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<— IS HE GONNA DIE?

log-odds:

In[p/(1-p)] = BO + P1x + € ! M. ™™ p = P(Tyrion dies) = 2/3

-~

1-p = P(Tyrion doesn't die) = 1/3

odds ratio: p/(1-p) = 2.0
“He's gonna die. 2-to-1 odds”

log-odds ratio: In[p/(1-p)] = 0.693
“He's gonna die. .693 log-odds”
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Y Label

Data projected to R~2 (nonseparable)
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X Label

Data in R™3 (separable)
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Data in R" 3 (separable w/ hyperplane)
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Data projected to R™2 (hyperplane projection shown)
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Let’s take a look at our Titanic variables:

Data Dictionary

Variable Definition Key

survival  Survival 0 =No, 1= Yes

pclass Ticket class 1=1st,2 =2nd, 3 = 3rd
sex Sex

Age Age in years

sibsp # of siblings / spouses aboard the Titanic
parch # of parents / children aboard the Titanic
ticket Ticket number

fare Passenger fare
cabin Cabin number
embarked Port of Embarkation C = Cherbourg, Q = Queenstown, S = Southampton

source: Kaggle
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https://en.wikipedia.org/wiki/Gini_coefficient
https://en.wikipedia.org/wiki/Cross_entropy
https://en.wikipedia.org/wiki/Cross_entropy
https://www.kaggle.com/c/titanic/data
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source: http://xenon.stanford.edu/~jianzh/ml/
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1Y STARTING OUT

Cluster 39 Setting Goals

Cluster 45 Offices & Entertainment
Cluster 57 Collegiate Crowd
Cluster 58 Outdoor Fervor

Cluster 67 First Steps

2Y TAKING HOLD

Cluster 18 Climbing the Ladder
Cluster 21 Children First
Cluster 24 Career Building
Cluster 30 Out & About

3Y SETTLING DOWN
Cluster 34 Outward Bound

8X LARGE HOUSEHOLDS
Cluster 11 Schools & Shopping
Cluster 12 On the Go

Cluster 19 Country Comfort

Cluster 27 Tenured Proprietors

9B COMFORTABLE INDEPENDENCE
Cluster 29 City Mixers

Cluster 35 Working & Active

Cluster 56 Metro Active

10B RURAL-METRO MIX
Cluster 47 Rural Parents
Cluster 53 Metro Strivers

Cluster 60 Rural & Mobile

A selection of Personicx demographic clusters

ISM TOP WEALTH
Cluster 2 Established Elite
Cluster 3 Corporate Connected

16M LIVING WELL
Cluster 14 Career Centered
Cluster 15 Country Ways

Cluster 23 Good Neighbors

17M BARGAIN HUNTERS
Cluster 43 Work & Causes
Cluster 44 Open Houses
Cluster 55 Community Life

Cluster 63 Staying Home

Cluster 68 Staying Healthy
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What's My Cluster ?

Cluster #24: Career Building

Career Building singles are young, but well compensated.

While repaying their education loans they are beginning to

save and invest. They favor trendy stores that cater to their

age range, incomes and aspirations, such as Express, H&M

and Sephora. They enjoy new technology, and read

magazines on mobile devices. They visit The Apple Store.
They use the Internet extensively for entertainment news, music, podcasts and
services. Sports are important, too, either as a fan or a participant. They listen to
football, watch MMA and have fun skiing and playing volleyball.

You can actually find out which cluster you personally would belong to by answering a few simple questions in Acxiom’s

“What's My Cluster?” tool.
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Source: Solver.com. For more detail on hierarchical clustering, you can check this video out.
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https://www.solver.com/hierarchical-clustering-example
https://www.youtube.com/watch?v=OcoE7JlbXvY
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Plotted using Mathisfun’s “Interactive Cartesian Coordinates”


https://www.mathsisfun.com/data/cartesian-coordinates-interactive.html
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Part 3: Unsupervised Learning

