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“Al is Coming for Your Job”

Enterprise

INNOVATION iz ws

Brave new world - how Al will impact work and jobs
By Ralph Haupter, President, Microsoft Asia | 2018-05-01

Qutsourced,
automated or made Q
redundant
27%

Retrained and
upskilled
33%

85%

of jobs in the
next 3 years will
be transformed

Unchanged
14%

https://www.enterpriseinnovation.net/article/brave-new-world-how-ai-will-impact-work-and-jobs-730637861

New roles created
N

due to digital
;);f transformation
investments
26%



https://www.enterpriseinnovation.net/article/brave-new-world-how-ai-will-impact-work-and-jobs-730637861
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10 facts you heed to know about
humanoid robot Sophia

https://www.yovizag.com/10-facts-humanoid-robot-sophia/



https://www.yovizag.com/10-facts-humanoid-robot-sophia/
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Why Are Conversational Agents So Dumb?

“Alexa, who won the 1934 world series?

“The Saint Louis Cardinals beat the Detroit
Tigers 4-3 in the 1934 World Series.”

“Who was the starting pitcher for the Tigers?”

“‘Jordan Zimmerman started for the Tigers in their 6-4 loss
to the Twins yesterday.”



The Ingredients of Intelligence

Knowledge/ T

Modern Machine Learning

 dat@ mining
* predictive _
analytics  Pattern Matching

e computer vision
 speech recognition

» Natural Language erstanding

Reasoning

 constrained optimization




Human Intelligence and Artificial General Intelligence

Human Intelligence
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Human Intelligence and Narrow Artificial Intelligence

Human Intelligence
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Problem Formulation




Problem Formulation

https://widspune.blogspot.com/2019/02/data-science-problem-formulation.html



https://widspune.blogspot.com/2019/02/data-science-problem-formulation.html

Problem Formulation: 1. Understand the Data
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Problem Formulation: 2. Requirements

How the customer
explained it

How the project leader
undersiood it

How the engineer How the programmer How the sales
designed it wrote it executive descnbed it

How the project was What operations How the customer How the helpdesk What the customer
documented installed was billed supported it really needed

https://knowyourmeme.com/memes/tree-swing-cartoon-parodies



https://knowyourmeme.com/memes/tree-swing-cartoon-parodies

2. Requirements

Nature of the task:
* prediction,

» forecasting

e recommendation

« exploration & discovery
 question answering

Requirements for a solution:

* speed - throughput

* accuracy * trustworthiness,

. co_nsgency « comprehensibility
* reliability

Constraints:

« data availability * privacy & legal restrictions
 data collection e compute power
 groundtruth  development resources

» cloud or on-prem * timeframe




Problem Formulation: 3. Metrics

« TP, FP, TN, FN, E—
Precision, Recall, F1, AUC

https://en.wikipedia.org/wiki/Precision and recall

 Imbalanced data,
 Imbalanced cost for errors

selected elements

measles
no measles



https://en.wikipedia.org/wiki/Precision_and_recall

Problem Formulation: 3. Metrics
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Problem Formulation: 3. Metrics

* |Individual metrics on

multiple criteria
e articulate tradeoffs

« Aggregate metrics

» weight individual metrics
* "loss function®

* nonlinear error




Problem Formulation: 4. Data Preparation




4. Data Preparation

Phase Scale

Data Grokking 102

Model Development 103 - 10°

Production 106 +

Method

manual

outsource

automated



Problem Formulation: 5. Models

High Customer Engagement - B2B

* Labeled data
* Direct feedback
* Predict outcome/future

SUrveys,

Supervison focus groups

Learning Low Customer

Customer/Market
: Engagement
Segmentation ; _
Unsupervised Reinforcement -Consumer
* No labels » Decision process
* No feedback * Reward system
* “Find hidden structure” * Learn series of actions

https://www.saagie.com/blog/machine-learning-for-grandmas/



https://www.saagie.com/blog/machine-learning-for-grandmas/
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Dimensionality




Dimensionality: 6. Data Dimensionality

RADIAL S BIFLOT
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http://www.sci.utah.edu/~shusenl/highDimSurvey/website/



http://www.sci.utah.edu/~shusenl/highDimSurvey/website/

Dimensionality: 6. Data Dimensionality

Manifolds & Clusters

http://www.sci.utah.edu/~shusenl/highDimSurvey/website/ http://dmm.dbs.ifi.Imu.de/content/research/fossclu/FOSSCLU.pdf



http://www.sci.utah.edu/~shusenl/highDimSurvey/website/
http://dmm.dbs.ifi.lmu.de/content/research/fossclu/FOSSCLU.pdf

Dimensionality: 6. Data Dimensionality—» 7. Model Dimensionality
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Manifolds & Clusters

http://www.sci.utah.edu/~shusenl/highDimSurvey/website/ http://dmm.dbs.ifi.imu.de/content/research/fossclu/FOSSCLU.pdf



http://www.sci.utah.edu/~shusenl/highDimSurvey/website/
http://dmm.dbs.ifi.lmu.de/content/research/fossclu/FOSSCLU.pdf

Dimensionality: 7. Model Dimensionality

. rametri
Parametric Nonparametric
(many parameters,

(few parameters) .e. “weights”)

—
parameters 101 102 103 108




7. Model Dimensionality

Few model parameters Many model parameters



Dimensionality: 7. Model Dimensionality

Nonparametric
(many parameters,

Parametric
(few parameters)

l.e. “weights”)
—
parameters 101 102 103 106
Strong Prior Weak Prior
* better if prior is correct « more flexibility
* less flexibility * requires more training data
* requires less training data
* bias «— * variance
Perceptron

Linear Regression
Polynomial

Support Vector Machine Deep Neural Networks

Random Forest



Dimensionality: 8. Search

And this shows only two dimensions!

Search Strateqies

Grid search
-systematically vary parameters
under your control

L

L

HE 0 N & O
[

Hill climbing
-keep improving what you’ve got

 Random restart " \4{3 4
'periOdica”y try Something new https://ml4a.qithub.io/ml4a/how neural networks are trained/

Parallelize
-multiple teams

Evolutionary
-combine modular parts that contribute to better solutions


https://ml4a.github.io/ml4a/how_neural_networks_are_trained/

Dimensionality: 9. Sampling

0

Management

« Sample size  Bias/Variance: Does that

* Error bars data point make sense?

« Coverage » Targeted sampling.
e =

| R AY
T

1= b= =] 3 = = 1= =1 e = o =
5 § 3 3 3 3 8 8 8 §8 §8 §8 § §

* Retraining in « Continual product

* Nonstationary Data production revision



Dimensionality: 10. Overfitting

Dependent
Variable

\_/ Independent Variable



Dimensionality: 10. Overfitting

Customer
Requirement

\ _/ Product Feature

® Charter Customer

® QOther Customers



10. Overfitting - Remedies

Remedies to Overfitting

ML Management
« Regularization Bias: prefer smooth Reminders of big picture:
over wiggly. don’t deep-end on subsets.
. - - Train on subset of Quiz: does a satisfaction
Cross-Validation available (black) of some initial requirements
data points; test on throw others out of whack?

remainder.
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Projects

Papers

Curiosities

Links

Contact

Eric Saund

« Research scientist in Cognitive Science and Al.
« Conversational Agents, Visual Perception, Cognitive Architectures.

o | build stuff.

http://www.saund.org

saund@alum.mit.edu

Conversation



