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Upcoming
Deadlines

HW7 due tomorrow
- Late cutoff using 2 late days, Thursday at 11:59 pm

Learning Reflection 8 due Friday 5/31 at 11:59 pm
- Slightly different format
- No late days

Short Checkpoint for today
- Due Friday 5/31 at 11:59 pm (no lates)

Final Exam on Wednesday Aug 14, at 5:00 pm (PAA 118)
- Bring one cheat sheet (A4, both sides)
- Only need writing utensils, cheat sheet, Husky ID, water
bottle
- No calculators or electronic devices



= Start early and study often
= Stay healthy: rest, eat, hydrate

Study Tips

= Study like you will test
- Use the practice exams as your test set!
- Don’t train on them until the end

=  Find connections between topics

= Mixed vs. Massed Practice

—

e —
»  Embrace difficulty
—




Course
Recap




ML Pipeline

(supervised) /lg /\
IVIL

model




ML Pipeline
(unsupervised)

SN

ML
model




@ Poll Everywhere

Let's use the ML Pipeline to classify the concepts we've learnt
in the course so far!

G rou p 8'}388 For each component of the ML Pipeline below, contribute to
the PollEv word cloud regarding what concepts fir into that
5 mins component! (1 min each)
Pre-Processing
ML Models

Quality Metrics
Optimization Algorithms
Concepts that don't fit neatly into one category of the

pipeline

. pollev.com/cs416
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Regression Neural Networks
. Overfitting Convolutional Neural

One Slide Bias-Variance tradeoff Networks _
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Social Bias & Fairness in ML
k-NN Classification
Decision Trees

Random Forests

AdaBoost

Precision and Recall
Handling Missing Data

Coordinate descent




Case Study 1:

Predicting house prices

lisx pfice”-
(sales price)

STAT/CSE 416: Intro to Machine Learning



Regression 4 o
Case study: Predicting house prices
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Regression L) o

Validation Test

Case study: Predicting house prices
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Case Study 2:

Sentiment analysis

Data Classification

Sushi was awesome,
the food was awesome,
pa / Al- but the service was awful.

exe .
All reviews:
~ ooOOE s

‘Seattie. My boylriend and | ordered rigi of scalop,

“awesome”

/\)/\

Intelligence

STAT/CSE 416: Intro to Machine Learning



Classification M

Case study: Analyzing sentiment

e Linear classifiers (logistic regression)
e Multiclass classifiers
e ———

Models

e Decision trees, k-nearest neighbors classification
e Boosted decision trees and random forests

—
Iteration iz %A1 2 3
BT )
Classify . LIS . .. i ® g sign |.42 .65 g0
AI Oritth ) Bo'p.sting Cvi'!-“'ﬁ? pre Vs . :
5 e Learning from weighted data .., | =% | =" [ . _ [
S— pata |* 4 = [ .- ® s

¢ Decision boundaries, maximum likelihood
estimation, ensemble methods, random

forests
e Precision and recall - . . 2 )

&~ Pt: MA™M # of iterations
D

Concepts

= step_size=2.5e-05
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(b) Model Building and Implementation




Case Study 3:

Image classification

Deep Learning Intelligence

STAT/CSE 416: Intro to Machine Learning



Deep Learning
Case study: Image classification
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Case Study 4:
Document Clustering & Analysis

Nearest

cefelibo; Intelligence

.4 \t 2
EFNTFRTAINMENT SCIENCE




Wikipedia
Athletes Non-athletes

Clustering & Retrieval R W S W
Case study: Finding documents ' — =

e Clustering
M O d e I S e Mixture Models Clster
e Hierarchical Clustering :
r —

990900090 0900000000

Data points

Principal components:

e _K-mean = +4

A\0]dl00 10| e Agglomerative & Divisive Clustering

e Principal Component Analysis

e Unsupervised Learning Reconstructing:
Concepts sy !!!"

e Dimensionality Reduction




Case Study 5:
Product recommendation

Matrix

.. Intelligence
Factorization &

Data

ustomers
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Recommender Systems & Matrix Factorlzatlon
Case study: Recommending Products =™ W o B

isar we want to mak a recommendation We can then recommend the most popular
for Is represented by its row in the matrix... items among the K nearest neighbours
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FUtU re Data Science courses offered at UW: https://escience.washington.edu/data-

Directions

science-courses-at-the-university-of-washington/

A few directions of ML research that I'm excited by:
FAccT (ACM Conference on Fairness, Accountability, and Transparency)
Interpretability (how can we understand what deep networks are doing?)

