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Logistical Issues

* HW1 will be released today
— It will be due on Friday, October 1
— You will receive a Gradescope invitation

* Will release the presentation schedule later
today

* Several resources on Piazza on reading papers

— Paper template
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Ensemble learning
— Bagging, boosting
Feed-forward neural networks

Convolutional networks

— Common architectures
Regularization
Backpropagation
Comparing classifiers



Ensemble Learning

Consider a set of classifiers 4, ..., hy

Idea: construct a classifier H(x) that combines the
individual decisions of 4, ..., hy
e e.g., could have the member classifiers vote, or

* e.g., could use different members for different regions of the
instance space

Successful ensembles require diversity

* C(Classifiers should make different mistakes
e (Can have different types of base learners



How to Achieve Diversity

* Avoid overfitting
— Vary the training data

* Features are noisy

— Vary the set of features

Two main ensemble learning methods
* Bagging  PhRAEL FRNPOM - FOPEST

: Ma B0
* Boosting  SeRuaTAL Grofed Tosliv



Bagging

Step 1.
Create Multiple
Data Sets

Step 2:
Build Multiple
Classifiers

Step 3:
Combine
Classifiers

D

Original

Training data

BoSTSTRAP
SPLES

MHS06& ()1, [Ny i



Random Forest Algorithm

1. Forb=1 to B:

(a) Draw a|bootstrap sample|Z* of size N from the training data.

(b) Grow a random-forest tree T}, to the bootstrapped data, by re-
cursively repeating the following steps for each terminal node of
the tree, until the minimum node size n,,;, is reached.
- : ; ; ~J \J
1. belec{m variables at random|from the p variables. N = ok

ii. Pick the best variable/split-point among the m.

1i. Split the node into two daughter nodes.
2. Output the ensemble of trees {T},}5.
To make a prediction at a new point x:
Regression: le =35 Z,}_ Ty (a

Classification: Let (,,( ') be the class prediction of the bth random-forest
tree. Then C 'B(x) = majority vote {( b(z)}E.



Overview of AdaBoost
Ni (le)

ks - l.\r 5“, wiL (D 6(x) = szgn(Z'u(x)

-

: "$$™(-./00121™0(31..(4"$(
. 6107./00121"8("9/%#."0( ] 5145"(3"145%$0
4"$(5145"(3"145$0
. M$(UO/%H.0(4"S( Y e hg(x)
:3"(3"145$0 ]

T ha(x)

|

<=12%(3'14550  Clm - ()

FIGURE 10.1. Schematic of AdaBoost. Classifiers are trained on weighted ver-
sions of the dataset, and then combined to produce a final prediction.




Bagging vs Boosting

Bagging

Resamples data points

Weight of each classifier
is the same

Only variance reduction

Applicable to complex
models with low bias,
high variance

£.6.  Bcosiw TEERS

VS.

Boosting

Reweights data points (modifies their
distribution)

Weight is dependent on
classifier’s accuracy

Both bias and variance reduced —
learning rule becomes more complex
with iterations 34

Applicable to weak
models with high bias,
low variance

LINEM Aakls [2xioOY SR

9



Timeline

Deep Neural Network

(Pretraining)
Multi-layered m -

XOR Perceptron A
ADALINE Problem (Backpropagation)
A A
A
Perceptron
Golden Age ~ DarkAge (Al Winter”)
Electronic Brain

1950 1960 1970 1980 1990 2000

S. McCulloch - W. Pitts F. Rosenblatt D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes

RADY AORY X Foward Activity se——jp : i ®
e SR GRS
) . .. :
o

+1 4] 2 +#1 +1 -l -1 . - | —_—
x/ \|1 \~I x/ ! \'1 l 4—— Backward Error
+ Adjustable Weights * Learnable Weights and Threshold * XOR Problem » Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Leaming
» Weights are not Learned + Big computation, local optima and overfitting *+ Kernel function: Human Intervention

\~—
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Deep Learning References

Chapter 10 from Introduction to Statistical Learning
— -".,/001112,""3+"%4&4526%$70

