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Beyond Supervised Learning

—2 Unsupervised Learning
—> Clustering
—> Anomaly detection
—> Recommender Systems
—> Reinforcement Learning

@Deeplearning.Al  Stanford |onuine Andrew Ng



@ DeepLearning.Al

Stanford
ONLINE

Clustering

What is clustering?




Supervised learning

X %

Training set:d @D y), (2, y®), (3, y®), ... (2™ ym)} D

@Deeplearning.Al  Stanford |onuine Andrew Ng



Unsupervised learning

Clustering

Training set:g{x®,x@,x®), ., x(m}
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Applications of clustering ©

01' ﬁ
; hg 4 i
- Develop career 8 8 ﬁﬁ
| - Stay updated with AI,
Grouping similar news understand how it affects f

your field of work Market segmentation

v ! Image credit: NASA/JPL-Calte
| SEs 8 MBS  SENISE 506 B WS Smm—— GESEEE( ch/E. Churchwell (Univ. of Wisconsin, Madison)

DNA analysis Astronomical data analysis
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K-means intuition




Step 1: 1 (xM,x@ x®), ., xG0}

Assign
each point
to its
closest
centroid

clvster centroids
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AN\

Step 2: (x@,x@ 53, B0}

Recompute
the
centroids
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N ° (xD,x@, xB), ., xG0)

Step 1:
Assign
each point ® o
to its o)
closest o° °
centroid 5

o
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N ° (xD,x@, xB), ., xG0)

Step 1: °
Assign ® o
each point o L)
to its . o
closest X o °
centroid 5
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Step 2: (x@,x@ 53, B0}

Recompute
the
centroids
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Step 1- 1 {x(l); x(Z), x(B); ...;X(SO)}

Assign ®
each point
to its
closest
centroid
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Step 2: 1 (xM,x@ x®), ., xG0}

Recompute
the
centroids

Conver‘geof.
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K-means algorithm




(1) (30D
K-means algorithm My My KR X )(
Y\ 2 K:l
Randomly initialize K cluster centroids H1.H2,..., UK
A
® 9
LY
X2 {.LX‘ ’ o %
o
2X‘ N
X1

@Deeplearning.Al  Stanford |onuine Andrew Ng



(1) )((30)
K-means algorithm My Mo X X
n=2. k=2
Randomly initialize K cluster centroids H1.H2. ..., UK
Repeat { A
# Assign points to cluster centroids ® o
fori=1tom ')(‘0
c:= index (from 1to K ) of cluster L2 norm Xz | ,"e o @,
N centroid closest to x{) o Yo ©
rmn HX "//{KH < >
X1
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(1) (30)
K-means algorithm My My R X ,,,JX
Y\ 2 K=2.
Randomly initialize K cluster centroids M1, H2,..., UK W @
X7 C =
Repeat { A

# Assign points to cluster centroids
fori=1tom YA APy

c(:= index (from 1 to K ) of cluster X2 | ko
K centroid closesttox® . [~ = .

) I
# Move cluster centroids m‘“ Hx ‘//{K“ Q RN
fork=1to K X1
: . () _(12)
\ U, := average (mean) of points a55|gned to cluster k X C =2
| [ (5 (\
:‘1?&"+>T< + x "o X
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K-means algorithm My My RN

Randomly initialize k cluster centroids, uq, 11, ... Uy K- K’l ‘/

Repeat { AN\
# Assign points to cluster centroids
fori=1tom

c®:= index (from 1 to K ) of cluster
N centroid closest to x{)
# Move cluster centroids mm Hx ‘//(K“ X >
fork=1to K X1
uy, := average (mean) of points assigned to cluster k
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K-means for clusters that are not well separated I
Sma
T-shirt sizing mediym

K:3 lﬂf‘gé

Weight
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Optimization objective




K-means optimization objective

c® = index of cluster (1,2, ...,K) to which example x® is currently
assigned

U, = cluster centroid k

.o = cluster centroid of cluster to which example x() has been

assigned x(lo) C(IO) y (10)

Cost function l c

J(€®, ¢, ) = an@ ol

min
C(l) c(m) ](C( )’ - (m)uuli- ».UK) d‘s*OP'thV\

Uy, -, Hy
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/—Q\-’\
— (1) (30)
J ( C J ’.’J 4/J42>
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Cost function for K-means m

1 .
J(cW, o c™ ) = — E ‘Hx(‘)f— MQHZ

— 1 1 i=1

Repeat {

# Assign points to cluster centroids N

fori =1 tom: A 2
'c® = index gf cluster | o | X< SRS K

centroid closest to x® My N

# Move cluster centroids N~

for i =1toK: o
U, = average of points in cluster 1 234567 89 X>

} 1

Andrew Ng
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Moving the centroid

N
Sie i > (L + 9 )=3(1+31) =4
X9 o X o
My 2 2y _ ,
<« S¢ > L(5'+5%)=25 swmaller
5 5 2( ) ’
| 1‘3 4 5 4'-7 8 9?1213)(51
%\(1*11):‘_@
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Initializing K-means




K-means algorithm

Step 0: Randomly initialize K cluster centroids uy, pq,..., tx

Repeat {
Step 1: Assign points to cluster centroids
Step 2: Move cluster centroids
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Random initialization

Choose K <m )

Randomly pick K training ,
examples.