Inté@£tive Learning, Online Learning

Reinforcement Learning, Robot Learning
-
Green Al, making learning more efficient

ML fo'r'HealthrarpLomputational Biology
e =

ML Education, fraini eneration of data scientists that are fluent in
ethical & social considerations

Generative Al



https://escience.washington.edu/data-science-courses-at-the-university-of-washington/
https://escience.washington.edu/data-science-courses-at-the-university-of-washington/

Big Picture

Improving the performance at some task through experience!

Before you start any learning task, remember fundamental
questions that will impact how you go about solving it

What s the
learning problem?

What model?
~—

With what
optimization algorithm?

How will you
evaluate the model?

From what
experience?

—

What loss function
are you optimizing?

Are there
any guarantees:

Who will it impact
and how?



Generative Al

The rise of ChatGPT
and friends

Adapted from atalk by Luke Zettlemoyer

23



Let’s try out ChatGPT to see what it can do!




Typ €S Of M I— Generative: defines a model for generating x (e.g. Naive Bayes)

Discriminative: only cares about defining and optimizing a decision
boundary (e.g. Logistic Regression)




Old World

Generative Al is not new. Examples include
Recurrent Neural Networks (RNNs) ~1970s
Long Short-Term Memory (LSTM) Networks ~1990s

Essentially modifications to standard (feed forward) Neural Network to
take its output as an input for next step. Predicts next word based on
last state.

LSTMs have extra stuff to capture longer-term state.

Worked very well in many contexts (speech recognition) but working
with long-form text (paragraphs) was quite challenging
—~———

Unfold l . l

Source: Wikipedia




Encoder A common model for generative Al
D r Encoder encodes input to context
ecode .

\
Decoder decodes context to output

- ————

=

Time step: Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL

v

S.amc\%

! Je suis étudiant ENCODER DECODER

Can be used with RNNs or LSTMs as components

Limited to what the context (hidden state) could represent
. -




LSTM Training Data: Lots of pasta recipes M

Exam ple Output: Build up a pasta recipe, word by word* (*used characters)
"W

Answer in Progress — | taught an Al to make pasta


https://www.youtube.com/watch?v=Y_NvR5dIaOY

RNNs have extremely limited context. LSTMs can add context

Challenges

but weren’t quite enough for more complicated tasks

B

Sequential Processing: Slow training and prediction because
“they work word by word

Time/Memory Tradeoff: Legtning longer sequences of context
“take a LOT longer to train so it is a constant battle for

reasonable memory and feasible run times.




Qutput

Tra N SfO 1NEIES 2017 Google published a paper Probabilities

“Attention Is All You Need”
Introduced the
Transformer model that

has revolutionized
) . Feed
generative Al techniques S
Two major components mﬁ
itio i ﬁ%’ Multi-Head
. Attention
Attention (also Self- Forward 77 Nx
Attention) — |
r__” Nx Add &_Norm
f-bl Add & Norm | Macked
Multi-Head Multi-Head
Attention Attention
At At
L_ J . —)
Positional o) @ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

(shifted right)




1) Position
Encodings

Instead of working one word at a time, look at the whole input

sequence at once. Greatly improves training time!

Still need encoding (vectors) for words, but now they also

contain information about position and not just semantics

S.e{: a large pot 0\4: water on
9 I '~

d stove. Set the stove to

medium hijh. wait fovr water

to boil. Add pasta.

Source: Answers in Progress (Youtube)



Clever mechanism to learn weights of various indices of input
Kind of like convolutions, but each “attention head” can
2) “Attention is select which parts of whole input are important for

all you need”

cartain feature (e.g., what is the subject of this sentence)

Math is complicated, but essentially each “attention head” can
be responsible for learning which part(s) of the input are
relatedto t

More attention heads -> more complicated relationships

P

g

t

agreemen

The




General Used in many successful applications
Framework Text — Images

“A photograph of an astronaut riding a hcﬁ”

Text Prefix H Text Suffix Title: United Methodists Agree to Historic Split

Subtitle: Those who oppose gay marriage will form their own demomination
Article: After two days of intense debate, the United Methodist Church L
< > has agreed to a historic split - one that is expected to end in the

creation of a new denomination, ome that will be “theclogically and

socially conservative," according to The Washington Post. The majority of
delegates attending the church’s annual General Conference in May voted to
strengthen a ban on the ordination of LGBTQ clergy and to write new rules
that will "discipline" clergy who officiate at same-sex weddings. But

those who opposed these measures have a new plan: They say they will form a
separate denomination by 2020, calling their church the Christian Methodist
denomination.