Deep Learning books

— -".,/008932"&09<=

— -".,/0011128++.3+"%4&45>$$72$%8@®"46+8=
Stanford notes on deep learning

— -"./006,99A2,"4B$%82+8C0,C77+%9D9D(E.H9AE
8++.F3+"%4&452.8B

Stanford tutorial on training Multi-Layer Neural
Networks

— -"./J00CB3832,"4B3$%82+8C0'C'$%&"30,C.+% @&,+80!C3"
+C%"3G+'1$%?,0

Notes on backpropagation by Andrew Ng
— -"./006,99A2,"4B$%82+8C04EH0&459DHAD0>"67.%S$.2.8E

11



https://www.statlearning.com/
https://d2l.ai/
https://www.deeplearningbook.org/
http://cs229.stanford.edu/summer2020/cs229-notes-deep_learning.pdf
http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
http://cs229.stanford.edu/notes-spring2019/backprop.pdf

Learning Representations

\ sible laver
upul pixcls)

++.)<+"%48&45)"88%+,,+,)'-+).%$>3+7)$B)
3+"%4&45)_&+%"%6 &6"3)%+ %+ +4""&.$41)
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Neural Network Architectures

Deep Feed Forward (DFF)

1++8H$%1"%8)G+'1$%?,

¢ G+C%%4,)B%$7)+"6-)3"(+%)
6$44+6')'$)4+C%%4,)B%$7)
4+J)3"(+%

MLP

Deep Convolutional Network (DCN)

K$4@3$3C'&$4"3)G+'1$%7?, -

: L463c38+,)6$4@$3c:'&$4)3"(>;<0/q\12>o\o

B$%)B+"C%+)%+8C6'&$4 ol
oy s aeD e
B

%+.%+’+4||||&$4’

Recurrent Neural Network (RNN)
() ()

M+6C%%+4")G+'1$%"?,

* N++.)-&88+4),""+

« O"@+)6(63+,)&4)
6$7.C"'&$4"3)5%".-

¥
e

l‘\
A




Feed-Forward Networks

e\/ _
&Q«i (R % — ol

<"(+%)D <"(+%)H <"(+%)9 <"(+%)P
AV o

RiopeN
L denotes the number of layers

L ,
s € NT" contains the numbers of nodes at each layer

— Not counting bias units
— Typically, s, = d (# input features) and s; ;=K (# classes)

14



Feed-Forward Neural Network

W W & [23]
- Pl
bias units | 2o\

~
/
S e “\\\

/

(Input Layer) (Hidden Layer) (Output Layer)

<(+6)D  <"(+%)H  <T(+%)9

15



Layer Operations

[1] =W 1[ l 2+ b[ll] and (1[11] = g(:gl])

..
[

[1]

221 =W [ I 2 + I)Ill] and (1,[111 = g(:\[ll )
Al —wi — 1 it T
: g & bt
£r3
:[11] ”]m -H’T-x/l L [’[11] i
- -, L = - reR e e/
1 ¢ Rix1 Wil ¢ R4x3 pltl € R4¥?

<&4+"% GCPA<&4+"%



Activation Functions

Smunoui

o(r) =

tanh
tanh

RelLU
max(0, )
COFTH Ax

Binary
Classification

Regression

Intermediary
layers

17



Neural Network Classification

.{/ \0,,// \//
.<g¢ %}e;’*‘::‘}
ch\ver: ey

.A \

Binary classification
y=0orl

1 output unit (s, ,= 1)

R&57%&8

Given:
{(Xltyl): (XQ:yQ): i

L
s € N7 contains # nodes at each layer

s () )

— 5, = d (# features)

Multi-class classification (/K classes)

rew ffl I i
0 0 0 1

pedestrian car motorcycle truck

K output units (s; ,= K)

