Step 1:
Assign
each point
to its
closest
centroid

{x(l), x@,x®), .

%60}

Step 2:
Recompute
the
centroids

(x®,x®,x®), 130




# Assign points to cluster centroids
fori=1tom:

c/\(i) := index k (from 1 to K) that minimizes ||x/\(i) -
H_k|["2

# Move cluster centroids
fork =1to K:

U_k := average (mean) of points assigned to cluster
Kk

K-means for clusters that are not well

separated o
T-shirt sizing

Height
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Random initialization

Fori =1to 100 {
Randomly initialize K-means.¢”
Run K-means. Get c(l), ...,c('"), Uiy Ppgeeey U

k random examples

Computer cost function (distortion)
](C(l)' ...,C(m),[ll, Higeees ﬂk) —
} S~

Pick set of clusters that gave lowest cost(J)



Choosing the value of K

Elbow method the right “k”is often ambiguous

-

elbow

=~
c
S
=1
[}
c
2
o
[
o
o

Cost function ./

——

3 4 5 6 7 8 1.2 3 4 5 6 7 8
K(ns. of clusters) K (no. of clusters)




Density estimation

Dataset: {x™®,x®, ..., x(m} probability of x being seen in dataset

Model p(x)
Is x;.sc anomalous?

Wigh

probablit

low pru‘o.h\h‘%y

P(Xeest) = € P(Xeest) <_E
epsilon: gmall numben
x € untikely

oK (normal)
\ (narma ) — ar\omalj




DParameter estimation  maximunm likelihood
ataset: {xM,x®, ..., xM} F
L2, .., for M, 0
R
PU”) oK m-1

nomalovs

x“ﬂ




Anomaly detection algorithm

1. Choose nfeatures x; that you think might be indicative of anomalous examples.

2. Fit parameters p,, ..., ftp, 07, ..., 0%

Vectorized formula

li(xm 1 o
=m j TH i= |#
m Z ) i []

O e

3. Given new example x, compute p(x):

.
o= [T I [

Anomaly if p(x) < &

Hn.

Anomaly detection example

u=50=2 Up =3, 0,=1
p(xs; 1, 07) P(x2; 2, 93)
& =0.02
1) W /
p (i) =0.0426 — K

p(x2,) = 0.0021 ——> anomaly



Aircraft engines monitoring example

10000 good (normal) engines 21050
20 flawed engines (anomalous)
>

y=1

Training set: 6000 good engines  -frain a rithm on ’tr\xrnin_j set

CV: 2000 good engines (y = 0) 10 anomalous (y = 1)
vse cross validation e+ 4tune & tune X
Test: 2000 good engines (y = 0), 10 anomalous (y = 1) B
_ oy omalous examples
Alternative: No test setU>e if very few epsien macHa . o
Training set: 6000 good engines 5 "9 """ risk of overfittu
CV: 4000 good engines (y = 0), 20"anomalous (y = 1)
tune £  tune Xj

. . covrse 2 week3
Algorithm evaluation

Fit model p(x) on training set x™,x®, ..., x(™
On a cross validation/test example x, predict

. {1 if{[p(x) < & (anomaly) -

0 ifp(x) (normal) 2000

Possible evaluation metrics:
- True positive, false positive, false negative, true negative
- Precision/Recall
- Fy-score

sKeweo

Use cross validation set to choose parameter ¢
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Predicting movie ratings
User rates movies using qn/e to five stars
zenrd .
) Bob(2) Carol(3) Dave(4) v

Love at last
Romance forever
Cute puppies of love
Nonstop car chases _5 Nm = no. of movies
_7Swords vs. karate _r(, if user j has
rated movie /
y() = rating given by
user j to movie i
My =5 r31) =0 (defined only if r(

ny, =4
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Mean Normalization

n

)

v

25 -25 -25
? ? =25
2 -2 ?
2.25 2.75 1.75
3.75 —1.25

[V

)
»n

Y

[}
n

For user j, on movie i predict:

WO b

User 5 (Eve):




= s B2 Custom Training Loop
— b N able (3.0) - Tf.variables are the parameters we want
to optimize

Gradi ent algorithm
Repeat until convergence

- weol L T (wh)

Fix b = O for this example

(dJdw] = tape.gradient

w.assign_add(-alpha *

w = tf.Variable(...)
x = tf.Variable(...)
b = tf.Variable(...)

optimizer =
tf.keras.optimizers.Adam(learning_rate=1e-1)

for iter in range(iterations):
with tf.GradientTape() as tape:
cost = cofi_cost_func(X, W, b, Y, R, lambda_)
grads = tape.gradient(cost, [X, W, b])
optimizer.apply_gradients(zip(grads, [X, W, b]))

Implementation in TensorFlow

Gradient descent algorithm

Repeat until convergence

R ()

b-bot J(whx)
X = X-o %5 T (whx)

Dataset credit: Harper and Konstan. 2015. The MovieL



_Limitations of Collaborative Filtering
—~Cold start problem. How to

_»* rank new items that few users have rated?

_.* show something reasonable to new users who have rated few
items?

—~Use side information about items or users:

Item: Genre, movie stars, studio, ....
User: Demographics (age, gender, location), expressed
preferences, ...
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Neural network architecture

Xy =V, User network

Xm—> m Movie network

I

|
(eXele)

O

O

!

