H$%)+/ " HS"%&'&" ()

&#"#(%)*#+,*%-./,0.*12%

,+0"1+2+3#4+5&))+(60"6F&0#:;) <P&+22+1=*5845-2 >*"0:?7+@:01&1/
A#.+BC,D+=5&0)&+@&(+9#:1+%#$"(+E
,F-D+,FGD,FH+60)+1#"&+(6&+6#'&9%#:;6/3/68.9%-#:,%3.'%+.3,%4'%"#94 <=> 8
B#&9#:;+I1+ 3:&5&0)&1+J(#'#::#981$&+P%&#8

@9A4',*%B)CDE%-./,%0.*1%*," #$,+%F,+3,$+#8G%H9,%IJ%&#8

C*.K,L'SM%NO%)*. 9A$%7 . */,+G%P.. 1%#' % CAHQQH#% T .*%-,"AG
)94+,"43,$%4$%.3%CA#QQ#
8H8Y P9MH=H)05+1$8/+K!)+0"1+L&(&: +%60"+0==#M&/+

< +#8M%
N O(0"4#:1+PQQ+7D+R&:"&5+ & (6#1)+3>*)6#=+F8D+
N S*'&0:+#18&5)+4#:+9%50))*4*%0(*#"D+>0%;=#=0@ 0 (*#"

T#"'107+
N O(0"4#:1+PQQ+,.D+R&:"&5+'&(6#1)+3>*)6#=+F8D+OUTD+
N L50?7+9*(@&")#:45#9=50?@ :#$"1+V&A#.&+USUNH X AX=507@ #$"1/(&")#:A5#9/#. @



http://playground.tensorflow.org/
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https://inclass.kaggle.com/datasets
https://www.kaggle.com/
http://archive.ics.uci.edu/ml/index.php
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Many thanks for the fun projects! Below are the final projects from the class. Only the report is posted, the
corresponding code is just as important.

1

NN DNk W

8.
9.
10.
11.

12.
13.
14.

. Source localization in an ocean waveguide using supervised machine learning, Group3, Group6, Groups,

Group10, Groupll, Groupl5

. Indoor positioning framework for most Wi-Fi-enabled devices, Groupl
. MyShake Seismic Data Classification, Group2

. Multi Label Image Classification, Group4

. Face Recognition using Machine Learning, Group7

. Deep Learning for Star-Galaxy Classification, Group9

. Modeling Neural Dynamics using Hidden Markov Models,

Groupl2

Star Prediction Based on Yelp Business Data And Application in Physics, Group13

Si K edge X-ray spectrum absorption interpretation using Neural Network, Group14

Plankton Classification Using VGG16 Network, Groupl6

A Survey of Convolutional Neural Networks: Motivation, Modern Architectures, and Current Applications in
the Earth and Ocean Sciences, Groupl7

Use satellite data to track the human footprint in the amazon rainforest, Group18