R$B'7"J

18



Softmax classifier

—P py=2)
0.1

T E—

Probabilities

19



Convolutional Nets

| "HS%& ("H)$H+,)-)/, A-#2"#0)3, '#"()3,$4)
| 0$$. & <4535 7 @A
| 54++(%&"6(,)$-)0"$")2%$7)8"$'#" () 9#%60)$-+-(-9*
| B#7T*&+*)#*+
| 97%6*+&
| :4,)&-8:-('$%-84)-8)"$)(,"4%)-8,)("* #
| 5,$:,"3.#,$8&H+&U&"H#S )&, (*)%.#,$&.2%.&3+*+&" -V
#50.)7%.#,$&
| 1"+ &3+%&(,,"#$68&, (*)%.#,$

| C+*:80,)&HT*S+#,$%0"#.4&)*: 3- #,58%$: & "+ %) $HS6&
DH¥)%)-2#-%"80*%.3)*&)*()*+*$.%.#,$+



Convolutional Nets

MAX

RELU RELU

CONV CONV

=
=
w
14
-
el
L
o

RELU RELU
CONV CONV

_H\I

CONV

CONV

)
—_— —

o
-

8 E

Illlllllll
—  ENEEAIRERNLN
— T Y
ron RN EAEEEREN
mdY YA 'S ENEAT
LT BRI T
= =L DL LT BAEsTU T
— IRV I M RN
g 71 I K I (R 1 I LAY N0 OO
— [ A SRR VLA
NEERHNENAN
— NHAHEENNERAN
— (LW, | AONRTOAN O
—0E T IR
— A URET T URAENIGI
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Image Representation

* Image is 3D “tensor”: height, width, color
channel (RGB)

* Black-and-white images are 2D matrices:
height, width

— Each value is pixel intensity

Height < /

Width

22



Convolutions

A closer look at spatial dimensions:

7

7x7 input (spatially)

assume 3x3 filter

)SXS

23



Example

L0|‘1|6)43 ‘ LOIA:%{) =

A - EE

L4.C 1&3'+% SC.C




Convolution Layer

32x32x3 image

5x5x3 filter w
et

"~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)

wlz+b

=\

N

@ |

__— 32x32x3 image

/@ e
32

convolve (slide) over all
spatial locations

=\

N

w |

25



=\

@ |

N

Convolution Layer

__— 32x32x3 image s @3
5x5x3 filter w
e L ]

>
"~ 1 number: Y’ S
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image

(i.e. 5*5*3 = 75-dimensional dot product + bias)

wlz+b

=\

activation map
__— 32x32x3 image

5x5x3 filter /
e
——0 .

convolve (slide) over all

N

w |

spatial locations
28

26



Convolution Layer

: - 32x32x3 image activation maps

o SR %

——0 - ® Second, green filter

convolve (slide) over all

spatial locations
/ 28

1

=\

N

w |

activation maps

32

N\

28

6 filters

Convolution Layer

.

N

w |
o

27



Max Pooling

Single depth slice
1112 )| 4

max pool with 2x2 filters

5|6 |7

and stride 2 §)

>

y

Accepts a volume of size W; x Hy; x D,
Requires three hyperparameters:
o their spatial extent F,
o the stride S,
Produces a volume of size W, x Hy x D, where:
o Wo=(W) -F)/S+1
o Hy=(H, - F)/S+1
° D;_) = Dl
Introduces zero parameters since it computes a fixed function of the input
Note that it is not common to use zero-padding for Pooling layers

8
3 | 2 (. %
4

28



LeNet 5
MuST

[LeCun et al., 1998]

Image Maps
Input

Fully Connected

7

Convolutions
Subsampling

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]

29



History

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

First CNN-based winner

152 layers
& \

\ 16.4

\ 11.7

ILSVRC'15  ILSVRC'14 ILSVRC'14  ILSVRC'13 | ILSVRC'12 | ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

30



VGGNet

Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Small filters, Deeper networks

8 layers (AlexNet)
-> 16 - 19 layers (VGG16Net)

Only 3x3 CONYV stride 1, pad 1
and 2x2 MAX POOL stride 2

11.7% top 5 error in ILSVRC’13
(ZFNet)
-> 7.3% top 5 error in ILSVRC’14

FC 1000
FC 4006
FC 4006

P

Pox

f 01 i

AlexNet

l Softmax ] | FC 4096 |
| FC 1000 ] | FC 4096 |
| FC 4096 | | Pool ]
[ FC 4096 ] | ]
| Pool ] | |
| ] | ]
l ] = |
| ] | Pool |
| Pool | | B |
| ] | 2 |
L ] | ]
L ] | J
| Pool ] | Pool |
L ] ]
| - ]
| Pool | | Pool |
| ] | ]
l ] | ]
| Pool B Pool |
| ] | ]
L ] | ]
| Input ] | Input J
VGG16 VGG19

+>?(%1..1;=(

#/'1%"$"0
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How to train Neural Networks?