)

[e) [e)

3 i
Xm —|Of — [O

Ol Ol

O

Prediction : \/,f)j g v,.,(‘LJ Cost ]
m ) to predict the probability that y@D is 1 function

Neural network architecture

NORCREVICYH) RN

ilarization term
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v[ensmclwo (mpfem et ot

user_NN = tf.keras.models.Sequential([
tf.keras.layers.Dense(256, activation="relu’),
tf.keras.layers.Dense(128, activation="relu’),
tf.keras.layers.Dense(32)

)

item_NN = tf.keras.models.Sequential([
tf.keras.layers.Dense(256, activation="relu’),
tf.keras.layers.Dense(128, activation="relu’),
tf.keras.layers.Dense(32)

)

# Inputs

input_user =
tf.keras.layers.Input(shape=(num_user_features,))
vu = user_NN(input_user)

vu = tf.linalg.I2_normalize(vu, axis=1)

input_item =
tf.keras.layers.Input(shape=(num_item_features,))
vm = item_NN(input_item)

vm = tf.linalg.I2_normalize(vm, axis=1)

# Dot product
output = tf.keras.layers.Dot(axes=1)([vu, vm])

model = tf.keras.Model([input_user, input_item],
output)
model.compile(optimizer=tf.keras.optimizers.Adam(0.
01), loss=tf.keras.losses.MeanSquaredError ()
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P( A i Code

from sklearn.decomposition import PCA

# Step 1: optionally normalize features first
# (StandardScaler if features have very different

scales)

# Step 2: fit
pca = PCA(n_components=2)
pca.fit(X)

# Step 3: how much variance does each component
explain?
pca.explained_variance_ratio_

# e.g. array([0.992, 0.008]) means PC1 explains
99.2% of variance

# Step 4: project to lower dimension
X_reduced = pca.transform(X)

# Step 5: reconstruct back to original space (lossy)

X_reconstructed = pca.inverse_transform(X_reduced)
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Mars Rover Example

terminal state terminal state

[Credit: Jagriti Agrawal, Emma Brunskill]



Markov Decision Process (MDP)

reward R action a

Environment /
World




State action value function (Q-function)
Q(S}&) = Return if you
: ::(: ::;t?;iti EJI’!CE). Q (55 a)
then behave optimally after th >

«— return
<+— action
«— reward

O(2,2)=12.5 i
o0+(0.50+(0, 5) 0+(0. 5) 100
50

Ol )= 12.5
0+(0,5)0+(0,5) 0+(0, 5100
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Lunar Lander Reward Function

actions: Getting to landing pad: 100 - 140
do nothing Additional reward for moving toward/away from pad.
left thruster ‘ o e
. Soft landing: +100

main thruster Leg grounded: +10

right thruster ( Fire main engine: -0.3

Fire side thruster: -0.03

Lunar Lander Problem

Learn a policy = that, given

N TR R R

picks action a = n(s) so as to maximize the return.

y = 0985




Deep Reinforcement Learning Bellman Equation

Gl(s,a)= R(s)+ ¥ max Q(
I_’l_’@_’ Q(S’a) \
-
S Y ‘ :

12 inputs 64 units 64 units 1 unit (PR () w &~

In a state s, use neural network to compute @) ’(2) @ @ —
2 Y \ ry
(s, nothing), Q(s,]eft), Q(s,ight) (& 2/R(s7), ) = (8“) @) | y@

Pick the action a that maximizes Q(s,a) ( ®,0®),R(s®), (3)) — (10,000) yUo, 000)

Learning Algorithm

Initialize neural network randomly as guess of M.
Repeat {
Take actions in the lunar lander. Get
Store 10,000 most recent (s,a)R(s),s") tuples. =

Replay Buffer
Train neural network:

Create training set of 10,000 examples using X U
)

Train Queyw such that Qpe, (s,a .

Set Q= Queu- g™ xy




Deep Reinforcement Learning

O “NQ(s, nothing)
. —> Q(s,lef)
— Q(s,main)

8 ;7 Q(s,right)

64 units 64 units 4 units

x
y
0
*
y
6
l

-

8 inputs

In a state s, input s to neural network.
Pick the action a that maximizes Q(s,a). R(s)+y maxQ(s’,a"
= pA @




£ -grely poligy

How does o agent deeids which cetn 1o ekl Shaile collecty

&C?Lr ence?

¥ Puw -eutpl,o;t-wcm always Pk G "ML Q L1S,0) ; e problem \s

Yoot Mt netuork :gw;xw cbout Sire actim amq lad 1 fee

GQent NEVAT g it omd ayer leprns-

% Pt _exp(ovabivn : rGnd pn. octng - The agent nger ufes wust

S has [earned

€ - qruedy bmianty (o twn

£ Wit probabiify (=6, pick ag "t Quia) Cfreedy)eqpioity

W N’ﬁBodmh-H &, P'c.K 6 romdn @ ckim (.emwu)

Ne 'fuv;cam Start- € («‘20\ CSM 10) Gyl decwi v oever 'L-pa:nmq

1o o Crmall volud (Sow Tonl) - éar(u 00, WL mbgtty ocplave . Loter,

rvwﬂm -eotp(,mt

L Ugitums 0o ware finicky Hon aummmo( fearning-

Hmparoammww buning Mostets moper. Ond o ool £ Scheolule i

l&arrvm{ okl Cow F««u, «&rwn-nq'




Soft Update

SetQ=QneW' < G( )
£ K

/

w,@> Wncw,B

new

W = OO' wncw + O.CH \/\/ w = lwﬂcu)fow
B =o0o0lB,, +091B




Limitations of Reinforcement Learning

Much easier to get to work in a simulation than a real robot!
Far fewer applications than supervised and unsupervised
learning.

But ... exciting research direction with potential for future
applications.