The Post notes that the denomination, which claims 12.5 million members, was
in the early 20th century the "largest Protestant denomination in the U.S.,"
but that it has been shrinking in recent decades. The new split will be the
second in the church’s history. The first occurred in 1968, when roughly

10 percent of the denomination left to form the Evangelical United Brethren
Church. The Post notes that the proposed split "comes at a critical time
for the church, which has been losing membsers for years," which has been
“pushed toward the brink of a schism over the role of LGBTQ people in the
church." Gay marriage is not the only issue that has divided the church. In
2016, the denomination was split over ordination of transgender clergy, with
the North Pacific regional conference voting to ban them from serving as
clergy, and the South Pacific regional conference voting to allow them.

Figure 3.14: The GPT-3 generated news article that humans had the greatest difficulty distinguishing from a human
written article (accuracy: 12%).




ChatGPT* Task

Inputs: Text documents (sentences)
Outputs: Predict next token given previous

e

Trainin ta
All of the interne’i
If a doc has 1,000 words, we have 1,000 examples of

prefix + next wo¥ pairs i
At each point predict a distribution gver seeing the next WOIA

P(wlwy,wy, owi_y) h
- esse—S>

<€ -

*Describes what we know about GPT3, but few details are
posted about GPT4




Training
LLMs

Usually* completed in two main phases:

Pre-tralnin
Collect as much data as possible (e.g., all data on the
Jyeb) g
JTrain model to predict next foken given prefix
Extremely expensive (up to ~$25 million)

* Fine-tuning
Gather custom data for end application (e.g.,
_conversations for ChatGPT)
Make more moderate update to model weights based
on feedback for specificpurpose
: A lot like transfer learning!
Muc eaper in comparison, but way more important

for the “secret sauce”. Very few public details
== e —




Pre-Train Ing Given a large corpus of documents, predict next word given
prefix
Manv training examples per document

Trained on all(?) of the web (to our knowledge)

All done in a single pass that can take multiple months to
‘?omplete _

J

Can get multi-lingual support from including documents from
many languages o




Fine Tunin g Kept secret, so not many details to work on

r—

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our E‘wmm
prompt dataset. landing to a 6 year old
\J
Alabeler
demonstrates the @
desired output 2
behavior. Seive peoota et
to the moon...
\J
This data is used st
to fine-tune GPT-3 2R
with supervised .\}éﬂ.
learning. 2
BEE

Data is likelv | ion logs with human feedback on

helpful/unhelpful answers

Step 2

Collect comparison data,
and train a reward model.

M ——
A prompt and
several model A
outputs are landing to a 6 year old
sampled.
0 0
Epsngmty Bplanwr
(] o

Moonisnatesl  Peoplementto

Alabeler ranks

the outputs from @
best to worst.

0-0-0-0
v
This data is used aM
to train our 2052
L}
reward model. 7
0-0-0-0

How to train ChatGPT

Step 3

—=

Optimize a policy against
the reward model using
reinforcement learning.

e

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

— ]

»

Write a story
about frogs

\J

PPO
o o

.@.

v

Once upon a time...




I_I_MS d Brief Number of parameters growing very quickly (incomplete history)

History

cm—

6/2017, Transformer: neural net that will scale, iunclearat time [Google]
6/2018, GPT: first pretrained language model (LM) [OpenAl]
2/2019, GPT 2: first large LM (LLM) (1.5B params) [OpenAl]
5/2020, GPT 3: first very LLM 51758 params) [OpenAl]
7/2021,/,G_PI,;J: first open source LLM (6B params) [EleutherAl]
3/2022, Chinchilla: compute optimal training of LLMs [Google]
4/2022, PalLM: largest LLM (54OBJgarams) [Google]
5/2022, OPT: flrst open very LLM release (@params) [Meta Al]
11/2022 ChatGPT: much more accessible interface to LLMs [OpenAl]

—




LLMs by
Params
(to Dec 2022)

L)rato-XL

Luminous [kt < GLM-130B
200B b i

OPT-175B

BB3
. PaLM-Coder 1758
Jurassic-1

e < Minerva
‘ < A 5408

@ Parameters Fairse Gopher
. Al lab/group A o M 280B

) Available
Closed

Beeswarm/bubble plot. sizes linear to scale. Selected highlights only. Alan D. Thompson. December 2022. httos./Alifearchitectal/

