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My Projects



Prior Work: Al for Social Good

Uninfecte Uninfected Parasitized Parasmzed
e Malaria Detection Classifier . ‘
o  Uninfected ’
o Parasitized Uninfected Parasmzed Parasitized Unlnfected
e Blood Sample Images
o RGB >
Parasitized Uninfected
o  Roughly 150 x 150 Pixels '
e CNN Architecture . -
Uninfected ParaSItlzed
o  95%+ Accuracy -
e Vision Transformer Architecture



Prior Work: Transition Detection in Media Streams

e Transformer Architecture
e 10,000+ Programs
e Annotated Transitions

e Accuracy Scores: 60% @ 1s, 90%+ @ 15s

Program

Advertisement

<l

Transition




Current Research: ChatBot Design

e Goal: Speak with Alan Watts

e Three Al Architectures

) e . b “A scholar tries to learn
O Speech-to-Text (Whlspe r, Ope nAI) V{ ) 3 \ something every day; a
(4 / ’ student of Buddhism

tries to unlearn

o  Fine-Tuned GPT2 Large Language Model (OpenAl) ! h y something daily.”
o  Text-to-Speech (OpenVoice, MyShell Al) \ 2 — Alan Watts

e Deployment to Production (Future)

o  Kubernetes Cluster

o Remote Server



Introduction to
Al/ML Applications
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WaveNet: A Generative Model for Raw Audio

Aaron van den Oord, Sander Dieleman, Heiga Zen, Karen Si[@ﬁny@; Oriol Vinyals, Ale

This paper introduces \WaveNet, a deep neural network for generating raw audio waveforms. The n
speech, it yields state-of-the-art performance, with human listeners rating it as significantly more na
trained to model music, we find that it generates novel and often highly realistic musical fragments.



ML Applications
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‘[ Epigenetics ] [ Genomics ] [ Proteomics ] [Metabolomics]
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ML Applications

Financial
Monitoring

Risk
Management
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ML Applications

e Large Language Models (ChatGPT, etc)
o  Machine Translation
Chatbots
Text Summarization
Sentiment Analysis
Content Creation
Knowledge Extraction and Question Answering
Personalization
Research & Development
o  Retrieval Augmented Generation (RAG)
Traffic Management
Food Production
Environmental Modeling and Sustainability
Creativity and Art
Quantum Machine Learning

O O O O O O O




ML Applications

AUTONOMOUS CAR




Bears
Los Angeles

o Onaheim
LongBeach

SaniDiego






Al/ML Types



Main Types of ML

THE MAIN TYPES OF MACHINE LEARNING

Simple data When quality is \Complicated data
Clear features a real problem Unclear features
/ Belief in a miracle
ENSEMBLES
CLASS|ICAL
ML
No data, NEURAL NET WORKS
but we howet AND
an nvirgnmen
to iv?tjro?ct with DEEP LEARNING
REINFORCEMENT

LEARNING



classification scikit-learn
algorithm cheat-sheet

NOT
WORKING

NOT gt
WORKING more
data No

NO
>50
YES samples

— =
category

regression

ES
NOT

'WORKING

categories
known

NOT

WORKING
oT

WORKING

YES

samples NO

dimensionality
reduction




Decision Trees

Classical ML Technique

e Practical Solutions for many Problems

e Useful for Tabular Data
e Not aNeural Network
e Classification or Regression

e Typically Better Performance in Forests



Reinforcement Learning

Reward
K_/ +10

Reinforcement
Learning

+5

Q-learning
learns to maximize
the rewards

MARKOV PROCESS
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Twﬂ:ter taught Microsoft’s Al chatbot to
be a racist asshole in less than a day



Al Loyalty: Alighing on Subjective Opinion Spaces

The operator, even if faithful, introduces elements of their
own intent, even if simply executing the Commander’s Intent
to the best of their ability. This is because they operate within

=D
limits of homotopy and homology of their shared common g o E
Na 2y

Intent is complicated. =D =D d

ground.

Adversaries need not be directly involved in operation. They
can poison data sets, libraries, and generate other upstream
threats to an otherwise trustworthy system, introducing
critical errors in intention.

A




Neural Networks



Neural Networks - MLP

x; O

tanh

RelLU

MULTILAYER PERCEPTRON (MLP)
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Neural Networks - CNN

BHHAMDN - convolution Kernels

%' «CAT»

The neural network itself learns how to build Perceptron finds

— o ¢ b & , important features
mportant features from the simple lines svecific 0 o, Cat

CONVOLUTIONAL NEURAL NETWORK (CNN)



Neural Networks - RNN

Traditional RNN

e Useful for Sequential Input Processing

el =
e Single Hidden Unit ;T/ T T '
s a<t—1> S a<t> a<t+1>
e Many Architecture Variants . )
t f f f
e Activation Function Updated each Iteration | 2 L<t>

e Vanishing Gradient Problem
Long Short-Term Memory .

t

LSTM uses Gating to Address VGP

' ) ProjectPro



Neural Networks - GAN

e Discriminator and Generator
e Student/Teacher Relationship
e Stability Issues

[ e Sample .
Random i La
Input | < N Dlscnmlnator
S

Generator \
@ Sample
—>

Discriminator loss

Generator
loss



Neural Networks - Stable Diffusion

e More Stable than GAN

e Most Current Image Generation Systems use SD-type Algorithms

Latent Space ") (Conditioning
| Diffusion Process emanti
Ma

Denoising U-Net €y N2y Text
Pixel Space

Repres
l entations
st sty

s S 2r
@ .
A il -

denoising step crossattention  switch  skip connection concat




Neural Networks - Transformer

e ‘“Attentionis All You Need”, Vaswani, Et. al (2017)
e GPT Architecture

e Key, Query, Value

e Encoder/Decoder

e Positional Encoding

e Masking

e Multimodal

Output

Probabilities

-
[ Add & Norm | A
Feed
Forward
e | \ | Add & Norm z
Sddiahiom Multi-Head
Feed Attention
Forward D) Nx
—
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
LN ) At
] J . e
Positional D @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