Automatic speaker diarization using machine learning techniques, Group19

Predicting Coral Colony Fate with Random Forest, Group20

[Q N | Dl R



2., W+>&)(+:&=#:()+FD,.D,2+,Ge+++*"(&:&)(*"@+, 7D+
=##.+,-e+05#"&+*)+60:1+2./

Group|Topic Authors Poster |(Report
1 Rennplgment?uon of source locall_zatlon i an ocean Jinzhao Feng, Zhuoxi Zeng, Yu Zhang Poster |Paper
waveguide using supervised learning
2 ?l'llgcgl:sne learning methods for ship detection in satelite Yifan Li, Huadong Zhang, Xiaoshi Li, Quianfeng Guo Poster [Paper
3 Transparent Conductor Prediction Yan Sun, Yiyuan Xing, Xufan Xiong, Tianduo Hao Poster |Paper
4 Ship identification in sateklite Images Weilun Zhang, Zhaoliang Zheng, Mingchen Mao, Poster (Paper
5 Fruit Recognition Eskil Jarslkog, Richard Wang, Joel Andersson Poster (Paper
6 RSNA Bone Age Prediction JZl;]alil Camilo Castillo, Yitian Tong, Jiyang Zhao, Fengcan Poster [Paper
7 Facial Expression Classification into Emotions gﬁ;‘; Orozco, Christopher Lee, Yevgeniy Arabadzhi, Deval Poster |Paper
8 Urban Scene Segmentation for Autonomous Vehicles g;:la(f’-ir(l?hcn Huang, Eddie Tseng, Ping-Chun Chiang, Chih- Poster (Paper
9 Face Detection Using Deep Learning Yu Shen, Kuan-Wei Chen, Yizhou Hao, Min Hsuan Wu Poster [Paper
10 Understanding the Amazon Rainforest using Neural Naveen Dharshana Ketagoda, Christian Jonathan Koguchi, Poster [Paper
Networks Niral Lalit Pathak, Samuel Sunarjo LOSTEL | Tapet
11 Mercedes-Benz Bench Test Time Estimation Lanjihong Ma, Kexiong Wu, Bo Xiao, Zihang Yu Poster (Paper
. . _— Osman Cihan Kilinc, Kazim Ergun, Yuming Qiao,
12 Vegetation Classification in Hyperspectral Image Fengjunyan Li Poster [Paper
13 Threat Detection Using AlexNet on TSA scans Amartya Bhattacharyya, Christine H Lind, Rahul Shirpurkar [Poster |Paper
14 Flagellates Classification via Transfer Learning Eric Ho, Brian Henriquez, Jeffrey Yeung Poster (Paper
15 Biomedical Image Segmentation Lucas Tindall, Amir Persekian, Max Jiao Poster [Paper
16 (‘gzﬁ’)‘?akes using Generative Adversarial Networks ..\ ;210 Shen, Ruixian Liu, Ju Bai, Zheng Li Poster [Paper
17 g:tgwl(;)rk Cassification via Convelutional Neural Yizhou Chen; Xiaotong Chen; Xuanzhen Xu Poster |Paper
18 Dog Breed Identification Wenting Shi, Jiaquan Chen, Fangyu Liu, Muyun Liu Poster |Paper
19 Impact of Skewed Distributions on an Automated Will Chapman, Emal Fatima, William Jenkins, Steven Tien, Poster |Paner
Plankton Classifier Shawheen Tosifian pe
amn Diland Al Matnntinem ssndnnae Qinala chat AfuléiDace Matantnase Tacrasn ~ LTl Dactaw IDanaw
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Parametric Approach: Linear Classifier
_ PR _ W POYI)P(X) W)= Wi +1B] 10s
e Ay PGY) B (:(0x1)10x3072 e )
| = flxW) = e g
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X1G)p(G
o(Cy[x) = N|o( S )P(G)
k=1 P(X[G)p(G)
exp(an)
-1 €xp(a)
with

an = In( p(x]|G)p(Gh))
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_ . expla) 1
1 explax)  1+exp(! a)
with
1 PXICOP(G)

P(X|G&)p(G)
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N
1
L(p|lq) ~ Nz::{ In q(x,]0) + Inp(x,,)}

KL(pllq) = 0 KL(p|lq) # KL(q||p)
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https://www.tensorflow.org/versions/r2.0/api_docs/python/tf/losses/CategoricalCrossentropy
https://www.tensorflow.org/versions/r2.0/api_docs/python/tf/losses/CategoricalCrossentropy
https://pytorch.org/docs/stable/nn.html
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Reminder: 1x1 convolutions

preserves spatial
dimensions, reduces depth!

Projects depth to lower
dimension (combination of
feature maps)

1x1 CONV
56 with 32 filters

(each filter has size
1x1x64, and performs a
64-dimensional dot

56 product)

64 32

Summary: CNN Architectures

Case Studies
- AlexNet
- VGG
- GooglLeNet
- ResNet

56

56



Case Study: ResNet

[He et al., 2015]

Very deep networks using residual
connections

- 152-layer model for ImageNet

- ILSVRC’15 classification winner
(3.57% top 5 error)

- Swept all classification and
detection competitions in
ILSVRC’15 and COCQO’15!