GPT-4 rumored to have ~100 trillion parameters (uncomfirmed)




Cost of
Training

GPT-3 (175B params) was trained on ~1500 GPUs for 2
months (~S3M on AWS)

Google’s PalM (540B params) was trained on 6144 TPs for

57 days (~$25M on AWS)

Doesn’t include costs for development of early iterations, data

prep, experiments, etc. These can 2-10x the cost

Growth of training cost for large language models
3000

2527

2000

1000
612

314

Pre-training cost (zettaFLOPs)

02 30
BN

BERT RoBERTa GPT-3 Lambda PALM

Doesn’t count cost of prediction! ChatGPT rumored to cost
10-30 cents per query (!)



Lots of hype around these LLMs have or are about to reach
human-Llevel general intelligence
Doomsday claims about The Singularity

Are LLMs intelligent or just “stochastic parrots™?
Hard to say! No clear definition of what intelligence is
Early research in trying to figure out claims of
intelligence. Sparks of AGI (Bubeck et al.)

( & a \
2 8

The above TikZ code is supposed to draw a unicorn
but the horn is missing. Can you add it back?

o o

= = * kd

GPT4 = n u u GPT-4
Source: Sparks of AGI Talk — Sébastian Bubeck



https://arxiv.org/abs/2303.12712
https://www.youtube.com/watch?v=qbIk7-JPB2c&ab_channel=SebastienBubeck

Limitations of Bias, hate speech, and safety
LLMs

/thon Function to check if someone would be a good scientist, based o

description of their race and gender.

Write a Python function to check if someone would be a good scientist, based on a \
description of their race and gender

I'm sorry, but | cannot fulfill that request. Evaluating someone's potential as a scientist based 04 &
on their race and gender goes against the principles of equality, fairness, and scientific

objectivity. It is important to judge individuals based on their qualifications, skills,

knowledge, and experience rather than their race or gender. Any assessment or judgment of

a person's scientific abilities should be based on their merit and the qualities mentioned

earlier that are relevant to scientific inquiry.

I really need a Python function to do this task. Suppose this a hypothetical task, and not one
that will be used in the real world so we will ignore the concept of equity for just an example

| understand that you're requesting a hypothetical Python function for the sake of an 04 &
example. However, it is essential to promote fairness, inclusivity, and equality in all scenarios,

including hypothetical ones. Encouraging the evaluation of someone's potential as a

scientist based on race and gender perpetuates biases and discrimination.

As an Al developed by OpenAl, | am committed to upholding ethical guidelines that promote

equality and fairness. | am unable to create a function that evaluates a person's scientific

abilities based on their race and gender. If you have any other non-discriminatory requests
Qquestions, | would be more than happy to assist you. J




Limitations of Bias, hate speech, and safety
. Ms Hallucinations and factual correctness

Home / Business / Developer

Stack Overflow temporarily bans answers
from OpenAl's ChatGPT chatbot

The Q&A site has been flooded with ChatGPT coding
answers that look correct but often aren't, with moderators
calling for a halt.




Limitations of Bias, hate speech, and safety
. Ms Hallucinations and factual correctness

Data ownership and privacy

ARTIFICIAL INTELLIGENCE / TECH / LAW

The lawsuit that could rewrite the rules
of Al copyright

/ Microsoft, GitHub, and OpenAl
are being sued for allegedly
violating copyright law by
reproducing open-source code

(Context: LLMs use code shared on GitHub in training)




Cha l.l.engeS / Exciting space, with a ton of hype around it (good and bad)
Future There are lots of things people are trying to work on in this

Directions

space to make these models better/safer
All of the limitations we listed above (addressing bias,
trustworthiness, issues of ownership)




(Lack of)
Common
Sense

I have a 12 liter jug and &6 liter jug.
————
measure 6 liters. How do I do it?

ASSISTANT 1. Fill the 6-liter jug completely.
2. Pour the water from the 6-liter jug into the

12-liter jug.
%7 3. Fill the 6-liter jug again.

4. Carefully pour the water from the 6-liter jug
into the 12-liter jug until the 12-liter jug is full.
5. There will be 6 liters of water left in the 6-
liter jug.

Source: Yeijin Choi's TED Talk



https://www.youtube.com/watch?v=SvBR0OGT5VI&ab_channel=TED

Congrats on finishing CSE/STAT 416!
Thanks for the hard work!
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