Ensembles



Ensembles

—

Ensemble Methods



Ensembles

DIFFERENT ALGORITHMS
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Ensembles
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Ensembles
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How Al/ML Systems Fail



ARTIFICIAL INTELLIGENCE

Hundreds of Al tools have been bmlt to catch

covid. None of them helped.

What went wrong
Many of the problems that were uncovered are linked to the poor quality of

the data that researchers used to develop their tools.

https://www.technologyreview.com/2021/07/30/1030329/machine-learning-ai-failed-covid-hospital-diagnosis-pandemic/



Traditional Software System Failures

- Dependency failure — A third party package no longer maintained
- Hardware failure — Hard-drive failure, CPU overheating, losing network access, etc

- Downtime or Crashing — Backend infrastructure outage

Dead Roombas, stranded packages
and delayed exams: How the AWS
outage wreaked havoc across the U.S.

https://www.cnbc.com/2021/12/09/how-the-aws-outage-wreaked-havoc-across-the-us.html



Raw Data Issues

® Sampling Errors

o Convenience
o Snowball
o Judgement
o Quota
e Imputation
e Data Leakage
e Duplicate Values
e Distribution Shifts
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ML-Specific Failures

They account for a smaller portion of failures but are harder to detect and fix:

- Edge cases
- Data Distribution Shifts

- Degenerate feedback loops
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ML-Specific Failures — Edge Cases

N
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ML-Specific Failures — Data Distribution Shifts

Consider a model estimating the likelihood of pets being adopted in a shelter. Let’s call X the
characteristics of a pet, Y whether its adopted or not, and P(Y|X) the likelihood of a pet being adopted

- Covariate shift — P(X) changes, P(Y|X) remains

A shelter takes in more older pets, but the likelihood of adoption remains the same by age.
- Label shift — P(Y) changes, P(X|Y) remains

People want to adopt more pets, regardless of age.
- Concept drift — P(Y|X) changes, P(X) remains

Society decides it wants to adopt more older pets, but the age of pets in the shelter remains the same.



ML-Specific Failures — Detect Data Distribution Shifts

Monitor data all along the inference pipeline over time

harder to monitor easier to monitor
row inputs features pr‘e,o(ic‘tions accuracy«
less lkely to be caused closer to business metrics

loy human erros

* iF no(tur*a[ labe_ls O\Vodlo\ble_

https://huyenchip.com/2022/02/07/data-distribution-shifts-and-monitoring.html



ML-Specific Failures — Detect Data Distribution Shifts

A couple of monitoring pitfalls:

Consider seasonal variations Cumulative statistics hide sudden shifts
Source distribution: 66 Example cumulative and sliding accuracy on a given day
likely a shift = ::;?::m
\ 975 -=-~ threshold
* %0 s s = :
. s i 00
- - N \
. 875 A
Day 14 |nny 15 oo
Target distribution ’ ’ ! ° ’ Y e ® ® * #

https://huyenchip.com/2022/02/07/data-distribution-shifts-and-monitoring.htmi



ML-Specific Failures — Addressing Data Distribution Shifts

- Prevent shifting by initially training on massive dataset
Rarely possible in the industry due to cost and time constraints.

- Adapt a trained model to a new target distribution without new data
Very complex and not widely adopted due to lack of research.

- Retrain the model with newer data

Usually done in the industry due to an easier access to data thanks to the existing
inference pipeline; it’s easier to correct predictions than annotate from scratch.

But watch-out for degenerate feedback loops!



ML-Specific Failures — Degenerate Feedback Loops

- Predictions influence the feedback, which is then used to extract labels to
train the next iteration of the model

Only arise once models are in
production: hard to detect
Predictions during development!

Users’
feedback

Training data

https://docs.google.com/presentation/d/1tuClbk9Pye-RK1xqiiZXPzT8llgDUL6CqBkFSYZXkbY/edit



ML-Specific Failures — Degenerate Feedback Loops

- Originally, A is ranked marginally higher than B: model recommends A;
- After a while, A is ranked much higher than B

Only arise once models are in
production: hard to detect

during development!
Model

recommends A

User clicks on
A

Model confirms
A is good

https://docs.google.com/presentation/d/1tuClbk9Pye-RK1xqiiZXPzT8llgDUL6CqBkFSYZXkbY/edit



Ethics in Al



General Ethical Considerations

e Bias and Fairness

e Transparency and Explainability

e Privacy and Data Security

e Accountability

e Autonomy and Control

e Job Displacement and Economic Impact
e \Weaponization of Al

e Environmental Impact



Case Study 1: Automated Grader’s Biases
e Summer 2020 - Pandemic
o UKA-level exams
e Failures:
o Setting the Wrong Objective
o Insufficient Evaluation

o Lack of Transparency



Case Study 2: The Danger of “Anonymized” Data
e Strava Fitness App (2018)
e PIll was “Anonymized”
e Identified US Military Patrol Routes
e ‘“opt-out” vs “opt-in” Confusion

e Further Potential for Pll Misuse
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