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Goal of this lecture 

I. Gain intuition for what AI can do 
II. Understand some challenges in AI and introduce you to 

questions I think about all day
III. Pathways to AI @ Berkeley and In General 
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Probabilistic/Statistical Learning + Data + Algorithms

AI

Artificial General 
IntelligenceMachine Learning
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Deep Learning
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The study of prediction from examples

Estimate y = f(x) from observations 

What is AI? What is Machine Learning?



Pattern Recognition
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The study of prediction from examples

Estimate y = f(x) from observations 

Hope that this works well on new examples



Supervised Learning Unsupervised Learning

Images taken from https://towardsdatascience.com/supervised-vs-unsupervised-learning-14f68e32ea8d
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The study of prediction from examples

user history    

email    

driving plan

French sentence

scene description

cancer diagnosis

spam detection

recommendation

Spanish sentence

lab tests    

image

lidar    
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The Perceptron Algorithm 
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The Brain

Neural Networks
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Computer Vision

Object Detection/Identification/Segmentation



Computer Vision

(Chan et. al., 2018)

http://www.youtube.com/watch?v=PCBTZh41Ris
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Computer Vision - Poultry Disease Detection
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Natural Language Processing

Machine Translation Language Understanding
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NLP - Misinformation and Online Harm

Misinformation in Tweets
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Machine learning models are deciding or informing 
consequential decisions about people. 

Machine 
Learning 

P[recidivism|X]

P[reamission|X]

P[loan default|X]

Data (X)
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Challenges in AI - Computer Vision

Facial Recognition
(Buolamwini et. al., 2019)
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Challenges in AI - Crime



Challenges in AI - Social Work

Wired (2017) 20
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Challenges in AI - Health

Pierson et al. An algorithmic 
approach to reducing unexplained 
pain disparities in underserved 
populations. Nature (2020).



Survey of Fairness in ML
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Suresh, Harini, and John V. Guttag. "A 
framework for understanding unintended 
consequences of machine learning." arXiv 
preprint arXiv:1901.10002 (2019).



For a long time, we believed...

● Data was unbiased, objective, 
logical...

● So were models and 
algorithms.

(1) Sanmi Koyejo (2) https://www.thecomicstrips.com/subject/The-Stone+Age-Comic-Strips.php 23

https://www.thecomicstrips.com/subject/The-Stone+Age-Comic-Strips.php


The role of data in AI…

dataProblem formulation

Informs output of 
learning algorithm 

Shapes direction of 
scientific communities
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So what makes for good data and for what 
purpose (i.e. predicting life outcomes)?

dataProblem formulation

Informs output of 
learning algorithm 

Shapes direction of 
scientific communities
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Measuring the Predictability of Life 
Outcomes with A Scientific Mass 

Collaboration 

Matthew Salganik, Ian Lundberg, 
Alexander T. Kindle, et al. 
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Limits of Prediction



1.) Sensitive dependence on inputs
2.) Shocks
3.) Accumulation and amplification 

of advantage
4.) Unobserved and observed 

inputs
5.) The 8 Billion Problem 

6.) The Drift
7.) Ill-conceived target variable
8.) Self-equilibration and strategic 

behavior
9.) Forward and inverse prediction
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Limits of Prediction

Narayanan and Salganik (2020). Limits 
of prediction: pre-read. Princeton 
University.



Extensions
Insights and Critiques

Forward and inverse prediction

Given the output from the data generating process, can we predict the 
input?

Race
Gender 

Age
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Extensions
Insights and Critiques

Self-equilibration and strategic behavior

Camacho and Conover  
(2011). Manipulation of 
Social Program 
Eligibility. 29



Extensions
Insights and Critiques

Ill-conceived target variable

Some target variables are hard to measure or 
unstable. 

Jacobs and Wallah (2020) 
Measurement and Fairness
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Modern systems bring new challenges

● Automated
● Dynamic
● Heavily dependent on multi-agent behavior
● Morally, politically, and mathematically challenging
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What Next?
● Introductory Courses to Consider

○ Stats: CS/Stat/Info C8, Stat 102
○ Programming: CS 61ABC
○ Probability: CS 70
○ Linear Algebra: EE 16A, EE 16B, Math 54
○ Optimization: EE 227A
○ Calculus: Math 1AB, Math 53

● Upper Divisions to Consider
○ AI-ML Essentials: CS 188, CS 189
○ Neural Networks: CS 182
○ CV: C280, RL: CS 285, NLP: 288

● Take Courses Outside CS
● Outside the classroom

○ Start personal projects!!
○ Get involved in research!!
○ Get creative with internships!!
○ Get involved in orgs: NSBE, Black in AI, Women in AI
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My Path Thus Far
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Graduated 
Harvard with 

A.B. in Applied 
Math 

2017
Graduate with a 

M.S. in 
Statistics from 

Duke 

2020

Graduated public 
high school in LA

2013

Spent a year-long 
fellowship in the 
UK studying AI 

Ethics

2018

Working 
towards a PhD 

in EECS @ 
Berkeley
2021+



My Path Thus Far

34

Graduated 
Harvard with 

A.B. in Applied 
Math

2017
Graduate with a 

M.S. in 
Statistics from 

Duke 

2020

Graduated public 
high school in LA

2013

Spent a year-long 
fellowship in the 
UK researching  

AI Ethics

2018

Working 
towards a PhD 

in EECS @ 
Berkeley
2021+

Raised by single 
parent, first-gen, 
low income

Failed my 1st 
year placement 
exams

Didn’t get 
accepted into any 
grad programs

Started in PhD but 
then mastered out 
to switch fields and 
prelims



Thank you!
Any Questions?  

Ezinne Nwankwo
ezinne_nwankwo@berkeley.edu
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