoft D365 Al & MSR AIMT-DNN-ensemble @ 87.6 68.4 96.5 92.7/90.3 91.1/90.7 73.7/89.9 87.9 87.4 96.0 86.3 89.0 42.8
4 GLUE Human Baselines GLUE Human Baselines C),' 871 66.4 97.8 86.3/80.8 92.7/92.6 59.5/80.4 92.0 92.8 91.2 93.6 95.9
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RoBERTa: A Robustly Optimized BERT Pretraining Approach

Yinhan Liu® Myle Ott** Naman Goyal*® Jingfei Du*®* Mandar Joshi'
Danqgi Chen® Omer Levy? Mike Lewis® Luke Zettlemoyer'® Veselin Stoyanov®
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Deep CNN Generating
RNN

primer plano de un plato
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this small bird has | a flower with

a yellow breast, . long pink petals

brown crown, and 7 and raised orange
Generative Image Manlipul black SUperciliary stamen.
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https://doi.org/10.1038/541551-018-0195-0

Prediction of cardiovascular risk factors from
retinal fundus photographs via deep learning

Ryan Poplin'#, Avinash V. Varadarajan'4, Katy Blumer’, Yun Liu’, Michael V. McConnell?3,
Greg S. Corrado’, Lily Peng'** and Dale R. Webster'#
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“The invisible gorilla strikes again: Sustained inattentional blindness in expert
observers”

Trafton Drew, Melissa L. H. Vo, and Jeremy M. Wolfe
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% Journal of Serendipitous and Unexpected Results

| Neural Correlates of Interspecies Perspective Taking in
the Post-Mortem Atlantic Salmon: An Argument For

Proper Multiple Comparisons Correction

Craig M. Bennett '*, Abigail A. Baird 2, Michael B. Miller ' and George L.

Wolford 3

! Department of Psychology, University of California at Santa Barbara, Santa Barbara, CA 93106
?Department of Psychology, Blodgett Hall, Vassar College, Poughkeepsie, NY 12604

| 3Department of Psychological and Brain Sciences, Moore Hall, Dartmouth College, Hanover, NH
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Detecting Depression Severity
from Vocal Prosody

Ying Yang, Catherine Fairbairn, and Jeffrey F. Cohn Associate Member, IEEE

Abstract—To investigate the relation between vocal prosody and change in depression severity over time, 57 participants from a
clinical trial for treatment of depression were evaluated at seven-week intervals using a semi-structured clinical interview for depression
severity(Hamilton Rating Scale for Depression: HRSD). All participants metcriteria for Major Depressive Disorder at week 1. Using both
perceptual judgments by naive listeners and quantitative analyses of vocal timing and fundamental frequency, three hypotheses were
tested: 1) Naive listeners can perceive the severity of depression from vocal recordings of depressed participants and interviewers. 2)

Quantitative features of vocal prosody in depressed participants reveal change in symptom severity over the course of depression. And
3) Interpersonal effects occur as well; such that vocal prosody in interviewers shows corresponding effects. These hypotheses were
strongly supported. Together, participants’ and interviewers’ vocal prosody accounted for about 60% of variation in depression scores,
and detected ordinal range of depression severity (low, mild, and moderate-to-severe) in 69% of cases (kappa = 0.53). These findings
suggest that analysis of vocal prosody could be a powerful tool to assist in depression screening and monitoring over the course of

depressive disorder and recovery.

Index Terms—Prosody, switching pause, vocal fundamental frequency, depression, interpersonal influence, Hierarchical Linear
Modeling (HLM).
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Index Terms—Prosody, switching pause, vocal fundamental frequency, depression, interpersonal influence, Hierarchical Linear
Modeling (HLM).
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TECHNOLOGY

Using Al to Invent New

MadAdiaal TAacta~
The method we developed utilizes smartphone technology in combination

with algorithmic analysis of ECG recordings. Together with our partner
AliveCor, we developed a system to attach electrodes to a smartphone and
acquire a quality ECG recording. We then developed an algorithm that detects
subtle changes in the morphology of the ECG waveform to determine serum

potassium levels in near real time. We validated our approach in a series of

- clinical studies and found that our potassium scores closely correlated with

serial blood tests taken from the same patients.
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sino “gué tan inteligentes pueden hacernos”

e Aprender a aprender

La forma de enfocar un problema es mas
Importante que recordar soluciones pasadas



No es “que tan inteligentes son las maquinas’,
sino “gué tan inteligentes pueden hacernos”

e Aprender a aprender
e \olicion, Sentido, Intencion

Correlacion # Causalidad
Aprendizaje # Innovacion
Visiony sentido. ¢ Para que?



No es “que tan inteligentes son las maquinas’,
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e Aprender a aprender
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“Wicked problems” + responsabilidad
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Volicion, Sentido, Intencion
Gestion del caos
“Automatizar lo inefable”

Materializar heuristicas
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OpenAl Five

OpenAlI bot crushes Dota 2 champions,
and now anyone can play against it

Reigning International champions Team OG were soundly beaten over the weekend.

PETER BRIGHT - 4/15/2019, 5:09 PM
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Adopcion - cultura

cEn qué grado mi organizacion
permite la innovacion y la
experimentacion?



Adopcion - habilidades tech

cEsta mi equipo capacitado
tecnologicamente para ejecutar y
capitalizar proyectos de |A?



Adopcion - vision

cTiene mi organizacion la vision
estrategica para definir y darle
forma a los proyectos “correctos”?




Adopcion - estrategia de datos

cTriene mi organizacion madurez en el uso
de datos?

. Los usa como herramienta estrategica,
de ejecucion y aprendizaje?



Inteligencia Artificial
Anadlisis prescriptivo

Aprender, Predecir,
Conocimiento Derivado

Anadlisis predictivo

Explorar y Analizar

Andlisis descriptivo

Gestion de datos

Capacidad de consumir

Generacion de datos

Capacidad de recolectar
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