®



A" laaly e Lliia¥ly (0 e L f) sigma - 4l dad 250 J) Jalal dasial) oda aladiinl Liay
oS3 5610 5¢20 5¢30 5¢50 5¢100 5¢ 200 4y S eLih ag8i ¢ Ly QI3 ) pal "50
Ll st 55 Lsea OV N Je Y 30 dxisall (e I G e i lies oS ¢ raal 3 seall Gl eal Sl
* 305 s 30 caiadl (U dad 83875 = 275 * 305 lall 5 suall 4 shias  QlSH 128 pa 4diad 53
G by seall B3sa 3 13a ALB 5 )lud ae Ly i <l je (el Jil a8 - 17430 = 275 * 30 + 30 + 30
Cun US'V (Alea) 25 vie Jlaall Lgy pm oy IV 5 U ddsiadd) o jal Wl Jalats Wil g oJef lual)

)48 B 30 sl (Sl a5 513 A T (g Aaeall Al 2T

Full-Rank Dog Rank 200 Dog

Rank 100 Dog Rank 50 Dog

= =/

Rank 30 Dog Rank 20 Dog

<@ =)

Rank 10 Dog




inall e e 28yl aluiam b iny e Bale Ghass il Aadlaal il i3 guslal) e bl st L Gl
8l 50 Amala (AT el Al s ol Aliee dpaac 400 ) dalads) J (m) S (UB) @ Jd) s LS

AN

alzill Jsa 5 5a0 350 100 L S5 Ay () ¢ Ao 5 ye Ao 5 e A e Clian ¢ andll 138 (e Cagli) o 22y V)
Ly s ol S aslall e

Aln) el 5 A 53 3 a

3a—k-means clustering
Play around with this clustering to build intuition for how the
algorithm works. Then, take a look at this implementation of

and the associated tutorial.

3b—SVD
For a good reference on SVD, go no further than Andrew Gibiansky’s



https://www.naftaliharris.com/blog/visualizing-k-means-clustering/
https://github.com/Datamine/MNIST-K-Means-Clustering
https://github.com/Datamine/MNIST-K-Means-Clustering
http://andrew.gibiansky.com/blog/mathematics/cool-linear-algebra-singular-value-decomposition/
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http://neuralnetworksanddeeplearning.com/chap4.html
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http://www.deeplearningbook.org/contents/intro.html
http://www.deeplearningbook.org/contents/intro.html
https://cs.stanford.edu/people/karpathy/

ARTIFICIAL
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MACHINE
LEARNING

DEER

1950's 1960's 1970’s 1980’s 1990’s 2000's 2010's

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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Is there an eye in the top left?

Is there an eye in the top right?

Is there a nose in the middle?
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Is there a mouth at the bottom?

Is there hair on top?

» Is this a face?
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http://neuralnetworksanddeeplearning.com/chap1.html
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http://knowingneurons.com/2014/10/29/hubel-and-wiesel-the-neural-basis-of-visual-perception/

Example drawn from Stanford’s CS231n: Convolutional Neural Networks and Visual Recognition,
Lecture 2.
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https://www.analyticsvidhya.com/blog/2017/04/comparison-between-deep-learning-machine-learning/
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Here is an example of what the system can do. After having been trained,

Facebook Al it was fed the following short story containing key events in JRR Tolkien's
Research Lord of the Rings:
@FBAIResearch Bilbo travelled to the cave.
Gollum dropped the ring there.
Home Bilbo took the ring.
Bilbo went back to the Shire.
About Bilbo left the ring there.
BhotoS Frodo got the ring.
Frodo journeyed to Mount-Doom.
Reviews Frodo dropped the ring there.
. Sauron died.
Videos Frodo went back to the Shire.
Posts Bilbo travelled to the Grey-havens.
The End.
Community After seeing this text, the system was asked a few questions, to which it

provided the following answers:

Q: Where is the ring?

