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About the Workshops

17 sessions in total

1 Tue 12:00-13:00 AH211
J Tue 12:00-13:00 AH108 *
] Tue 13:00-14:00 AH210
1 Tue 16:15-17:15 AH109
JTue 17:15-18:15 AH236 *
J Tue 18:15-19:15 AH236 *
J Fri114:15-15:15 AH211



About the Workshops

I Homepage
1 https://trevorcohn.github.10/comp90051-2017/workshops

1 Solutions will be released on next Friday (a week later).


https://trevorcohn.github.io/comp90051-2017/workshops

Syllabus

1 |Introduction; Probabilistic models;
Probability theory Parameter fitting
2 | Linear regression; _ogistic regression;
Intro to regularization Basis expansion
3 | Optimization; Regularization Perceptron
4 | Backpropagation CNNs; Auto-encoders
5 |Hard-margin SVMs Soft-margin SVMs <
6 Kernel methods Ensemble Learning <
7 | Clustering EM algorithm
8 |Dimensionality reduction; Multidimensional scaling;
Principal component analysis |Spectral clustering
9 |Bayesian fundamentals Bayesian inference with
conjugate priors
10 |PGMs, fundamentals Conditional independence
11 |PGMs, inference Belief propagation
12 |Statistical inference; Apps Subject review
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JReview the lecture, background knowledge, etc.
1 Bagging
) OOB score

JSVM
) Hard-margin & Soft-margin

) Comparison with logistic regression, perceptron

J Kernel method

I Run 1python notebooks
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Bagging (bootstrap aggregating)

1A model averaging approach

1 Given a standard training set

J Bootstrap the standard training set
1 To generate m new training sets

1 Bootstrap = sample uniformly and with replacement
1 Train m base models on the above m training sets

JAggregate the m base models to make predictions

1 By voting (classification) or averaging (regression)



1 Sample without replacement

lteration | Choose from Generate Sample
1 123456789] [4 4]

2 12356789] 1 4,1]

3 2356789] 3 4,1,3]

4 256789] 2 4,1,3,2]
1 Sample with replacement

lteration | Choose from Generate Sample
1 123456789] [4 4]

2 123456789] |[1 4,1]

3 123456789] [4 4,1,4]
4 123456789] |[1 4,1,4,1]




Original dataset: {(x;,v;)},i = 1,2,...,9

Model Training set

ml 63627 48 3 4]
m2 47 154511 4]
m3 72844371 1]
m4 8 2939325 9]

1 To make a prediction for x

1
y = Z{ml.predict(x) m2.predict(x)
+m3.predict(x) + m4.predict(x)}




OOB: out-of-bag

Model |Training set O0OB
ml (6 3627 4834] [159]
m2 (47 1545114] [23689]
m3 [728443711] [56 9]
ma [8293932509] [[146 7]

1 To make a prediction for x

1
y = Z{ml.predict(x) m2.predict(x)
+m3.predict(x) + m4.predict(x)}




y;. aggregation of models haven’t seen x;

Model |Training set O0OB

ml (6 3627 4834 15 9]
m2 (471545114 236 8 9]
m3 (728443711 5 6 9]
ma [8 293932509 14 6 7]
1

Vi = E{ml. predict(x,) + m4.predict(x,)}

y, = m2.predict(x,)
Vi, = mé.predict(x,)

y3 = m2.predict(x3)
ye = m3.predict(xs)

1
Ve = —{m2.predict(x) + m3.predict(xg) + mé.predict(xg)
Y6 =3

y- = m4.predict(x-)

Vg = m2.predict(xg)

1
Vo = ={ml.predict(xqy) + m2.predict(xq) + m3.predict(xqy)}

3




OOB score (regression)
1 OOB mean squared error

1 3
MSEoop = D Z (yi — 9i)?
‘ train‘ (X1 V1 ED trai

IMean squared error on a validation set

1
MSEval: ‘D ‘ 2 (yi_yi)z
val (Xi,Yi)EDyqy

JOOB score 1s an alternative to the score on validation set



Bagging
1 Can be used with any type of method

1 Usually applied to decision tree method

JIn sklearn:

>>> from sklearn.ensemble import BaggingClassifier
>>> from sklearn.neighbors import KNeighborsClassifier

>>> bagging = BaggingClassifier(KNeighborsClassifier(),
max_samples=0.5, max_features=0.5)
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SVM

JHard-margin

: 2
min —||w
nin = [|w]

s.t. y;(wlx; +b)>1

1 Soft-margin

1 2"
min =|lw|]?+ C ) max(0,1— y;(w'x;
wb 2 e

[ =

JHard-margin & € - 4o




SVM - different C values

C=0.1
r

F 4

o ! ® classO
154 o I_ class 1
f;
1.0 - /
Fi
0.5 o
¢ o
%
0.0 | ) o
—0.5 A ®
@
- 2
; class 0
154 K ® class1l
1.0
0.5 ®
]
\.. ‘. .
0.0 -
@ ° .
—0.5 - ®
]
—IZ -1 0 1 ﬁ
COPYRIGHT 2017, THE UNIVERSITY OF MELBOURNE

1.5 1

’
, .

’ [ ]

F
class 0 7

class 1

® class O
154 @ ® class1
1.0 -
0.5 ®
$ %o 'Y *
®
0.0 °.
—0.5 - o
-2 2



SVM and Perceptron

Si = WTxl' + b

I Hinge loss

L(x;,y;) = max(0,1 — y;s;)

1 Perceptron loss

L(x;,y;) = max(0, —y;s;)



Logistic regression (binary classification)
Si = WTxl' + b

1 Log-loss when y € {0, 1}

Vi=py=1x=x) = T o

L(x;,y;) =—(1—y;)log(1—9;) —y;logy;

JLog-loss when y € {—1,+1}

p(yIx =x1) = 17—

L(x;,y;) = —logp(y = yi|x = x;) = log(1 + e™ Vi)



Loss function for an example (x, y)

5
SVM: max(0, 1 — ys)
Perceptron: max(0, —ys)
4 - | 0gistic regression: log(1 + exp{—ys})

ys=y(w'x+b),ye{-1, +1}
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Kernel method

1A kernel function 1s
J a similarity function over pairs of raw data points

1 the dot product of a pair of transformed data points

K(u,v) = ¢@) - ()

1 Could be used for many models:

1 SVM, perceptron, logistic regression, linear regression, etc.

J Kernel SVM 1is the best known one



Kernel method

I Prove a kernel K(u, v) is valid by finding its ¢ function

JK(u,v) = (u-v+ 1)?% 1s a valid kernel for 2-d points
1 Because

DK, v) = (wvy + uyv, + 1)? = u2vi + usvé + 2uvuyv, +
Zulvl + ZUZUZ + 1

dLet p(x) = [x2 x2 V2xyx, V2x; V2x, 1]
JThen K(u,v) = ¢p(u) - p(v)
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