Softmax ]
FC 1000 ]
Pool |

]

3x3 conv 64
3x3 conv, 64

1 3x3 conv, 64 |
relu X ny, 64

F(X) + X L_3x3conv.64 ]

X nv, 64

3x3 conv, 128 I>
3x3 conv, 128 |
3x3 conv, 128 |
3x3 conv, 128 |

F(x) 1 relu ide)rftity

3x3 conv, 128 |
3x3 conv, 128 /2 |

3x3 cony, 64 |
3x3 conv, 64

3x3 conv, 64 |

Residual block oo O

3x3 conv. 64 |
3x3 conv, 64 ]

—

Pool ]

Input ]




Case Study: ResNet

[He et al., 2015]

What happens when we continue stacking deeper layers on a “plain” convolutional
neural network?

56-layer
56-layer

Training error
Test error

[terations [terations

S6-layer model performs worse on both training and test error
-> The deeper model performs worse, but it's not caused by overfitting!

Hypothesis: the problem is an optimization problem, deeper models are harder to
optimize



Case Study: ResNet

[He et al., 2015]

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping

H(x) = F(x) + x T relu
Ho < TR
Use layers to
fit residual
X F(x) = H(x) - x
relu RO Wrelu identity in(st)ead (()f)
| H(x) directly
X X

“Plain” layers Residual block
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k(x,x) =1 (x)T! (x'). (6.1)
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We might want to consider something more complicated than a linear mod:

*

+
Example 1 : [x,x@71 1 )[x(l),x(z)] = x(M2 x@2 x1)x(@)’

D"4#'0(*#"+$"%60" @& 1D+VS(+"#O+9&+
BOME&+043 #* %50))*4*& +#"+(6&+

¢
//\
(:0")4# &1 +=H#*"()/ / /

C*(6+(6&+;&:"&5+(:*%;D+9&+Y$)(+"&&l+ Input Space Feature Space

B(CAD) $ E1C6 E 1D6

k(x,x)="1 (x)"! (x'). (6.1)
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This is what a Gaussian process
posterior looks like with 4 data points
and a squared exponential
covariance function. The bold blue
line is the predictive mean, while the
light blue shade is the predictive
uncertainty (2 standard deviations).
The model uncertainty is small near
the data, and increases as we move

away from the data points.

th = yn+ I

f(x)! GP(m(x),! (x,x"))

5 0 5 5 a 5

(a) (b}

Figure 15.2 Left: some functions sampled from a GP prior with SE kernel. Right: some samples from a GP
posterior, after conditioning on 5 noise-free observations. The shaded area represents [E | f(x)] +2std( f(x).
Based on Figure 2.2 of (Rasmussen and Williams 2006). Figure generated by gprDemoNoiseFree.
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e (Gaussian Kernel
1
k(x,x") = exp (— > (x — 22 1(x— x'))

Diagonal X: (this gives ARD)
N 2
1 X; —X;
k(x,x') = exp ——Z( — )
2 i 0;

Isotropic o7 gives an RBF

20°

x — x'||5
k(x,x") = exp( | ”2>
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e (Gaussian Kernel
1
k(x,x") = exp (— > (x — 22 1(x— x'))

Diagonal X: (this gives ARD)
N 2
1 X; —X;
k(x,x') = exp ——Z( — )
2 i 0;

Isotropic o7 gives an RBF

20°

x — x'||5
k(x,x") = exp( | ”2>
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Example 4 :
! #! #

Iln Iln

k(x,z) = (x'z+ 0)?= xWz0) + ¢ xz + ¢

j=1 1=1
lln lln lln
xWxM 720 4 o6 xU)Z0) 4 2
j=1 1=1 j=1
"n . . s H
(xWx®)(z0)zMy + ( 2cxU)( 2cd)) + &
j,1=1 =1

and in n = 3 dimensions, one possible feature map is:

_ o #_
| (x) = [xW2, xDx@) ...,X(S)Z,# 2cx) - 2ex@ - 2ex®

and c controls the relative weight of the linear and quadratic terms in the innei
product.