A: Mount-Doom
Q: Where is Bilbo now?
A: Grey-havens
Q: Where is Frodo now?
A: Shire
il Joa ALY o o180 Ala sl 5 paal dliadio 3 S5 ) e dliae dunac IS 3l FAIR (Facebook Al Research) os cuas
Aaalall Cay 23 4 1L OTR.
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Source: Business Insider


http://www.businessinsider.com/uber-driverless-car-in-pittsburgh-review-photos-2016-9/#to-try-the-cars-we-lined-up-at-ubers-advanced-technologies-center-in-the-strip-district-of-pittsburgh-a-small-neighborhood-on-the-allegheny-river-with-nearby-warehouses-the-atc-is-tucked-under-an-overpass-for-a-freight-train-keeping-it-secluded-1
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The style of Van Gogh’s Starry Night applied to a picture of Stanford’s campus, via Justin Johnson’s neural style
implementation: https://github.com/jcjohnson/neural-style
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* The Mars explorer robot Curiosity is autonomously selecting inspection-worthy
soil targets based on visual
examination ...and many, many, more.


https://en.wikipedia.org/wiki/The_Starry_Night
https://github.com/jcjohnson/neural-style
https://www.theatlantic.com/technology/archive/2017/06/mars-curiosity-rover/531339/
https://www.theatlantic.com/technology/archive/2017/06/mars-curiosity-rover/531339/
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Play around with the architecture of neural networks to see how different configurations
affect network performance with the Google’s
Get up-and-running quickly with this tutorial by Google:

. Classify handwritten digits at >99% accuracy, get familiar with
TensorFlow, and learn deep learning concepts within 3 hours.
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, Andrew Ng’s new deep learning course with a comprehensive
syllabus on the subject

, Stanford’s deep learning

course. One of the best treatments we’ve seen, with excellent lectures and illustrative problem sets
Deep Learning & Neural Networks—accessible but rigorous
—foundational, more mathematical
—less theoretical, much more applied and black-boxy

See Greg Brockman (CTO of OpenAl)’'s answer to the question “What are the best ways
to pick up Deep Learning skills as an engineer?” on

Next up: time to play some games!
Last, but most certainly not least, is



http://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=4,2&seed=0.70277&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&co
https://codelabs.developers.google.com/codelabs/cloud-tensorflow-mnist/
https://codelabs.developers.google.com/codelabs/cloud-tensorflow-mnist/
http://deeplearning.ai/
http://cs231n.stanford.edu/syllabus.html
http://www.deeplearningbook.org/
http://fast.ai/
https://www.quora.com/What-are-the-best-ways-to-pick-up-Deep-Learning-skills-as-an-engineer/answer/Greg-Brockman?srid=2sq8
https://medium.com/@v_maini/reinforcement-learning-6eacf258b265
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Agent

Action Observation,
Reward

Environment

The agent observes the environment, takes an action to interact with the environment, and receives positive or negative reward.

Diagram from Berkeley's CS 294: Deep Reinforcement Learning by John Schulman & Pieter Abbeel
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old value learning rate reward  discount factor old value

estimate of optimal future value
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- Learning rate alpha: this is how aggressive we want to be when updating our
value. When alpha is close to 0, we’re not updating very aggressively. When
alpha is close to 1, we’re simply replacing the old value with the updated value.

- The reward is the reward we got by taking action at at state st. So we’re adding

®

Part 5: Reinforcement Learning



this reward to our old estimate.

- We're also adding the estimated future reward, which is the maximum
achievable reward Q for all available actions at xt+1.

- Finally, we subtract the old value of Q to make sure that we’re only incrementing
or decrementing by the difference in the estimate (multiplied by alpha of course).
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In a policy gradient network, the agent learns the optimal policy by adjusting its weights through gradient descent based

on reward signals from the environment. Image via http://karpathy.github.io/2016/05/31/rl/
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DQNs, A3C, and advancements in deep RL

In 2015, DeepMind used a method called deep Q-networks (DQN), an approach that
approximates Q-functions using deep neural networks, to beat human benchmarks
across many Atari games:


http://karpathy.github.io/2016/05/31/rl/

o] jalad Ao 15008 SIS ¢ RS el da 0y JuSill Sl g Lo il 53l ¢ Graed] pS— aled S5 of L] 2df
ARl ¢ Ll 49 (o de pane e i pine 4 Clalf uisal Silao (5 sise (Guind s dDlal) Sl j ) s3] mien
e Lownd) o) ja Yy B s 8 eadll v o Janl) 38 Jory Gl Cilaleal) § AL diis g dsa j ) o3/  gudi
ili) Aueaall algall (po de piie de pane (55l aled Ao jolf olibisl Jole Jf die gl Las ¢ oledY)
(2015 ¢ o5 315