Set uq, yq,..., U €qual to these
K examples. .

Andrew Ng
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better than f‘UV\V‘l"’\ﬂ
\(- means oncCce

Random initialization

Fori=1 t e 20TIo00

e s picK K random examples
Randomly initialize K-means. ., .. cluster centroids

Run K-means. Get ¢, ...,c¢"™), uy, py,eee, i
Compute ](C(l); ) C(m); Hir Higeey ,le)

distortion
(cost Func*h‘on)

}

Pick set of clusters that gave lowest cost J
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Choosing the Number of Clusters




What is the right value of K?
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Choosing the value of K

Elbow method the right “Ik”is often ambiguous
Don-t choose K just o minimize cast

= g :

c c

= 7/‘ o

-+ -+

O O

S elbow S

Y Y

-+ =+

()] )]

. -I | | | | | | | | | | | | | |
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
® K(ng. of clusters) K (no. of clusters)
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Choosing the value of K

Often, you want to get clusters for some later (downstream) purpose.
Evaluate K-means based on how well it performs on that later purpose.

T-shirt sizing—

T-shirt sizing L

Weight
Weight

. — >practice |ab:
Height Height P _
image Compr\csswn\‘
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Finding unusual events




Anomaly detection example

Aircraft engine features:
x;= heat generated
x,= Vibration intensity

Dataset: {x®,x®, ..., x(™]}
— A

o~

Xtest i

New engine:

N
S X X X <
5 X X Xg—"
= 5 s¢ X X xxfa,r\owm‘j
X

Stanford onune
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Density estimation

Dataset: {x,x®, ..., x(M)]} rf‘olodbil"’fy of X beime seen in dataset
Model p(x)

Is x;.s; @anomalous?

\mg\'\ - 1 L
prebability g jow peenbility
P (Xtest) = € 2~ D (Xtese) <_E
R _ 2
epsilon: gmall numben
onb kel
oK (Y\armq\> x € e

X1 (heat), anom O\‘j
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how o ffen '03 in?.

Anomaly detection example |
y p how many web Pagcs Vl'Sl‘l'Cd.Z

Fraud detection: tvrangactione?

- x® = features of user i’s activities ! Y,
S d

* Model p(x) from data. Pcs_t ?' ’f\/(?lﬂj Syeed

« Identify unusual users by checking which have p(x) < ¢

Pef‘—Fafm adol itional Checldks 1o |'o(en’n"Fy rea traund vs, false alarms
Manufacturing: Monitoring computers in a data center:
xW= features of product i xW= features of machine i
* Xx; = Mmemory use,
« x,= humber of disk accesses/sec,
« x3 = CPU load,
« x,= CPU load/network traffic.

airplane engine
circeuit board
SY"\O\""’ th (‘0&"&\‘03
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Gaussian (Normal) Distribution




Gaussian (Normal) distribution o standard deviation

Z )
Say x is a number. o vartanac
Probability of x is determined by a Gaussian with mean p, variance ¢2.

=384

AN

@Deeplearning.Al  Stanford onuine Andrew Ng



Gaussian distribution
”uémazl

e 4 = L} ;"
M
uw=0,0=72
1 2
] 0-' :-_L(.
AN
= . - ()" S

Stanford onune

example
/‘L

5210025

é__
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Parameter estimation maximum |iKelihood

Dataset: {x(),x®, ..., x(™} for M, T 1
A PCX') o) K _Vﬁ
” oT,Y\OYWQIOUS \j
S & o
J{—m%iXQ o) : M <
¢ o590 X3

X 1S a nuwmber (i-Pea‘h)YB)
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Density estimation | X1

Training set: {xW,x@), . x(m} — X9
Each example X has n features

<
Il

X1

p(x) = p(X1;H1,012) * p(xziﬂz;azz) * p(x3 J.U3;U32) Koo *p(xn;.unro-r%)

K
p(xy = high temp) = 1/10
T p(x, = high vibra) = 1/20
Hp(x],u], 2) | %/ H p(x1,x1) = p(x1) * p(x2)

YV\UH'EPIY,’ S D I
- lO 2.0 200
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Anomaly detection algorithm

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

2. Fit parameters U1y oeer Py OF, ., OF Vectorized formula

x® s I o m 1
G =m L) = 12;(0 H= |
l 1\-‘ i=1 -
’[‘ 0 _ m

Un
3. Given new example x, compute p(x):
p(x) = Mp(x,,u,, o?) Jl_[ o exp(~ 1
~—
FCXJ)
Anomaly if p(x) < ¢
' R RXRARK XK K
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Anomaly detection example

1
Xtest

x1 xz

,Lt1=5,0'1=2 .u2=370-2=1
P(x1iﬂ1»012) P(xzi.uz:gzz)
—’y

0
N
L x______»
o X
X
X
|
.

c=10.02
p(xfs0) =00426 — = V7

p(x2))=00021 —> anomaly

test
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Developing and evaluating an
anomaly detection system




The importance of real-number evaluation,

When developing a learning algorithm (choosing features, etc.),
making decisions is much easier if we have a way of evaluating our learning algorithm.