Even more generally, if you wanted to, you could choose the kernel to be a
higher power of the regular inner product.



Can be inner product imPnitedimensional space
Assumex ! Rt and! > 0.

g " X — e (%" %)% — e I xZ+21 X" | x*

! 2! Xi X + (2! Xin)2 + (2! Xin)3

— A X2 X2 4 A A4
—e i 1+ Qt! #2! » 3l +#aaa
.. 21 21 21)2 21)2
—e I 1 14 @X' a ot er 2.) X & (2.) X
# . "
(21)° 5. (2')° 3 ) T
+ 3 x> & 3 xJ +aaa="(x) "(x),
where
S ey, ey, ”
" (X) — e" !XZ 1, FX, ( ) X2, ( ) X3,éé.é. .

2! 3!

O
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http://playground.tensorflow.org/

Sparse Bayesian Learning (SBL)

Model : y = Ax+n
Prior : x ~ N (x;0,I")
I' = diag(v1,...,7Mm)
Likelihood : p(y|x) = N (y; Ax, oLy)

g
. -

- HE EEN
v

Evidence : p(y) = [ p(yX)p(x)dx = A'(¥;0,Z)

X

¥, = oIy + ATAY

SBL solution : I' = arg max p(y)
r

= arg min { log |2, | +sz;ly}
r

M.E.Tipping, " Sparse Bayesian learning and the relevance vector machine,” Journal of Machine Learning Research,
June 2001.
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wx+b=0
soif wx“+b>0 sayits a positive case

and if wx°+b<0 sayits a negative case

y=-1

margin



's0  ®f Discriminant functions

y<0 R, The planar decision surface
In data-space for the simple

linear discriminant function:

W X+WO > ()

Distance fromplane /= Xt r 7/%*’%/’1

g)( '-'—U(/‘T)’(L T e\

r= l—%/_/ N —Tiven,
| -
l2 o tr flvy,
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argmin ="w"*  O$VY &Y%o(+(#

w ,b g
th w'l (Xxp)+ b ! 1, n=1,..., N. (7.5)
Walll ] " #\l
SO@-O @&+4$ %(*L#v,b,a)= %"W"Z# an $tn(WT! (Xn) + b) # 1% (7.7)
n=1
* o LN LS S AN
< 44&& ( O( # w = antn! (Xn) (7.8)
"
0 = antn. (7.9)
<$05+:&=:&)&"(O(*#" ’
N "N “N
L@= a,! % anamtntmK(Xn, Xm) (7.10)

with respect t@ subject to the constraints

a, ! 0, n=1,..., N, (7.11)
N

antn = 0. (7.12)
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a, ! O (7.14)

thy(xp)! 1 ! 0 (7.15)

an {thy(xp)! 1} = 0. (7.16)

i, eithey, = 0 orthy(xn) = 1.
N O#5M*"'@+4+#:+0
#
w = antn! (Xn) (7.8)

n=1

N L:&1*%(*#"

N
y(X) = antnk(x,xn) + b. (7.13)

n=1
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Figure 14.10 (a) Illustration of £5, Huber and e-insensitive loss functions, where ¢ = 1.5. Figure generated
by huberLossDemo (b) Illustration of the e-tube used in SVM regression. Points above the tube have
& > 0 and & = 0. Points below the tube have & = 0 and & > 0. Points inside the tube have
& = & = 0. Based on Figure 7.7 of (Bishop 2006a).
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Finding the Decision Function S5*V)M

@ W: maybeinPnitevariables
@ The dualproblem

: 1 T
mnopt Qe P#::&)=#"1)+ (#+
subjectto 0" !';" C,i=1,...,l 3>*)6#:+-/|28
=0 C*(6+2h(
whereQ; = viy;" (i)' " (x) ande=1[1,...,1]

@ At optimum
I

w= it (x)

o A Pniteproblem: #variables = #training data,

Using these results to eliminate, b, and{!,} from the Lagrangian, we obtain the
dual Lagrangian in the form

IN
L@a)= a!

n=1 n=1 m=1

!N !N
anamtntmK(Xn,Xm) (7.32)
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