Here is a snapshot of where DQN agents stand relative to linear learners and
humans in various domains:

Video Pinball

|
\

Star Gunner

Crazy Climber
Gopher

Hoad Runner

Pong
Space Invaders
Beam Rider

Kung-Fu Master
Freeway
Time Pilot

Fishing Derby
Up and Down

At human-level or above

Below human-level

Chopper Command
Centipede
Bank Heist
River Raid

Double Dunk

:Izmmq!!lllllll!lllmumm"“

Asteroids

Eox | oov |
b2%
Jo% Best linear leamer

I T T T T T T () T 1
0 100 200 300 400 500 600 1,000 4,500%

Montezuma's Revenge

These are normalized with respect to professional human games testers: 0% = random play, 100% = human performance.

Source: DeepMind’s DQN paper, Human-level control through deep reinforcement learning


https://storage.googleapis.com/deepmind-media/dqn/DQNNaturePaper.pdf
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* Experience replay, which learns by randomizing over a longer sequence of
previous observations and corresponding reward to avoid overfitting to recent
experiences. This idea is inspired by biological brains: rats traversing mazes,
for example, “replay” patterns of neural activity during sleep in order to
optimize future behavior in the maze.

* Recurrent neural networks (RNNs) augmenting DQNs. When an agent can only
see its immediate surroundings (e.g. robot-mouse only seeing a certain segment
of the maze vs. a birds-eye view of the whole maze), the agent needs to
remember the bigger picture so it remembers where things are. This is similar to
how humans babies develop object permanence to know things exist even if they
leave the baby’s visual field. RNNs are “recurrent”, i.e. they allow information to
persist on a longer-term basis. Here’s an impressive video of a deep recurrent Q-
network (DQRN) playing Doom.

Paper: https://arxiv.org/abs/1609.05521. source: Arthur Juliani's Simple Reinforcement
Learning with Tensorflow series
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https://deepmind.com/blog/ai-and-neuroscience-virtuous-circle/
https://en.wikipedia.org/wiki/Object_permanence
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://arxiv.org/abs/1609.05521
https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-6-partial-observability-and-deep-recurrent-q-68463e9aeefc#.gi4xdq8pk
https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-6-partial-observability-and-deep-recurrent-q-68463e9aeefc#.gi4xdq8pk
https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-6-partial-observability-and-deep-recurrent-q-68463e9aeefc#.gi4xdq8pk
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Practice materials & further reading
Code
» Andrej Karpathy’s Pong from Pixels will get you up-and-running quickly with
your first reinforcement learning agent. As the article describes, “we’ll learn to
play an ATARI game (Pong!) with PG, from scratch, from pixels, with a deep
neural network, and the whole thing is 130 lines of Python only using numpy as
a dependency (Gist link).”

» Next, we'd highly recommend Arthur Juliani’s Simple Reinforcement Learning
with Tensorflow tutorial. It walks through DQNSs, policy learning, actor-critic
methods, and strategies for exploration with implementations using TensorFlow.
Try understanding and then re-implementing the methods covered.


http://karpathy.github.io/2016/05/31/rl/
https://gist.github.com/karpathy/a4166c7fe253700972fcbc77e4ea32c5
https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-0-q-learning-with-tables-and-neural-networks-d195264329d0
https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-0-q-learning-with-tables-and-neural-networks-d195264329d0

Reading + lectures
* Richard Sutton’s book, Reinforcement Learning: An Introduction—a
fantastic book, very readable

« John Schulman’s CS 294: Deep Reinforcement Learning (Berkeley)

« David Silver’s Reinforcement Learning course (UCL)
lellh Culed aal

gple Jan of ol Al 56USl) JS g8 Ligd ¢ 2ad) Jda ) <ilia g 28 CuiS L

Uiada] UY) alei 3 ) go (ars pranis Liad 2dl | Y/ aleill LoriaS Lalial) odgy Crriain] 28 (oS5 o Lol
c0d8 il )Y 5 pén Gac (520 44 yral [iniie CuiS J3) Galall 4 L)