Backpropagation algorithm

David Rumelhart, Geoffrey Hinton, Ronald
Williams. "Learning representations by back-
propagating errors". Nature. 323 (6088): 533—
536. 1986

Applicable to both FFNN and CNN

Extension of Gradient Descent to multi-layer
neural networks



Training Neural Networks

| <H#'%8%89)0SH, S 1. | BN VieSod
| =8,)$#"%8%89) > 2466 (1S ! 40)"& ()& H#s
| =8,).-#2"#0)+"44)$7#-'97)$7,)8,$2-#@

| 5,7(3}&0)*#-#.$ 1 # $%,'

| A-44).'883%-8).-#)-8,),>"2+(,

(O )# +.(-+")JO(-+)1 " .J0)2

KUGSE4%S.(3S,
| A-44).'8&$%-8).#)$#'%8%89)0"$"

| 3(4 *5) #1%69!( %, *)' \
r=A




GD for Neural Networks
Be W‘” ] d=a, )N

* |nitialization
— For all layers ¢ %
FORWARD
. L4&'& 384 pl] >
* Backpropagation - MeISIEE  ERROR.
2ACEINED
— Fix learning rate
— For all layers ¢ (starting backwards) = byt
o Wl = _ N 6L(yl Vi)
w a )i i
o pltl = —ayN, OL(Yi.yi)

dblt]

34



GD for Neural Networks
P Gp

* |nitialization
— For all Iayers 3
« R+WII plE1™)0p"48%7
. Backpropagatlon

— Fix learning rate
— Repeat AL TRAINNG THTA-

. l$%)"33)3"(4f%:7%'%)5'6?1"%8,:

o W[f] — — aZN OL(Yi,y;)
owlt] ic i
This is
e Hlfl = plf] _ N OL(Jiy:) xpensive!
b b )i b exp

35



Stochastic Gradient Descent (=5

* |nitialization
— For all layers ¢
« R+'W, pll")0p"48%7
* Backpropagation
— Fix learning rate
— Repeat
* 1$%)"33)3"(#94;)%'&45)>"6?1"%8,=
—1$%)"33)'%"&4&45)+J"%;3y;)

4] — i€l — )i
W =W —a— 0 Incremental

plel — plel _ IL(Yiyi) version of GD
- g

36



Mini-batch Gradient Descent
| B8%$%"(%C"$%-8 min L)
I D,)&%""&"%A*)+& @
* Set % *1& [*] at random
| D"&@+#-+"9"$%-8
| DHE&"%)$H#$68)%.*&
| F*(*0%.
* For all layers ( (starting backwards)
— For all batches b of size B with training examples ) ;, & ;, 12X

onlf] + oflf] | B 5L(§'ib&ibf| SHUFFLE  FONTS
T l'l=1 ow'e) RANTOMLY

gt | 0125p&pd
=1 O L]
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Gradient Descent Variants

Batch Gradient Descent

Mini-batch Gradient Descen
Stochastic Gradient Descent

t

38



Backpropagation
Let 0.\) = “error” of node jin layer [

L(y,9) = —[(1 —y)log(1 — 9) + ylog 9@ éumqip/

Definitions

e e
{9 - 23 ) ounds = ¥ Ho (e

= ol Uy | =
D mer Lo g = AﬁL = = %if

Z) g L <l 5m= '3"(“&1@: aLiyn9)
22N T OB 2
(e
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Backpropagation
Let 0.\) = “error” of node jin layer [

L(y,y) = —[(1 —y)log(1—9) +ylogy@

Definitions
— I = Wl gle=11 4 plfl glf] = g(z[t’])
A’

JL(y, ~
(8 ; ( j Cl”'D

~ v) 2% |
W) _ L), Pt

i >

R R

SUnd) | ollyd)

L %\;ﬁ T e




Backpropagation
Let 6/ = “error” of node jin layer [

L(y,y) = —[(1 —y)log(1—9) +ylogy@

Definitions
— 5lf] + oplflglt-11 7 ' £l gplf] + 8(5[1?])