Assume we have some labeled data, of anomalous and_non-anomalous examples.
y=1 y=z0
Training set: xM,x®, . x(™ (assume normal examples/not anomalous)
H:'O for a,l( —l—v‘q[m'nj CXQMP’&S

Cross validation set: (xg,?,yc(i)),...,(xgl’?w),yc(;"w)) clvde o few W\OS'”\/‘
(LD @ (Meost) . (Myost) anoMalous novrMma
Test set: (xtesti ytest) Jeee, (xtest » Yeest ) exam P les eraMP |6S

tﬁ:i Y=0
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Aircraft engines monitoring example

10000 good (normal) engines 21050
flawed engines (anomalous) -9
2- tﬂ:O Y

Training set: 6000 good engines  —train alaoni'tkm on «rr\odnin\g set

CV: 2000 good engines (y = 0) 10 anomalous (y = 1)
use cress validation Se+ tune £ Tune Xj
Test: 2000 good engines (y = 0), 10 anomalous (y = 1)

se if very few labeled anomalous examples

Training set: 6000 good engines 2. higher risK of UVU'&’H‘V‘j

CV: 4000 good engines (y = 0), 20 anomalous (y = 1)
tune £ Tune Xj

Alternative: No test set U
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- - covrse 2 weelkS
Algorithm evaluation

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

) = {1 iflp(x) < & (anomaly) O

0 ifp(x)=e(mormal) 2000

sKewed datasets

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

Can also use cross validation set to choose parameter ¢
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Anomaly detection
vs. supervised learning




Anomaly detection

Very small number (0 to 20) of

positive examples y = T,

large number of negative examples (y = 0);
Model p(x) with just negative examiples.
Use positive examples for cv and test sets

Many different “types” of anomalies.
Hard for any algorithm to learn
(from just positive examples)

what the anomalies look like.

Future anomalies may look

nothing like any of the anomalous
examples seen so far.

Linancial € rand

Stanford onune

®©Deeplearning.Al

VS.

Supervised learning

Large number of positive
and negative examples.

Z20 \oog( tive examp les

Enough positive examples

for algorithm to get a sense of

what positive examples are like.
Future positive examples likely to be
similar to ones in training set.

emaql ( Spom’\

Andrew Ng




Anomaly detection vs. Supervised learning

 Fraud detection « Email spam classification

« Manufacturing: « Manufacturing:

Finding new previously unseen defects. Finding known, previously seen defects
(e.g. aircraft'éngines) (e.g. scratches on smartphones, y =1)

« Monitoring machines in a data center « Weather prediction (sunny/rainy/etc.)

« Security applications
« Diseases classification
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Choosing what features to use




Non-gaussian features

x5 log(xq)
: PO o) - log(r, +1) 109 (Xt C)
a : ' 1
) _ plt.hist (x) X4<’x4/3
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»
- )

1000 1

octave-3.
loctave-3.
octave-3.
octave-3.
octave-3.
octave-3.
octave-3.
octave-3.
octave-3.

hist(x)

hist(x,50)
hist(x.A0.5, 50)
hist(x.A0.2, 50)
hist(x.A0.1, 50)
hist(x.A0.05, 50)
XNew = X.A0.05;
hist(log(x),50)
xNvew = log(x);

NNONNNNNNN
SR A A S T S S S




Error analysis for anomaly detection

Want p(x) 2 & large for normal examples x.
p(x) <E small for anomalous examples x.

Most common problem:
p(x) is comparable for normal and anomalous examples.

(p(x) is large for both)

. M-
x |
X % i
anomaly S EEL
X2 T X))
X X P
s | i
R RO XW XEXK | . i
' n 2 - 15 1 5 2 25 § ]

Xy Wmtransactions Xz TYping speed

Andrew Ng
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Monitoring computers in a data center

Choose features that might take on
unusually large or small values
in the event of an anomaly.

x; = memory use of computer

x, = number of disk accesses/sec
higl xs = CPU load
\OS(A) x, = network traf@ i_ not umusval
Xs — CPU load X — (CPU load)?
network traffic ~ network traffic

Deciding feature choice based on p(x)
Large for normal examples;

Becomes small for anomaly in the cross validation set
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