Laoldl) 5 pall

ol g JLié


http://people.inf.elte.hu/lorincz/Files/RL_2006/SuttonBook.pdf
http://rll.berkeley.edu/deeprlcourse/
http://www0.cs.ucl.ac.uk/staff/d.silver/web/Teaching.html
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Syntax and basic concepts: Google’s Python Class, Learn Python the Hard Way.
Practice: Coderbyte, Codewars, HackerRank.

hall yall
Deep Learning Book, Chapter 2: Linear Algebra. A quick review of the linear
algebra concepts relevant to machine learning.
A First Course in Linear Model Theory by Nalini Ravishanker and Dipak Dey.
Textbook introducing linear algebra in a statistical context.

YWY 5 elasyl
MIT 18.05, Introduction to Probability and Statistics, taught by Jeremy Orloff and
Jonathan Bloom. Provides intuition for probabilistic reasoning & statistical inference,
which is invaluable for understanding how machines think, plan, and make
decisions. All of Statistics: A Concise Course in Statistical Inference, by Larry
Wasserman. Introductory text on statistics.

dAlS E d\ .t

Khan Academy: Differential Calculus. Or, any introductory calculus course or textbook.
Stanford CS231n: Derivatives, Backpropagation, and Vectorization, prepared by Justin Johnson.

Y alas
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Andrew Ng’'s Machine Learning course on Coursera (or, for more rigor, Stanford

CS229). Machine learning bootcamps: Galvanize (full-time, 3 months, $$$3$), Thinkful
(flexible schedule, 6 months, $3$).

An Introduction to Statistical Learning by Gareth James et al. Excellent reference
for essential machine learning concepts, available free online.


https://developers.google.com/edu/python/
https://learnpythonthehardway.org/book/ex0.html
https://coderbyte.com/
https://www.codewars.com/
https://www.hackerrank.com/
http://www.deeplearningbook.org/contents/linear_algebra.html
https://www.amazon.com/First-Course-Linear-Model-Theory/dp/1584882476
https://ocw.mit.edu/courses/mathematics/18-05-introduction-to-probability-and-statistics-spring-2014/index.htm
http://www.ic.unicamp.br/~wainer/cursos/1s2013/ml/livro.pdf
https://www.khanacademy.org/math/calculus-home/differential-calculus
http://cs231n.stanford.edu/handouts/derivatives.pdf
https://www.coursera.org/learn/machine-learning
http://cs229.stanford.edu/materials.html
http://cs229.stanford.edu/materials.html
https://www.galvanize.com/san-francisco/data-science
https://www.thinkful.com/bootcamp/data-science/flexible/
https://www.thinkful.com/bootcamp/data-science/flexible/
http://www-bcf.usc.edu/~gareth/ISL/

Gal) alad

&)y gald
Deeplearning.ai, Andrew Ng'’s introductory deep learning course.
CS231n: Convolutional Neural Networks for Visual Recognition, Stanford’s
deep learning course. Helpful for building foundations, with engaging lectures
and illustrative problem sets.
@Juut

Fast.ai, a fun and hands-on project-based course. Projects include classifying images
of dogs vs. cats and generating Nietzschean writing.

MNIST handwritten digit classification with TensorFlow. Classify handwritten digits
with >99% accuracy in 3 hours with this tutorial by Google.

Try your hand at a Kaggle competition. Implement a deep learning paper that you
found interesting, using other versions on GitHub as reference material.

Gile gadaall
Deep Learning Book, a.k.a. the Bible of Deep Learning, authored by lan Goodfellow,
Yoshua Bengio, and Aaron Courville.
Neural Networks and Deep Learning, a clear and accessible online deep learning text
by Michael Nielsen. Ends with commentary on reaching human-level intelligence.
Deep Learning Papers Reading Roadmap, a compilation of key papers organized by
chronology and research area.