] 4 LG, L L
- 9l + =% Output B+ 614 + g(5!H)

1. For last layer L: 911 +

OLB.Y)_OLB.Y) 89 | OLOY) qr(e[L]
oz~ By 30 3y 8'(5)

. gle] & 0LOY) . 0L@y) 0z aal_ rpiq10. (r41]g. (0
2. Forlayer (: 91 + S0l T 5] g az[{,]—9[ t1lop le+1lg; 2514)

3. Compute parameter gradients

~ N 4
OL@y) , LOY) 0z | qsaie-1]r
o wlt] d zl1 g wll
~ N [€]
_0LOw) | OLGY) 0z | g[¢]
o plfl a zItl g pll




Training NN with Backpropagation

UL@+4)'%"&4&45), %)), ..., (cn, Vi)
L4&'&"38T+)"33)."%" W HYH} %"48573(V)BS%)"33)B"(+%,)
<$3$.)
R+ =DV)B$%)"33)3"48)8)488&6%,)
1$9)+"6-)'%" &4845)&4, (4B:),.): SFOER
K$7.C'+)+%%$902), 5L, . sl

X55%+5"+)5%"8&4, = A} + ;' Hlg; ML -ER

AN
W.8"+)1+&5-") @&")5%"8&+4"),'+.

IO _ 14 [£]

A\ =y - el

+ R&7&3"%305$%)
W4'&3)1+8&5-",)6$4@+%5+)$%)7"J&7C7)ACT>+%)$B)+.$6-,)&,)%




Overfitting

the higher the capacity

’

But also more prone to overfitting!

The larger the network
(more model parameters)
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Regularization

N
- % Z flzi,W),y;) +AR(W) )\ = regularization strength
i—1 (hyperparameter)
\e N . w_/
Data loss: Model predictions Regularization: Prevent the model
should match training data from doing too well on training data
RPInee ) (2
2 reqularization: R(W) = Son 2 W > [Y+&5-')8+6"(§
L1 regularization: R(W) = >, >, |Wk,| —

Elastic net (L1 + L2): R(W) = 5, 5, AW2, + Wil

¢ Y-+4)6$7.C'&45)5%"8&+4',)$B)3%,,)BC46'&$4V)%+5C3"%&
'+007)4++8,)'$)>+)"?+4)&4'$)"66$C4'
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Dropout

(a) Standard Neural Net (b) After applying dropout.
Figure 1: Dropout Neural Net Model. Left: A standard neural net with 2 hidden layers. Right:

An example of a thinned net produced by applying dropout to the network on the left.
Crossed units have been dropped.

e Attraining time, sample a sub-network per epoch (batch) and learn
weights
» Keep each neuron with probability p
* At testing time, all neurons are there, but multiply weight by a factor of p
e Srivastava et al. Dropout: A Simple Way to Prevent Neural Networks from
Overfitting. Journal of Machine Learning Research 15, 2014

45



Comparing classifiers

Algorithm Interpretable Model size Predictive Training time | Testing time
accuracy

A;410$1-( B145 1%0/.. A;3"

lll4lll001 -

CDD 6"81E% Al'4" A;3" D;($/1=1=4 B145
AFG 6"81E% 1%/.. A;3" A;3 A;3
F"-101;=( B145 6"81E% A;3" 6"81E% A;3
$|IIIIO

H=0"%&."0 A;3 Al'4" B14 B145 B145
D/13"(,/K"0 6"81E% 1%/.. A;3" 6"81E% A;3
L6 6"81E% 1%0/.. A;3" 6"81E% A;3

D"E'/.( ‘ A:3 Al'4" \ Bl45$ B145 A:3
D"$3;'CO —
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Summary

Deep Learning performs well for datasets with certain
structure: images, text, speech
— <+"%4,)-&+9%0"%6-&6"3)B+"CY%+)%+.%+,+4""&$4,

Multiple types of NN architectures
— Feed-forward neural networks

— Convolutional neural networks (applicable to
images)

— Recurrent neural networks, Transformers (text)

Training most NN architectures via backpropagation

Regularization (weight decay, dropout) to avoid
overfitting