(s siall alas
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John Schulman’s CS 294: Deep Reinforcement Learning at Berkeley.
David Silver’s Reinforcement Learning course at University College London.
Deep RL Bootcamp, organized by OpenAl and UC Berkeley. Applications are
currently closed, but it's worth keeping an eye out for future sessions.
&

Andrej Karpathy’s Pong from Pixels. Implement a Pong-playing agent from scratch
in 130 lines of code.


http://deeplearning.ai/
http://cs231n.stanford.edu/syllabus.html
http://fast.ai/
https://codelabs.developers.google.com/codelabs/cloud-tensorflow-mnist/#0
https://www.kaggle.com/
http://www.deeplearningbook.org/
http://neuralnetworksanddeeplearning.com/chap1.html
https://github.com/songrotek/Deep-Learning-Papers-Reading-Roadmap
http://rll.berkeley.edu/deeprlcourse/
http://www0.cs.ucl.ac.uk/staff/d.silver/web/Teaching.html
https://www.deepbootcamp.io/
http://karpathy.github.io/2016/05/31/rl/

Arthur Juliani’'s Simple Reinforcement Learning with Tensorflow series. Implement
Q-learning, policy-learning, actor-critic methods, and strategies for exploration using
TensorFlow.

See OpenAl’s requests for research for more project ideas.

&) gulaal)
Richard Sutton’s book, Reinforcement Learning: An Introduction.

‘;::ULAY\ <S4
Artificial Intelligence: A Modern Approach by Stuart Russell and Peter Norvig.
Sebastian Thrun’s Udacity course, Intro to Artificial Intelligence.
Fellowships: Insight Al Fellows Program, Google Brain Residency Program

L;.::Ula.\a‘ﬁ\ £SAl A
For the short version, read: (1) Johannes Heidecke’s Risks of Artificial Intelligence, (2)
OpenAl and Google Brain’s collaboration on Concrete Problems in Al Safety, and (3)
Wait But Why’s article on the Al Revolution.
For the longer version, see Nick Bostrom’s Superintelligence.
Check out the research published by the Machine Intelligence Research Institute
(MIRI) and Future of Humanity Institute (FHI) on Al safety. Keep up-to-date with
/r/ControlProblem on Reddit.

Y les
Import Al, weekly Al newsletter covering the latest developments in the industry.
Prepared by Jack Clark of OpenAl.
Machine Learnings, prepared by Sam DeBrule. Frequent guest appearances
from experts in the field.
Nathan.ai, covering recent news and commenting on Al/ML from a venture capital
perspective.


https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-0-q-learning-with-tables-and-neural-networks-d195264329d0
https://openai.com/requests-for-research/
http://people.inf.elte.hu/lorincz/Files/RL_2006/SuttonBook.pdf
http://aima.cs.berkeley.edu/
https://www.udacity.com/course/intro-to-artificial-intelligence--cs271
http://insightdata.ai/
https://research.google.com/teams/brain/residency/
https://thinkingwires.com/posts/2017-07-05-risks.html
https://blog.openai.com/concrete-ai-safety-problems/
https://waitbutwhy.com/2015/01/artificial-intelligence-revolution-1.html
https://www.amazon.com/Superintelligence-Dangers-Strategies-Nick-Bostrom/dp/0198739834
https://intelligence.org/research/
https://intelligence.org/research/
https://www.fhi.ox.ac.uk/research/research-areas/
https://www.reddit.com/r/ControlProblem/
https://jack-clark.net/import-ai/
https://machinelearnings.co/
http://nathan.ai/

mlal

“What is the best way to learn machine learning without taking any online courses? —
answered by Eric Jang, Google Brain

What are the best ways to pick up deep learning skills as an engineer?" - answered
by Greg Brockman, CTO of OpenAl

Al16z's Al Playbook, a more code-based introduction to Al

Al safety syllabus, designed by 80,000 Hours
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https://www.forbes.com/sites/quora/2017/03/22/what-is-the-best-way-to-learn-machine-learning-without-taking-any-online-courses/#30fc6e5d5d87
https://www.quora.com/What-are-the-best-ways-to-pick-up-Deep-Learning-skills-as-an-engineer
http://aiplaybook.a16z.com/
https://80000hours.org/ai-safety-syllabus/

